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ABSTRACT 
 

Evaluating anti-cancer drugs in vitro is an important aspect of the drug 

development pipeline. When evaluating anti-cancer drugs, two different 

measurements are used: relative viability, which scores an amalgam of 

proliferative arrest and cell death, and fractional viability, which specifically scores 

the degree of cell killing. These two metrics are often used interchangeably despite 

measuring different aspects of a drug response. This study explored the 

relationship between drug-induced growth inhibition and cell death, and found that 

most drugs affect both proliferation and death, but in different proportions, and with 

different relative timing. This causes a non-uniform relationship between relative 

and fractional response measurements. To unify these measurements, I created a 

data visualization and analysis platform, called drug GRADE, which characterizes 

the degree to which death contributes to an observed drug response. GRADE 

captures drug- and genotype-specific responses, which are not captured using 

traditional pharmaco-metrics.  

Current in vitro anti-cancer drug evaluation practices measure drug 

responses with cancer cell lines in mono-culture. However, many cell types in the 

tumor microenvironment influence cancer’s drug response and disease 

progression. Therefore, current drug evaluation practices overlook complex cell-

cell interactions that influence cancer’s drug response. In this study, I developed a 

high-throughput assay to study the effect of another cell type (cytotoxic T cells) on 

cancer viability in co-culture, in vitro. Further, I developed a reference framework 
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to model the complex interaction between cancer cells and cytotoxic T cells, and 

to model how T cell-mediated cell death is modulated by anti-cancer drug 

treatment. Taken together, this study highlights two new methods which enable 

better in vitro evaluation of drug responses in cancer. 
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I. CHAPTER I. INTRODUCTION 

I.A CURRENT CANCER THERAPIES 

I.A.1 Non-chemotherapeutic cancer treatments 

Cancer treatment options have vastly expanded since the discovery of cancer. 

The oldest form of cancer treatment is surgical intervention, the ideal treatment for 

many forms of cancer.1 However, surgical intervention is not always a viable 

treatment option. Many factors, such as cancer type, stage, metastatic potential, 

and accessibility, render surgery infeasible.2 

Much effort has been spent creating therapies to treat tumors that are 

surgically inviable. One such treatment is radiotherapy (RT). RT uses radiation to 

induce double-stranded breaks in the DNA of cells.3 These breaks initiate the DNA 

damage response and ultimately cause apoptosis if enough damage 

accumulates.4 However, sensitivity to DNA damage is tumor-type dependent. 

Thus, RT cannot be used to treat all cancer.  

I.A.2 A brief history of chemotherapy 

Another approach to cancer treatment is the use of chemotherapies. 

Chemotherapies are small molecules that target properties specific to cancer cells. 

The first-implemented chemotherapies were derivatives of mustard gas. These 

mustard gas analogs caused high levels of DNA damage, which initiated 

apoptosis.1 Clinical success of these early chemotherapies was originally 

attributed to their ability to preferentially target fast growing cells. Cancer cells often 

display a dysregulated cell cycle; they cannot properly arrest to fix broken DNA. 
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Conversely, normal cells are capable of cell cycle arrest and DNA damage repair. 

This discrepancy in cell cycle regulation seemed to explain why early 

chemotherapies preferentially affected faster-growing cancerous cells.5 However, 

this theory was later debunked. In reality, DNA damaging chemotherapies 

preferentially affect cells that are more primed for apoptosis, not cells that grow 

faster. There are many types of cancers with fast proliferation rates, but little-to-no 

sensitivity to DNA damage. On the other hand, there are some normal cell types, 

such as immune cells, that have higher levels of apoptotic priming than some 

cancers.6  

I.A.3 Classes of chemotherapy 

Chemotherapies can be broken down into specialized drug classes: endocrine 

therapies, targeted therapies, and immunotherapies. Drugs that fall under these 

headings are considered specialized because they are designed to target cancer-

specific phenotypes. For example, when the hormone estrogen binds to its 

receptor, the subsequent signaling activates cell growth. This signaling is 

abrogated if the binding site of the hormone receptor is blocked with a small 

molecule that mimics the hormone. By inhibiting the hormone receptor binding, 

endocrine therapies stop cancer cells which are reliant on hormone receptors for 

growth signaling.7 For example, Her2+ breast cancers are highly reliant on 

hormone receptors, making them excellent targets for endocrine therapies.8  Since 

most normal cells within the body do not require hormone receptors for growth 

signaling, these therapies have little effect on normal tissue.  
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I.A.4 Targeted therapies 

Targeted therapies are another specialized class of chemotherapy. This class 

is comprised of small molecules or monoclonal-antibodies that effect targets 

unique to cancer cells. Cancer-specific dependence on these targets can arise 

when the protein is solely expressed in cancer cells. For example, chronic myeloid 

leukemia (CML) is driven by the expression of a single protein, BCR-ABL1. BCR-

ABL1 is a fusion protein which does not exist in normal tissue.9 Thus, in CML, only 

the cancer cells express BCR-ABL1, making this protein ideal for targeted therapy. 

The targeted therapy for CML (imatinib) is incredibly effective in treating the 

disease and has little effect on healthy hematopoietic cells at relatively high 

doses.9 Unfortunately, most cancers are not driven by the expression of a single 

cancer-specific protein. 

Targeted therapies can also work when normal cells are not dependent on the 

activity of a protein that is driving cancer growth and survival. Kinase inhibitors are 

often used to target proteins which cancer cells have a unique dependence on for 

survival. For example, non-small cell lung cancer (NSCLC) is treated with the 

receptor tyrosine kinase inhibitor erlotinib, which targets the epidermal growth 

factor receptor (EGFR). While normal cells can tolerate the inhibition of EGFR by 

using other methods to signal growth, NSCLC cannot, thus makes NSCLC 

particularly responsive to EGFR inhibition.10 Kinase inhibitors are also used to 

target cell cycle proteins as a hallmark of cancer is a dysregulated cell cycle. 

Cancer cells often evade the regulation required to pause or exit the cell cycle.5 As 
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such, the cyclin-dependent kinases (CDKs), which drive cell cycle progression, are 

often targeted to specifically inhibit cancer growth. Normal cells can tolerate 

inhibition of certain CDKs and the subsequent pause in cell cycle progression. For 

instance, the CDK 4/6 inhibitor Palbociclib is a first-line treatment for advanced or 

metastatic luminal breast cancer.11 However, targeted therapies fail in cases 

where a clear cancer-specific protein does not exist.  

I.A.5 Immunotherapies 

The newest form of specialized chemotherapy is immunotherapy. 

Immunotherapies are a unique class of chemotherapy that function by activating 

the immune system to target cancer cells, rather than killing the cancer cell 

directly.12 Immunotherapies broadly fall into two different classes: immune 

checkpoint inhibitors (ICIs) and engineered immune cells. ICIs inhibit immune 

response suppression, which is upregulated by many cancers. Upon inhibition of 

this immune suppression, native cytotoxic immune cells (CD8+ T cells and natural 

killer (NK) cells) are able to detect, attack, and kill cancer cells.13,14 The other class 

of immunotherapy, engineered immune cells, involves training to host’s immune 

system to recognize the cancer. CD8+ T cells or NK cells are removed from the 

patient’s body and engineered to express a chimeric antigen receptor (CAR) that 

specifically recognizes an antigen expressed on the cancer cell. These CAR cells 

are then re-introduced into the patient’s body, where they are able to detect and 

kill the cancer cells.15,16 Immunotherapies are highly effective therapies and lead 

to rapid cancer clearance as well as durable cancer remission.13,14  However, 
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immunotherapies do not work for all types of cancer or in all patients. For example, 

engineered immune cells fail in instances where they cannot access the cancer 

cells, as is the case for most solid tumors.17 Further, solid tumors frequently 

possess highly hypoxic environments, which are not conducive to immune cell 

health or function.18 Finally, not all cancers express an antigen that can be uniquely 

targeted by immunotherapies.13,15,19  

I.B COMMON MECHANISMS OF DRUG RESISTANCE 
Even if a cancer can be treated with one of the therapies mentioned above, 

cancer is still able to adapt and become resistant.5 Therefore, we require continued 

development of novel therapeutic strategies to effectively treat cancer. Importantly, 

these strategies must consider the mechanisms of drug resistance that cancers 

use to evade treatment. These mechanisms of drug resistance range from 

disease-wide heterogeneity to intra-cellular adaptations, such as transcriptional 

rewiring.  

I.B.1 Clonal heterogeneity 

While many consider cancer to be a homogenous disease, there is a great 

deal of heterogeneity amongst the cancer cells. Often, multiple cancer clones 

develop throughout disease progression.20 These unique cancer clones can have 

different levels of sensitivity to a given chemotherapy, leading to a non-uniform 

drug response. After sensitive clones die from a given treatment, insensitive clones 

are able to grow out. This causes the disease to develop into a more resistant, 

more aggressive state that will no longer respond to the original therapy.21,22  



6 

 

I.B.2 Transcriptional rewiring 

On a cellular level, drug resistance can stem from transcriptional rewiring. 

Transcriptional rewiring occurs when a cell transcriptionally up- or down- regulates 

cellular programs to adapt to their environment.23 For example, cancers can avoid 

targeted kinase inhibitors by transcriptionally down-regulating the inhibitor’s target 

gene.24 Cancer cells also upregulate drug pumps to develop drug resistance. 

Mammalian cells can express ATP-driven transporters, such as the multidrug 

resistance P-glycoprotein, which hydrolyze ATP to drive the efflux of drugs and 

other toxic molecules.25 Upregulation of these drug pumps eliminate 

chemotherapies from the cell, allowing the cells to experience a much lower 

effective dose of drug.  

I.B.3 Transient drug resistance 

Cancer cells can also develop drug resistance by transiently rewiring their 

cellular processes to cope with a chemotherapeutic stress. Once the stress is 

removed, the cancer cell population returns to a normal state. Transient rewiring 

or adaptation is not heritable and the cell population will be equally sensitive to 

drug treatment when rechallenged. No single clone grows out and overwhelms the 

cancer population. The cancer cell population will return to a similar distribution of 

cell states as before drug treatment. 26–29 

I.B.4 Immune evasion 

Finally, cancer can resist death via the immune system using several 

distinct mechanisms, which fall under the term “immune evasion”. Cancer cells can 

release molecules, such as cytokines or adenosine, that dampen the activation 
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and killing-capacity of nearby immune cells.18 Cancer cells can also upregulate the 

expression of immune checkpoint ligands (PD-L1 and PD-L2), which are then 

presented on the surface of the cancer cells. These ligands interact with immune 

checkpoint receptors (PD-1 and CTLA-4) expressed on the surfaces of cytotoxic T 

cells and NK cells. Upon ligand binding, these receptors initiate a signaling 

cascade within the immune cell that dampens the immune response and initiates 

immune cell death.5 Ultimately, this helps the tumor to avoid immune detection and 

response.  

I.C PRE-CLINICAL EVALUATION OF DRUG RESPONSE 
It is necessary to fully characterize drugs in vitro before testing them in vivo or 

in a clinical setting. Full in vitro characterization of a therapeutic includes defining 

the dose-response curve, the pharmacological parameters (50% inhibitory 

concentration, IC50), the drug target, and the mechanism of action. Definition of 

these parameters facilitates experimental design for subsequent in vivo and clinical 

studies. However, more than 90% of cancer therapeutics validated in vitro fail in 

the clinical setting, demonstrating that in vitro data cannot predict in vivo response 

or clinical success.30   

Many factors contribute to the discrepancy between in vitro and in vivo 

efficacy. Although cancer cell lines share morphology and possess the same 

transcriptional profile as in vivo counterparts, in vitro systems do not perfectly 

mimic in vivo systems; thus, one cannot be used in place of the other.31,32  

Therefore, cancer cells lines fail to recapitulate the tumor heterogeneity seen in 
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vivo. Further, the same cancer cell line can vary massively between labs. 

Differences in cell lines between labs increases the variation in drug responses. 33 

These arguments highlight a need to improve our current systems for in vitro drug 

evaluation; ideally defining a new way to characterize drugs in vitro that better 

recapitulates responses seen in in vivo systems. 

I.D HOW DO CELLS RESPOND TO DRUGS? 

I.D.1 Growth arrest 

Cells can respond to a drug in two different ways: growth arrest or cell death. 

Growth arrest occurs when a cell pauses, or exits, the cell cycle in order to adapt 

to a perturbation. Canonically, cells initiate a growth arrest if they are dividing in 

suboptimal conditions, or if they detect damage within the cell.34 Cells will also 

growth arrest if the proteins that regulate the cell cycle are inhibited, if growth factor 

signaling pathways are inhibited, or if stress response pathways are activated. For 

example, in response to DNA damage, a cell will pause to fix the damage before 

proceeding with DNA replication. This ensures that the resulting daughter cells 

have the correct genetic information to function properly.10,34 If the cell is able to 

adapt to the perturbation, it will re-enter the cell cycle. However, some 

perturbations can stop a cell from dividing.35,36 Cells will initiate growth arrest for 

many reasons.  

Cancer cells do not have the same cell cycle regulatory machinery as normal 

cells. As a result, unperturbed cancer cells will continue to grow in conditions that 

would cause normal cells to growth arrest or exit the cell cycle.5 However, some 
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frequently used chemotherapeutic classes such as DNA damaging drugs, cell 

cycle protein inhibitors (cyclin-dependent kinase inhibitors), and growth signaling 

pathway inhibitors (EGFR inhibitors, kinase inhibitors) can cause cancer cells to 

undergo a growth arrest.10,11,37,38 Importantly, achieving growth arrest in a tumor is 

clinically relevant. While growth arrest does not kill the cancer cell, it often results 

in an extended survival window for patients.35 Unfortunately, cancers are often 

heterogenous and thus not all cancer clones will respond with the same sensitivity 

to a chemotherapy. As a result, while some clones may growth arrest in response 

to a drug, other clones will continue growing and mutating, leading to a more 

resistant form of disease. 

I.D.2 Cell death 

Cells can also respond to a drug by initiating cell death. Cell death can be 

classified into two categories: regulated cell death (RCD) or accidental cell death 

(ACD). RCD refers to cell death that has a specific signaling cascade executed by 

a specific set of molecules. Importantly, this process is regulatable. On the other 

hand, ACD occurs as the result of a perturbation so strong that the resulting cell 

death is unregulatable.39 Some types of RCD have a physiological purpose, such 

as apoptosis. Apoptosis is a cell’s programmed method of death when the cell 

becomes too old or too damaged to continue producing productive progeny. 

Apoptotic death involves the dying cell carefully packaging its contents to prevent 

the cell corpse from initiating an immune response. Billions of cells in the human 

body die every day via apoptosis.40,41  
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Early chemotherapies worked by initiating apoptosis in cells. Unfortunately, 

cancer cells often have mutated or dysregulated apoptotic machinery. Cancer cells 

will continue growing and dividing past the point at which they would normally kill 

themselves via apoptosis. Therefore, these early chemotherapies often had poor 

efficacy in inducing cell death.1,5 As our understanding of the different types of cell 

death has increased, more work has gone into developing chemotherapies that 

specifically target and turn on cell death machinery. For example, Abt-737 is a 

BH3-mimetic that causes mitochondrial outer-membrane permeabilization, which 

specifically initiates apoptosis. However, normal cell types can have similar levels 

of sensitivity to cell death-inducing stimuli as cancers.42,43 Further, cell death drugs 

that induce inflammatory types of cell death are even more dangerous due to their 

ability to cause an immune response. High levels of inflammatory cell death will 

over-activate the immune system, potentially leading to patient death.44 

I.D.3 Clinical drug evaluation  

Chemotherapy can cause both growth arrest and cell death in cancer cells. 

However, it is unclear which drug response is preferable. Growth arrest can extend 

the patient’s survival window, but can also allow resistant clones to grow out.5 

Theoretically, cell death should lead to a more durable response. Sensitive cells 

will die, given enough time and enough exposure to the drug. However, resistant 

clones will not die and continue growing. Further, not all cancers respond to 

cytotoxic agents. For example, acute lymphoblastic leukemias are incredibly 
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susceptible to death via apoptosis. However, other cancer types, such as renal 

cancer, are far less susceptible to apoptotic stimuli.6  

Ultimately, to understand a drug response, we need to measure the resultant 

levels of cell death AND growth arrest in a tumor. Existing methods used to 

evaluate tumor response in vivo cannot parse between growth arrest and cell 

death. The current methods use tumor size as a proxy for drug response. Loss of 

tumor mass relative to starting size indicates that some of the cancer cells have 

died. However, progression-free survival, meaning the tumor has not changed 

mass relative to its starting size, can be attributed to growth arrest. 45 Or partial cell 

death could occur in the tumor, but the surviving cells grow at a commensurate 

rate, thus maintaining a stable tumor size. Ultimately, any tumor growth that is less 

than untreated disease progression could result from an infinite space of growth 

arrest and cell death combinations.  

I.E CURRENT IN VITRO METHODS OF DRUG RESPONSE MEASUREMENT 

I.E.1 Relative viability 

Currently, drug responses are measured in two different ways: relative viability 

(RV) and fractional viability (FV). The predominant method, RV, compares the 

number of live cells in a drug treated condition to the number of live cells in an 

untreated or vehicle control condition. Relative viability is also referred to as 

percent viability, percent survival, drug sensitivity, or percent cytotoxicity. RV is 

often used due to ease of measurement (i.e., Cell Titer Glo, crystal violet, MTT, 

Alomar blue, and colony formation assays). Importantly, these methods are well-
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adapted for use in high-throughput assays. The other method, FV, compares the 

number of live cells to the number of total cells, both live and dead, in the treated 

population. The resulting fraction is also referred to as viable fraction, percent of 

cells, or percent cell death.38  

RV dose response data can be used to generate useful pharmacological 

metrics. One such metric is IC50 (50% inhibitory concentration) which signifies the 

drug dose at which there are half as many live cells than the untreated control. 

IC50 metrics cannot be generated if the treated cell population never reaches half 

the size of the untreated population. Therefore, it is more common to use EC50 

(50% effective inhibitory concentration), which reports the drug dose that is half as 

potent as the maximum potency of the drug. For example, if the maximal dose 

tested yields an RV of 0.6, the treated condition has only 60% of the live cells 

present as in the untreated condition. In this example, the EC50 would fall at the 

dose which yields an RV = 0.8, because that dose is half as potent as the 

maximally potent dose. However, that same dose would be considered the IC20, 

since the treated population has 20% less live cells than the untreated 

population.46  

I.E.2 Fractional viability 

Like RV, FV dose response data can be used to generate useful 

pharmacological metrics, such as IC50 and EC50 measurements. In the case of 

FV, IC50 represents the concentration at which half of the cell population is dead, 

while EC50 presents the concentration at which half the maximal cell death has 
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occurred.37 FV is also used in its inverse form, called lethal fraction (LF). LF 

represents to the fraction of dead cells in a cell population relative to the total 

number of cells in that population. LF is particularly useful for measuring the 

degree of cell death occurring in a population over time. Therefore, cell death 

kinetics are usually represented using LF. When LF kinetic data is fit to models of 

lag-exponential cell death, the fitted data generates useful metrics such as death 

onset time, maximal death rate, maximal death achieved, and the area under the 

death kinetic curve.47  

Unfortunately, FV metrics are less frequently generated than RV metrics 

because there are fewer commercial assays available to easily evaluate FV, as FV 

requires the measurement of both live and dead cells. Historically, concurrent live 

and dead cell measurements could only be made using flow cytometry using 

Live/Dead Fixable dyes or propidium iodide, or with quantitative microscope.48 

Although these methods generate high quality single-cell data, they have severe 

throughput limitations, making the generation of large-scale cell death 

measurements cumbersome. Further, both flow cytometry and quantitative 

microscopy often require sample fixation, making it impossible to monitor the 

amount of cell death present within a sample over time.47 

However, the invention of the SYTOX and YOYO-1 dyes have made 

measuring dead cell numbers more accessible.48 These cell impermeant dyes 

fluorescence 1000x more brightly when they bind to DNA than when not bound to 

DNA.49 Thus, they only fluoresce brightly when the cell membrane breaks down 
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during death. The measure of fluorescence is proportional to the number of dead 

cells present within the sample. Work in our lab has improved upon these assays 

to concurrently capture live cell measurements. Live cell numbers can be inferred 

by killing all cells at the end of the assay and measuring the corresponding total 

cell fluorescence. By subtracting the endpoint dead cell fluorescence from the 

endpoint total cell fluorescence, one can calculate the endpoint live cell 

fluorescence. Further, one can use the total cell fluorescence at the assay start to 

back-calculate the total number of cells present at intermediate time points. This 

powerful method allows for calculating both RV and FV from the same assay.50 

Importantly, these dyes are well-adapted for use in a plate reader, and are stable 

in a cell culture environment, making them excellent to use in high throughput 

assays where cell death is monitored over time.49,51 Together, RV and FV are 

powerful tools for evaluating new drugs. 

I.F COMMON MISTAKES AND ASSUMPTIONS WHEN EVALUATING IN VITRO 

DRUG RESPONSES 
 

I.F.1 RV and FV are NOT interchangeable 

Perhaps the most common mistake made when evaluating in vitro drug 

responses is equating RV and FV measures. These two measures are often used 

interchangeably, but they are not the same. RV measures the ratio of live cells in 

a treated population compared to the live cells in an untreated population.52 FV 

measures the ratio of live cells compared to the total number of cells within the 
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same treated population. Thus, RV measures an amalgam of both growth arrest 

and cell death, while FV is solely a measure of cell death. 38  

I.F.2 Growth rate as a confounding factor 

Another common mistake comes from ignoring the influence differing growth 

rates across cell lines on drug response measurements. RV in particular is heavily 

influenced by variation in growth rate across cell lines. Cell lines with faster growth 

rates will have proportionally larger changes in RV when exposed to a cytostatic 

drug than cell lines with slower growth rates.  For example, a cytostatic drug in a 

cell line that doubles every 24 hours will have an RV of 0.125 after three days of 

drug treatment. However, if you test that same cytostatic drug in a cell line that 

doubles every 36 hours, by the end of a three-day experiment, the RV is 0.25. 

These results suggest that the drug is less efficacious in the second cell line. In 

reality, the drug is equally efficacious in both cell lines, and the difference in RV 

measure is a result of the variation in growth rate across the two cell lines. A new 

metric, Growth Rate inhibition (GR), addresses this issue by scaling RV relative to 

the number of cells present at the beginning of the assay. By scaling relative to 

starting cell number, GR allows comparison of RV-based measurements across 

cell lines with different growth rates.53 GR is the current gold standard metric used 

to evaluate drug responses in vitro, especially when comparing metrics between 

different cell lines.  
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I.F.3 Cytostasis and cytotoxicity are not mutually exclusive   

While GR addresses a common mistake in the in vitro evaluation of drug 

responses, it does not account for another common assumption: a drug can only 

have a single action and can only illicit a single response. This misconception 

assumes that the drug can only function in a single way at a specific dose: it is 

cytostatic, OR is cytotoxic. A GR value between 0 and 1 indicates that there are 

more cells present in the treated condition at the assay endpoint relative to the 

start, but there are still fewer cells than the untreated condition. As stated in the 

GR paper, “GR value…lies between 0 and 1 in the case of partial growth 

inhibition…”.52 This assumes that a drug dose that yields a GR value between 0 

and 1 must act via growth rate inhibition alone. But it can also be achieved with a 

partially cytotoxic drug that causes cell death in a subset of cells, while the 

remaining cells continue growing normally. This example would also yield a GR 

value between 0 and 1, suggesting that intermediate phenotypes exist; drugs can 

be cytostatic AND cytotoxic.38  

I.F.4 Drugs can derive efficacy from off-target effects 

Another common assumption with in vitro drug evaluation is that targeted 

therapies are mono-phasic; regardless of dose, a targeted therapy always has the 

same mechanism of action.  Under this assumption, the proportional increase in 

drug potency relative to increasing drug dose is due to increasing inhibition of the 

drug’s binding target.54 However, recent work has shown that therapeutic doses of 

many targeted therapies derive their efficacy from off-target binding. For example, 

the CDK 4/6 inhibitor (abemaciclib) derives its cytotoxicity from its inhibition of off-
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target CDKs and kinases. Similarly, a mTOR inhibitor (Torin2) derives its efficacy 

from its inhibition of PI3K-like kinases, in addition to mTOR. It is important to note 

that drug mechanism of action can change depending on drug dose. A drug may 

preferentially inhibit its target at low doses but, once the target is saturated, then 

inhibit other off-target proteins at higher doses.11,55 These are important facets of 

drug action that we must take into consideration when evaluating drugs in vitro.  

I.F.5 Faults in the drug discovery pipeline 

Many of these common mistakes and assumption come into play in the drug 

discovery pipeline for targeted therapies. The discovery pipeline, in general, starts 

with the identification of a compound for its binding affinity to the driving enzyme 

of a particular cancer genotype. The compound’s efficacy is evaluating by testing 

a dose range of the compound in an in vitro viability assay. Usually, viability is 

evaluated using RV or GR, and not with a cell death-specific metric like FV. Next, 

the specificity of the compound to its target is established in a separate assay. 

Then, the compound is moved in vivo to test its efficacy in a mouse model of the 

target cancer genotype. Efficacy in vivo is evaluated using tumor size and 

progression-free survival as markers of animal viability.48,56  

Unfortunately, there are many instances in this pipeline where mistakes in 

evaluating drug responses can lead to the formation of false assumptions about a 

drug’s efficacy or mechanism of action. For example, just because a drug binds to 

the target of interest does not mean that the drug derives its efficacy through that 

interaction. Many studies have demonstrated that targeted therapies derive their 
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efficacy via off-target interactions.11,30,55 Further, this pipeline fails to confirm that 

the desired dose in the in vivo environment is akin to that same dose in the in vitro 

environment. Not only do we have to consider how drugs are metabolized by the 

body, but we also have to consider the different aspects of the tumor 

microenvironment that can affect how a drug is “seen” by cancer. For example, 

bacteria within the tumor microenvironment can both protect cancer cells from 

drug, but also modulate cancer growth and development.57–60 Other cells in the 

tumor microenvironment, such as fibroblasts, can influence the susceptibility of 

cancer cells to chemotherapies. The fibroblasts can influence the priming state of 

the cancer cells, making them more or less sensitive to cell death.61,62 Further, the 

effect of the chemotherapy on normal cells is often not evaluated outside of in vivo 

experiments. As our understanding of the tumor microenvironment grows, it is 

increasingly important that we understand how chemotherapies affect the non-

cancerous cells in and around a tumor. With the advent of immunotherapies, it is 

increasingly important that we understand how chemotherapies effect immune 

cells. Immunotherapies are increasingly being used in combination with canonical 

chemotherapies, but without prior evaluation of how the chemotherapy effects 

immune cell health and function.13,15,63–68 This is particularly astounding as studies 

have already demonstrated that immune cells are incredibly susceptible to cell 

death.6,69 By carefully and thoroughly evaluating potential therapies in a few key 

cell types in vitro before moving into in vivo models, we could save a great deal of 
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time and money by not pursuing drugs that will ultimately not work in an in vivo 

setting.   

I.G OVERVIEW OF THESIS 
While there has been great advancement in the development of new cancer 

therapies, there are still many areas that can be improved upon. This thesis will 

focus on improving our methods for evaluating in vitro drug responses. Chapter 

two will focus on exploring the relationship between growth arrest and cell death 

in a drug response, and how these relationships vary across drug, dose, time, and 

genotype. Chapter two will also include the creation of a metric that integrates RV 

and FV data to distinguish distinct phases of a drug response. Chapter three will 

investigate the development of a framework to model interactions between drugs 

and distinct cell types in mixed culture. In particular, chapter three will investigate 

how the relationship between cytotoxic T cells and cancer cells can be modulated 

by different chemotherapies. Finally, chapter four will discuss how these studies 

advance our methods of in vitro drug response evaluation, and comment on where 

further advancement in the field is needed.  
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II. CHAPTER II: DRUG GRADE: AN INTEGRATED 

ANALYSIS OF POPULATION GROWTH AND CELL DEATH 

REVEALS DRUG-SPECIFIC AND CANCER SUBTYPE-

SPECIFIC RESPONSE PROFILES  

II.A INTRODUCTION 
 Precise evaluation of a cell’s response to drug is a critical step in pre-clinical 

drug development. Failures in this process have contributed to issues with 

irreproducibility of phenotypes across experimental platforms, spurious 

associations in precision medicine, and misannotated mechanisms of drug 

action.11,55,70,71 Recent studies continue to reveal that we generally do not know 

how drugs function, even for drugs that are well-studied and precisely 

engineered.30 Traditional methods to evaluate a drug response have relied on 

pharmacological measures of a drug’s dose-response relationship, such as the 

EC50 or IC50. These features are important, but they reveal a biased and 

incomplete insight. Notably, measures of drug potency such as the EC50/IC50 are 

poorly correlated with other important features, such as the maximum response to 

a drug (i.e. drug efficacy).46 Furthermore, measures of drug potency provide 

minimal insights into the mechanisms of drug action. In recent years several drug 

scoring algorithms have been developed to improve the evaluation of 

pharmacological dose-responses, including approaches that facilitate an 

integrated evaluation of drug potency and efficacy.46,72 Additionally, it has now 

been well-demonstrated that differences in proliferation rate between cell types 

were a confounding factor in most prior measurements of drug sensitivity.52 
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Correcting for these artifactual differences in the apparent drug sensitivity 

generates a more rational evaluation, and has identified drug sensitivity-geneotype 

relationships that are missed using traditional methods.52,73  

One issue that has not been explored in detail is the underlying data itself. 

In nearly all cases, drug sensitivity is scored by comparing the relative number of 

live cells in the context of drug treatment to the number of live cells in a vehicle 

control condition. This metric is variably referred to as “relative viability”, “percent 

survival”, “percent viability”, “drug sensitivity”, “normalized cytotoxicity”, etc. 

(hereafter referred to as Relative Viability, or RV). RV is a convenient measure of 

drug response, and can be quantified using most commonly used population-

based assays (e.g. MTT, Cell Titer-Glo, Alomar blue, colony formation, etc.). 

Importantly, changes to relative viability can result from partial or complete arrest 

of cell proliferation, increased cell death, or both of these behaviors.52 Because RV 

is determined entirely from live cells, this measure provides no insights into the 

number of dead cells, or importantly, the relationship between proliferative arrest 

and cell death following application of a drug. When using RV, it is generally 

unclear to what extent a cell population is undergoing proliferative arrest versus 

cell death at a given drug concentration (Figure II-1A). 

 An alternative measure of drug sensitivity exists, in which a drug response 

is quantified as the fractional proportion of live and dead cells in the drug treated 

population (Figure II-1A). This metric is variably called “lethal fraction” (or its 

inverse, “viable fraction”), “percent of cells”, or “percent cell death”, etc. (hereafter 
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referred to as Fractional Viability, or FV). In contrast to RV, FV provides direct 

insights into the degree of cell death within a population. Additionally, FV 

calculations do not require comparison between treated and untreated groups, 

which minimizes issues associated with plating bias, a common issue in multi-well 

assays.74 In spite of these benefits, Fractional Viability is less commonly used, 

because this measure generally requires either extra measurements, or the use of 

an experimental platform that provides single cell data, such as in flow cytometry-

based evaluation of apoptosis, or quantitative microscopy.47,75  

Relative and fractional measures of drug response are often used 

interchangeably, in spite of the fact that these are clearly different metrics.53,76 In 

this study, we explored the relationship between these two common measures of 

drug sensitivity. We find that RV and FV score unique and largely unrelated 

properties of a drug response. RV accurately reports the cell population size but 

not the degree of cell killing. Alternatively, FV exclusively reports drug-induced cell 

death, but does not reveal any insight into the size of the surviving population. By 

directly comparing relative and fractional drug responses, we find that at any given 

dose, most drugs induce a coincident decrease in the cell proliferation rate and an 

increase in the cell death rate. Furthermore, when evaluating across a large panel 

of drugs, we find a non-uniform relationship between inhibition of cell proliferation 

and activation of cell death, spanning the entire continuum of possible behaviors. 

We find that the relative proportion of drug-induced proliferative inhibition versus 

cell death varies by drug, by dose, and by genotype. Furthermore, these features 
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are not captured by traditional pharmaco-metrics such as the EC50/IC50. We 

develop a quantitative analysis platform, called Drug GRADE (Growth Rate 

Adjusted DEath), that captures the timing and relative magnitude of proliferative 

inhibition versus cell death. Evaluation of drug GRADE improves the ability to 

resolve cancer subtype-drug response relationships. Taken together, this study 

highlights the complex and non-uniform relationship between cell proliferation and 

cell death, and provides an analytical framework for understanding these 

relationships.   
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Figure II-1. RV and FV produce largely unrelated insights about drug response (A) Schematic defining 
common ways to quantify drug responses: Fractional Viability (FV) and Relative Viability (RV). (B) Simulated 
data of drug response over time for (i) untreated, (ii and iii) partially cytostatic/cytotoxic, and (iv) fully cytotoxic 
conditions. RV and FV are values are on a scale of 0-1 (RV = 1 means the population is 100% as large as the 
untreated; FV = 1 means the population is 100% alive). (C-K) STACK assay to measure RV and FV. U2OS-
Nuc::mKate2+ cells treated with drug in the presence of SYTOX Green. (C) Representative images from cells 
treated with either DMSO, 3.16 μM Camptothecin (Cam.), or 1 μM Palbociclib (Palbo.). Scale bars in images 
represent 100 microns in length. (D-E) Quantified live and dead cell counts over time for cells treated with 
Cam. (D) or Palbo. (E), as in (C). (F-G) RV dose-response functions for Cam. (F) or Palbo. (G). (H-I) FV dose-
response functions for Cam. (H) or Palbo. (I). (J-K) RV vs. FV at all doses for Cam. (J) or Palbo. (K). For 
panels (D-K), data are mean +/- s.d. of four replicates. (L) RV vs. FV at all doses for 85 cell death/growth 
targeting drugs. Dots for a given drug represent mean response at each tested dose. Dose titration for each 
drug connected by a colored line. (M) RV vs. FV for 1833 Bioactive Compounds, each tested at 5 µM. Data 
in (M) are from Forcina et al. (2017). See also Figure II-2 and Table S1. 
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Figure II-2. The relationship between relative and fractional responses differ by drug, Related to 
Figure II-1. (A) The number of live and dead cells present over a 72-hour time course at different 
concentrations of Camptothecin, a bi-phasic drug. Dashed red and green are live and dead cell numbers for 
control untreated cells, respectively. (B) The number of live and dead cells present over a 72-hour time 
course at different concentrations of Palbociclib (10, 3.16, 1, 0.316, 0.1, 0.0316, or 0.01 µM). For (A) and (B) 
data are mean +/- s.d. of four replicates. (C) The growth rate and death rate calculated using an exponential 
growth model or lag-exponential death model, respectively, for each dose of Camptothecin and Palbociclib 
shown in panels (A) and (B). (D) RV and FV measured for a panel of 85 drugs at different time points as 
indicated. See also Table S1. 
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II.B RESULTS 

II.B.1 Relative Viability and Fractional Viability produce largely unrelated 

insights about drug response  
 

In an effort to gain deeper insights into the mechanisms of action for 

common anti-cancer drugs, we began by exploring the relationship between two 

common measures of drug response: relative viability (RV) and fractional viability 

(FV) (Figure II-1A). A critical difference between these two measures is that RV is 

focused entirely on the live cell population across two conditions (drug-treated and 

untreated), whereas FV includes both live and dead cells, but only in the drug 

treated condition. Additionally, because RV uses an untreated control as a 

reference point, this measure generally cannot distinguish between responses that 

are due to inhibiting proliferation versus those that are due to activating cell 

death.52 Likewise, while decreased FV must require some degree of cell death, it 

is generally unclear if death occurs in a proliferating or inhibited/arrested 

population. Thus, while RV and FV should be correlated, if not identical, at 

extremely strong or weak response levels, the theoretical relationship between 

these numbers is unclear, particularly at intermediate levels of response (Figure II-

1B). We reasoned that exploring the relationship between RV and FV in detail 

might reveal hidden principles of drug sensitivity that are not captured using 

traditional measures. We evaluated drug responses in U2OS cells using the 

STACK assay, a quantitative live cell microscopy assay that measures both live 

and dead cells and has equal sensitivity in quantifying RV and FV.47 We began by 
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investigating RV and FV responses to two drugs: Camptothecin, a topoisomerase 

I inhibitor and potent apoptotic agent, and Palbociclib, CDK4/6 inhibitor that 

primarily induces proliferative arrest without inducing any cell death.11 As 

expected, Camptothecin induced high levels of cell death, whereas Palbociclib 

strongly inhibited growth of the population without causing any cell death (Figure 

II-1C-E and 2A-B).  

To characterize the relationship between RV and FV responses, we profiled 

each drug using an eight-point half-log dose titration. From these data, we 

calculated both RV and FV metrics at the assay endpoint (Figure II-1F-I). A direct 

comparison of RV and FV for Camptothecin revealed a discontinuous relationship 

featuring two, clearly distinct, dose-dependent behaviors (Figure II-1J). In the first 

phase (low doses, which accounts for the majority of the RV scale), relative viability 

is strongly decreased in a dose dependent manner while only modestly affecting 

fractional viability. In the second phase (higher doses), fractional viability 

decreases sharply while relative viability is only modestly affected (Figure II-1J). 

These two phases reflect a decrease in proliferation rate with minimal cell killing at 

low doses, followed by an increase in death rate, that occurs at high doses and 

only in growth arrested cells (Figure II-2C). Alternatively, for Palbociclib which does 

not kill any cells, only the first of these two phases were observed (Figure II-1K 

and Figure II-2C).  

To determine if bi-phasic response is a common behavior of many drugs or 

drug classes, we tested full dose-response profiles for a panel of 85 drugs, which 
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target a variety of different proteins controlling cell proliferation and/or cell death 

(Table S1). For these drugs, the correlation between RV and FV responses varied 

by drug, but were generally not well correlated (Figure II-1L and 2D). For some 

compounds we observed a bi-phasic dose response similar to Camptothecin, 

characterized by two linear but discontinuous phases, with death occurring only 

following full proliferative arrest. For most drugs, however, these two phases were 

more mixed, and doses were found in which the RV and FV values report 

intermediate levels of proliferative inhibition and cell death. To supplement these 

data, we also reanalyzed a large publicly available dataset of 1833 bioactive 

compounds that were previously tested using the STACK assay.47 The overall 

profile of responses across these diverse compounds also highlights a spectrum 

of behaviors, rather than exclusively bi-phasic responses (Figure II-1M). Thus, 

these data demonstrate that relative and fractional measures of drug response are 

not interchangeable, and highlight the lack of a uniform relationship between FV 

and RV across drugs.  
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Figure II-3. RV and FV differ due to idiosyncrasies in the strength and relative timing of drug-induced 
proliferative inhibition versus cell death. (A) Correlation between IC50 computed using RV (RV50) or FV 
(FV50). Pearson correlation coefficient shown. (B) Death kinetics computed for 85 cell death and growth 
inhibiting drugs. SGI-1027 (red), Abemaciclib (purple), ABT-737 (blue), and Entinostat (green) highlighted. 
(C) Correlation between death onset time (DO) and the FV50/RV50 ratio. Pearson correlation coefficient 
shown. (D-E) Cell numbers over time for 10 μM Abemaciclib. (D) Live cells. (E) Dead cells. (F) Relationship 
between FV and RV for a dose range of Abemaciclib (0 – 10 μM) at 72hr. (G-H) Cell numbers over time for 
3.16 μM Entinostat. (G) Live cells. (H) Dead cells. (I) Relationship between FV and RV for a dose range of 
Entinostat (0 – 31.6 μM) at 72hr. For panels (D-I), data are mean +/- s.d. from 3 biological replicates. See 
also Figure II-4. 
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Figure II-4. Relationship between RV50 and FV50, Related to Figure II-3. (A) Schematic of a typical drug 
response assay in multi-well plates. Relative Viability (RV) and Fractional Viability (FV) are two common 
measures of response. (B) RV calculated for the example shown in (A). The example shown represents the 
IC50 of the RV measure (i.e. RV50), defined as the dose at which the observed number of live cells after drug 
exposure is half the size of the untreated population. (C) FV calculated for the example shown in (A). The 
example shown represents the IC50 of the FV measure (i.e. FV50), defined as the dose at which the 
population is half alive and half dead. Note, although both values in (B) and (C) are 0.5, these are computed 
from different comparisons and are defined differently. (D) RV/FV plots for each dose of Abemaciclib tested 
over a 72-hour time course using the STACK assay. Images were acquired every 8 hours. (E) RV versus FV 
plot for varied doses 72-hours after drug exposure. For panels (D) and E) data are mean +/- s.d. of two 
replicates. 
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II.B.2 Relationships between RV and FV vary due to idiosyncrasies in the 

strength and relative timing of drug-induced proliferative inhibition 

versus drug-induced cell death 
 

Overall, the IC50 doses computed using RV or FV (hereafter, RV50 and 

FV50, respectively) were not well correlated, often differing by several orders of 

magnitude (Figure II-1F-I and II-3A). The RV50 reports the dose at which the 

number of live cells following drug treatment is half as large as the untreated 

population, whereas the FV50 reports the dose at which a population is half alive 

and half dead (Figure II-4A-C). Thus, these two values should be the same only in 

situations where death occurs in the absence of any modulation to the proliferation 

rate of surviving cells (i.e. death in a population of cells that is otherwise 

proliferating at the normal rate). In theory, this could be achieved several ways. 

For instance, drugs that induce death with a very fast onset time may kill cells prior 

to any observable changes in population size. Indeed, the FV50 and RV50 values 

were very similar for particularly fast drugs, such as SGI-1027, a DNMT1 inhibitor, 

and ABT-737, a BH3 mimetic (Figure II-3B-C). To determine if this was a general 

trend, we calculated the correlation between death onset time and the FV50/RV50 

ratio. We found a weak trend in which the FV50 and RV50 were more similar for 

drugs that had earlier onset times, but the overall correlation was modest, 

suggesting that death onset time alone was not a particularly good predictor of the 

FV/RV relationship (r2 = 0.3957, Figure II-3C).  
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In theory, other mechanisms exist, in addition to death onset time, that likely 

contribute to variations between FV and RV metrics. For instance, regardless of 

death onset time, FV and RV values would differ if a drug potently inhibits cell 

proliferation at low, non-killing doses, as we observed for drugs that induce bi-

phasic responses, such as Camptothecin (Figure II-1J). Likewise, even for drugs 

with very late death onset times, FV and RV values should still be similar if the 

onset time of proliferative inhibition is also equally late. To identify such scenarios, 

we focused on drugs for which the death onset time was a poor predictor of the 

relationship between FV and RV, such as Abemaciclib and Entinostat. 

FV50 and RV50 values for the CDK4/6 inhibitor Abemaciclib were unusually 

varied, even for a drug with slow death onset time (Figure II-3B-C). Consistent with 

our expectations, Abemaciclib produced a distinctly bi-phasic dose response, 

characterized by strong growth inhibition at low non-lethal doses, and death only 

at high doses. (Figure II-3D-F). Furthermore, our comparisons of RV and FV 

values over time, rather than across doses, revealed that Abemaciclib induces 

death only following a prolonged period of proliferative arrest (Figure II-4D-E).  

Alternatively, the HDAC inhibitor Entinostat induced death with a delayed 

onset time of approximately 30 hours after drug exposure, but nonetheless, FV 

and RV values were well correlated (Figure II-3B-C). For this drug, kinetic analysis 

revealed that Entinostat treated cells proliferate at precisely the untreated rate for 

approximately 30 hours, such that the onset time of growth inhibition is equally 

delayed and similar to the onset time of cell death (Figure II-3G-I). Thus, these 
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data highlight the lack of a singular “rule” describing the relationship between FV 

and RV values. The relationship between FV and RV depends on a combination 

of features, including the death onset time and whether cell death is occurring in a 

proliferating or arrested population. Taken together, these data also underscore 

the fact that common pharmaco-metrics derived from FV or RV fail to capture the 

relationship between drug-induced changes in proliferation versus cell death.  
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Figure II-5. Integrative analysis of relative and fractional drug responses reveals a continuum of 
distinct relationships between drug-induced growth arrest and cell death (A-D) Simulations of all 
possible variations in drug-induced proliferation and cell death. (A) Equations for live cells in control untreated 
condition (Cctrl), live cells in drug treated condition (Clive), dead cells in drug treated condition (Cdead), Fractional 
Viability (FV), Relative Viability (RV), and growth rate inhibition values (GR). C0 = initial cell number; t = assay 
duration; tc = growth rate of control (untreated cells); td = growth rate of drug treated cells; DR = average death 
rate of drug treated cells. For this simulation, the death rate of control cells is presumed to be zero. (B) Color 
map of parameter values. Red increases as death rate increases. Blue increases as growth rate decreases. 
The scale for death rate and growth rate are relative to untreated growth rate. (C) FV and RV calculated for 
full parameter space in (B). (D) FV and GR calculated for full parameter space in (B). (E-G) Examples of drug 
responses visualized through integrated analysis of GR/FV. For each, the GR/FV plot is flanked by the FV 
dose-response profile (left) and GR dose-response profile (bottom). (E) GR/FV plot for Everolimus, a drug 
that induces growth rate inhibition without cell death. (F) GR/FV plot for Belinostat, a drug that induces 
coincident growth rate inhibition with cell death. (G) GR/FV plot for an example bi-phasic drug, doxorubicin. 
Data in (E-G) are mean +/- s.d. of 3 biological replicates. See also Figure II-6 and Table S2. 
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Figure II-6. DNA damaging agents induce a bi-phasic drug response, Related to Figure II-5. (A) Drug 
GR/FV plot for doxorubicin (DOX). Two doses highlighted: 0.1 µM (Low), which induces growth arrest, and 
3.16 µM (High), which induces cell death but only following growth arrest. Data are mean +/- s.d. of 3 
replicates. (B-C) Cell cycle analysis by flow cytometry using propidium iodide staining (PI). (B) Representative 
data for untreated cells. Cell cycle phase as determined by Dean-Jett-Fox algorithm shown. Data are 
representative of 3 biological replicates. (C) Cell cycle analysis for cells treated with Low or High dose DOX 
for indicated times. Colors are as in panel (B). (D-E) Analysis of DNA damage levels by flow cytometry. DNA 
double stranded breaks tracked using phosphorylation of H2AX (p-H2AX) in combination with cell cycle 
analysis using PI. (D) Representative data for untreated cells or cells exposed to Low or High dose DOX for 
24 hours. Data are representative of 3 biological replicates. (E) H2AX phosphorylation kinetics for Low and 
High dose DOX. % H2AX positive cells determine by flow cytometry as in panel (D). Data are separated by 
cell cycle phase as in panels (B-C). Data are mean +/- s.d. of 3 biological replicates. (F-G) Flow cytometry-
based analysis of apoptotic death in combination with cell cycle analysis using PI. (F) Representative data for 
untreated cells or cells exposed to Low or High dose DOX for 24 hours. Data are representative of 3 biological 
replicates. (G) Percentage of cleaved-caspase-3 positive cells measured using flow cytometry. Data are 

separated by cell cycle phase as in panels (B-C). Data are mean +/- s.d. of 3 biological replicates. 
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II.B.3 Integrative analysis of relative and fractional drug responses reveals 

a continuum of distinct relationships between growth inhibition and 

cell death 
 

RV measures different aspects of a drug response than FV. Because a 

simple rule could not be identified for predicting one from the other, we next asked 

what might be learned by quantitatively exploring the relationship between these 

metrics. We began by simulating RV and FV values for theoretical drug responses, 

using all possible combinations of fractional growth inhibition and fractional cell 

death in different proportions (Figure II-5A-B). These simulations revealed an area 

of possible responses, with boundaries representing three distinct response 

scenarios: proliferative inhibition/arrest without any cell death (green line, top, 

Figure II-5C), cell death within a population of normally proliferating cells (red line, 

right, Figure II-5C), and a discontinuous bi-phasic response characterized by 

proliferative arrest at low doses, followed by cell death only within growth arrested 

cells (blue, top and left, Figure II-5C).  

The size and shape of this region varies dramatically depending on the 

length of the assay and the proliferation rate assumed in the simulation. Thus, to 

stabilize these relationships, we also simulated drug responses using the 

normalized Growth Rate inhibition (GR) value. GR values are similar to RV in that 

both are derived from measurements of live cells in drug treated and untreated 

conditions. A critical difference, however, is that the GR value scores a drug 

response based on a comparison of population growth rates in the presence and 
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absence of drug, rather than scoring changes in population size as in RV.52 Thus, 

GR corrects for artifactual differences in drug sensitivity that might be caused by 

differences in assay length between experiments, or differences in proliferation 

rate between cell types. Importantly, a comparison of simulated FV and GR values 

revealed a region of possible relationships defined by the same boundaries seen 

for FV vs. RV comparisons (Figure II-5D). 

For both FV vs. GR and FV vs. RV comparisons, the area between the 

observed limits represents drug responses that feature both some growth inhibition 

and some cell death at varied proportions. Importantly, from the simulated data, 

any data point within this bounded space can be attributed to a specific degree of 

fractional growth inhibition and cell death (region “b”, Figure II-5C-D and Table S2). 

The regions outside of the bounded area represent responses that, while 

conceptually possible, are not observed in our simulated responses. Region “a” to 

the left of the bounded area would include drug responses in which the population 

size is decreased in excess of the measured number of dead cells (Figure II-5C-

D). This may be observed for some types of cell death, such as entosis77, and for 

technical reasons related to assay precision and/or the relative sensitivity of live 

cell and dead cell measurements. Region “c”, to the right of the bounded area, 

includes responses in which the degree of cell death is compensated for by a drug-

induced increase in the proliferation rate (Figure II-5C-D). 

Importantly, although responses in region “a” and “c” are possible in theory, 

these are never observed in our experimental data. For all 85 drugs profiled, 
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response data fell entirely within the bounds represented by region “b” (Table S2). 

Some drugs inhibited proliferation but were non-lethal at all tested doses (Figure 

II-5E). Most drug responses, however, were characterized by GR and FV values 

that reveal partial growth suppression that occurs coincidentally with partial cell 

death, at different proportions for each drug (Figure II-5F and Table S2). 

Interestingly, several drug’s responses fell precisely at the top and left most 

boundaries, represented by bi-phasic dose response profiles, including 

Abemaciclib and most DNA damaging chemotherapeutics (Figure II-5G and Table 

S2).  

These abrupt non-linear transitions likely capture critical changes in the 

drug mechanism of action that occur in a dose dependent manner. For instance, it 

has been recently reported that Abemaciclib-induced cell death occurs due to its 

off-target activity against CDK2, which is inhibited by Abemaciclib exclusively at 

high doses.11 Likewise, for DNA damaging drugs, low levels of DNA damage are 

sufficient to induce cell cycle arrest, but apoptotic cell death is only activated 

following higher levels of DNA damage (Figure II-6). These dose-dependent 

transition points between proliferative inhibition and cell death are clearly visible 

using a combined analysis of GR and FV (Figure II-5G). This is notable, 

considering that these transition points are not generally observable in traditional 

analyses of dose-response data. 
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II.B.4 Drug GRADE captures distinct drug class-specific relationships 

between drug-induced proliferative arrest and cell death 
 

By comparing the experimentally observed drug responses to our theoretical 

simulations, we calculated average proliferation rates and cell death rates for each 

drug, at each tested dose (Figure II-7A-E and Table S2). These data further 

highlight that the degree to which a drug inhibits proliferation or activates cell death 

depends on the drug, but also strongly depends on the dose(s) of drug tested 

(Figure II-7D-E). Thus, we sought to create a summary metric, akin to the 

IC50/EC50, that captures the dose dependent relationship between drug-induced 

cell death and proliferative arrest. As with the IC50 or EC50, such a metric could 

be used to compare how responses differ by drug, by cancer subtype, or across 

different genotypes within a subtype.  
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Figure II-7. Stability and robustness of drug GRADE, Related to Figure II-8. (A) Schematic of the GR/FV 
plot with reference limits shown for growth inhibition without death (green), death only following growth arrest 
(blue), and death without altering growth rate (red). Shaded region ‘b’ represents intermediate states in which 
a drug induces some growth inhibition and some death. (B-C) Simulated drug responses using all possible 

variations of drug-induced growth rate and death rates. Figure legend continued on next page. 

GFθ 
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Figure II-7: Stability and robustness of drug GRADE, Related to Figure II-8 (continued from 

previous page). (B) Color map of parameter values. Red increases as death rate increases. Blue 

increases as growth rate decreases. The scale for death rate and growth rate are relative to untreated 

growth rate. (C) FV and GR calculated for full parameter space in (B). (D-E) Examples of GRADE 

calculations (left) and inference of growth and death rates at individual doses (right). For each drug, doses 

not used in GRADE calculation are colored grey. White dot in each is a dose for which growth and death 

rates are highlighted. Growth rates and death rates are computed relative to the untreated cell proliferation 

rate. In these data the doubling time was 26.3868 hours (0.0379 cell divisions per hour). Data in (D-E) are 

mean +/- s.d. of 3 biological replicates. (F-G) GRADE stability of time. (F) FV vs. GR over time for ABT-

737 (ABT). Data are mean +/- s.d. of four biological replicates. (G) Drug GRADE for ABT measured at 

time points listed. (H-J) FV and GR drug responses calculated for U2OS cells (WT, grey) or U2OS-BAX-

/-/BAK-/- (KO, red). BAX/BAK double knockout renders cells resistant to drugs that induce apoptotic death. 

Data are from Richards et al. (2020). Dose of drug represented by increasing shades of grey or red. Data 

are are the mean +/- s.d. of biological triplicate measurements (H) BH3 mimetic, ABT737, induces 

apoptotic death in U2OS cells. (B) BRD4/Bromodomain inhibitor, JQ1, induces non-apoptotic death in 

U2OS cells. (C) Nitrogen mustard/DNA alkylating chemotherapeutic, Chlorambucil, slows the proliferation 

rate but does not kill U2OS cells at any dose (non-lethal drug). For (A-C) drug GRADE for WT and KO 

cells calculated and shown below the respective plots. 
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Figure II-8. Drug GRADE captures distinct drug class-specific relationships between drug-induced 
proliferative arrest and cell death (A) Step-by-step calculation of drug GRADE. See experimental methods 
for a detailed description. (B) Waterfall plot of GRADEs for 85 drugs tested. (C) Cumulative distribution 
functions of drug GRADE for all 85 drugs (blue) or drugs in the listed class (orange). P values calculated using 

the a two-tailed KS test. See also Figure II-7 and Table S1. 

  

                 
 

  

  

  

  80

60

40

20

0

85  rug Panel

 icrotub. tox.

 hromatin

 ell death

RT 

 AP  nRT 

 ell  ycle

  A  amage

 isc.

 
  A  amage

0 20 40 60 80

1

.75

.5

.25

0

 rug GRA  

 

0 20 40 60 80

 rug GRA  

 icrotubule Toxin

1 10 20 30 40 50 60 70 80

p   0.0018 p   0.0383

    
 

   

 

    
 

   

 

    
 

   

 

    
 

   

 

      
 

   

 

      
  

 

 

    
 

   

 

    
 

   

 

      
 

   

 

      
  

 

 

    
 

   

 

    
 

   

 

      
 

   

 

      
  

 

 

    
 

   

 

    
 

   

 

      
 

   

 

      
  

 

 

    
 

   

 

    
 

   

 GR

               

    
  tan 1(     )

GR

                                  

(i)  alculate FV and GR
(ii)  alculate linear fit for 

doses where GR   0
(iii)  ompute angle

(iv)  etermine max angle (death w o growth inhibition) (vi)  ompute drug GRA  

GRA     
    

   

GR ose ose GR

GR GR

θdrug 

θdrug 

θ 

θmax 
θ 



43 

 

Using the observed relationship between GR and FV values, we developed 

a metric that we call the Growth Rate Adjusted Death percentage (GRADE) (Figure 

II-8A). The drug GRADE reports the proportion of an observed drug response that 

is due to cell death. We calculated the drug GRADE using the angle formed 

between a linear fit of the observed GR/FV data and a non-lethal drug response 

(Figure II-8A and II-7A, GFθ). This angle was calculated using a range of doses for 

which GR > 0, as the relationship between FV and GR was approximately linear 

within this range. These data were further rescaled relative the maximum angle 

possible within our simulated data, such that drug GRADE scales from 0 – 100, 

with 100 reporting that the observed response was entirely due to cell death, and 

a GRADE of 0 reporting that the observed response was entirely due to inhibiting 

proliferation. Analysis of our kinetic data reveal drug GRADE is reasonably stable 

for most drugs if measurements are taken between 48-72 hours after drug addition 

(Figure II-7F-G). 

To explore robustness of drug GRADE, we first evaluated whether targeted 

perturbations to cell death mechanisms would alter drug GRADE in a predictable 

manner. For instance, inhibition of apoptosis using genetic knockout of BAX and 

BAK should inhibit cell death without compromising drug-induced inhibition of cell 

proliferation. Furthermore, these changes should be specific to drugs that 

predominantly function by activating apoptotic cell death. To explore these 

predictions, we calculated GRADE for drugs that we recently characterized as 

inducing apoptotic death, non-apoptotic death, or non-lethal anti-proliferative 
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responses.37 Consistent with expectations, ABT737, a BH3 mimetic and potent 

activator of apoptosis, had a very high drug GRADE, which was strongly 

diminished in the BAX/BAK double knockout background (Figure II-7H). In wild-

type versus BAX/BAK double knockout cells, drug GRADE was not significantly 

changed for JQ1, a Brd4 inhibitor that induces non-apoptotic death in U2OS cells; 

nor was drug GRADE altered for Chlorambucil, a nitrogen mustard and DNA 

alkylating agent that inhibited proliferation without activating cell death (Figure II-

7I-J). Thus, drug GRADE accurately captures the degree to which cell death 

contributes to an observed drug response. 

Inspecting drug GRADE for the 85 drugs that we profiled revealed a 

continuous distribution of values, further demonstrating the unique drug-specific 

relationship between population growth inhibition and cell death (Figure II-8B). 

Nonetheless, similarities were observed between drugs within a given class. For 

instance, DNA damaging chemotherapeutics were enriched for very small drug 

GRADEs, indicating that for these drugs, the population reduction at IC50 doses 

is generally due to growth inhibition, rather than cell death (Figure II-8C). 

Alternatively, microtubule toxins tended to have large drug GRADEs indicating 

potent killing at IC50 doses (Figure II-8C). Importantly, drug GRADE was not 

correlated with traditional pharmaco-metrics, such as the IC50, EC50, or Emax 

(Table S1). Thus, while traditional pharmaco-metrics report insights into drug 

affinity, potency, or efficacy, drug GRADE provides a unique insight into the 

mechanism of population reduction. 
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Figure II-9. GRADEs for 34 drugs in 35 LINCS cell lines, Related to Figure II-10. (A) GR/FV plots for 7 
example drugs tested in Hafner et al. (2019), across 35 LINCS consortium cell lines. Mean GR/FV values for 
LINCS consortium cell lines are shown as colored dots with different doses of a drug connected by a line. 
U2OS is shown as a black dot and line. Error bars for U2OS are the standard deviation across 4 replicates. 
(B) Drug GRADEs for all 34 drugs tested in 35 LINCS cell lines. Drug GRADE for all drugs tested by in Hafner 
et al. (2019) across LINCS consortium cell lines. Heatmap colored according to GRADE. Bar plots show the 
coefficient of variation (CV) across all cell lines for a given drug, or across all drugs for a given cell line. The 

mean GRADE across all cells and drugs was 25. 
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Figure II-10. Drug GRADE captures subtype dependent differences in drug sensitivity that are not 
captured using traditional pharmaco-metrics. (A-B) GR/FV plots for Doxorubicin (A) or Torin 2 (B) for 35 

cell lines from the LINCS dataset. U2OS data shown in black for comparison. Range of GRADES () across 
all cell lines shown. GR and FV Dose curves are for the mean responses across all cell lines. (C) Cumulative 
distribution function of GRADEs for cytotoxic chemotherapies or growth factor targeted therapies. P-value 
from KS test shown for deviation from random scores. (D) GR/FV plots for 6 DNA damaging drugs across 15 
breast cancer cell lines from LINCS. (E-F) RV and FV dose responses shown for doxorubicin in T47D (E) or 
MDA-MB-468 (F). Traditional IC50 (i.e. RV50) highlighted with grey bar. (G-H) Traditional IC50s for 
Doxorubicin (G) or all DNA damaging drugs (H) across 36 cell lines. Data are separated by breast cancer 
subtype: luminal (LUM), HER2 over-expressing (HER2), or triple-negative (TNBC). (I-J) Drug GRADE for 
Doxorubicin (I) or all DNA damaging drugs (J) across 36 cell lines. Data are separated as in (G) and (H). For 
panels G-J, t-test p-values are shown for comparison of TNBC to LUM. All other comparisons are not 
significant. *** = p < 0.05; n.s. = not significant. See also Figure II-9. 
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II.B.5 Drug GRADE captures subtype-dependent differences in drug 

sensitivity that are not captured using traditional pharmaco-metrics 
 

Drug potency and drug efficacy are known to vary in a genotype and cancer 

subtype dependent manner. It was unclear if drug GRADEs are stable features of 

a given drug, or if these would also vary for a given drug across cancer subtypes. 

To explore this question, we analyzed a publicly available dataset collected by the 

LINCS consortium, which contained 34 drugs tested across 35 breast cancer cell 

lines, with the data collected in a manner that would allow both GR and FV 

calculations.11 For essentially all drugs, we found striking differences in drug 

GRADE across the cell lines (Figure II-9). For instance, doxorubicin, a 

topoisomerase II inhibitor that is commonly used in the treatment of breast cancer, 

produced a bi-phasic dose response in U2OS cells, characterized by cell death 

only at high doses, and only following full growth arrest (GRADE = 3.8;  Figure II-

5G). In the LINCS breast cancer cell lines, however, doxorubicin GRADEs ranged 

from 1 – 73, revealing substantial variation in the degree of cell killing at IC50 doses 

(Figure II-10A). Variation in drug GRADE was observed for all drugs, including 

targeted agents like Torin2 (Figure II-10B and II-9A-B). Cell cycle and growth factor 

targeted therapies were skewed towards smaller GRADEs, consistent with the 

notion that these drugs primarily induce growth inhibition, rather than cell death 

(Figure II-10C). Interestingly, cytotoxic chemotherapies, which can induce both 

growth inhibition and cell death, had a nearly random distribution of drug GRADEs 

across the cell lines studied (Figure II-10C).  
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 For cytotoxic chemotherapies, the observed variance in drug GRADE 

across cell lines might suggest that GRADE can capture genotype- or subtype-

specific differences in drug response. An alternative explanation could be that the 

relationship between drug-induced growth arrest and drug-induced cell death is 

not determined by the drug, but instead is either stochastic or subject to strong 

environmental/context dependent regulation. To distinguish between these 

possibilities, we investigated, for each cell line, variation within GRADEs for drugs 

that share a common mechanism of action. The LINCS dataset includes 6 different 

drugs that act by causing DNA damage, and 10 drugs annotated as PI3K/mTOR 

inhibitors (Table S1). For any one of these drugs, significant variation was 

observed in drug GRADE across the LINCS cell lines (Figure II-10A-B and II-9B). 

In contrast, within any given cell line, drugs of a shared class produced strikingly 

similar drug GRADEs (Figure II-10D and II-9B). Similar drug GRADEs were 

observed even for the DNA damage drug class, which included drugs that induce 

DNA damage using a variety of different molecular mechanisms, and through 

unrelated drug binding targets. These data suggest that the variation observed for 

drug GRADE is related to the specific ways in which a given cell/cell type responds 

to a class of drugs.  

 The variations that are uncovered by drug GRADE reveal important 

differences in the underlying drug response. For instance, DNA damaging agents 

resulted in bi-phasic dose responses and low drug GRADEs in T47D, a luminal 

ER+ breast cancer cell line (GRADE = 5.5; Figure II-10D). In contrast, these drugs 
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consistently resulted in coincident proliferative inhibition and cell death with high 

drug GRADEs in MDA-MB-468, a basal triple-negative breast cancer (TNBC) cell 

line (GRADE = 54.9; Figure II-10D). This distinction reveals that the traditional IC50 

(IC50 calculated from RV, RV50) captures a partially growth suppressing dose in 

T47D, but the same pharmacological value captures a potent killing dose in MDA-

MB-468 (Figure II-10E-F). Furthermore, while the IC50 values are similar and not 

statistically distinguishable for most DNA damaging drugs in these two cell lines, 

they are generally lower in T47D when compared to MDA-MB-468, and generally 

lower in luminal cells when compared to TNBCs (Figure II-10G-H). Thus, from the 

IC50 data alone, one might predict either equal chemosensitivity among breast 

cancer subclasses or that luminal breast cancer cells are more chemosensitivity 

than TNBC. These conclusions would be inconsistent with established clinical 

data, as TNBCs are well-validated to be more chemo-sensitive than other breast 

cancer subtypes.78 Importantly, while the IC50 fails to capture subtype-specific 

differences in chemosensitivity, drug GRADE identifies significant differences 

between breast cancer subtypes. DNA damaging drugs in TNBC have significantly 

higher drug GRADEs than in other breast cancer subtypes, revealing that DNA 

damaging chemotherapies induce greater levels of cell death in TNBC than in 

other breast cancer subtypes (Figure II-10I-J). Taken together, these data highlight 

that drug GRADE captures critical differences in drug response that are not 

captured by traditional pharmaco-metrics. 
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II.C DISCUSSION 
 Recent studies that have revealed that differences in the population growth 

rate are a confounding factor in the measurement of the effectiveness of anti-

cancer therapies.52,79 These studies were a major step forward in analysis methods 

and have provided much needed clarity into mechanisms driving drug-induced 

changes in population size. The strategy we use here builds upon these prior 

works, and in fact, uses the GR value as one of the two key analysis features. A 

clear distinction, however, is that our approach integrates an independent 

measurement of dead cells and drug-induced Fractional Viability. We find that the 

integrated analysis of population growth (through GR) and fractional killing 

(through FV) reveals drug- and cancer subtype-specific features of a drug 

response that are not captured using either of these values alone, or when using 

any traditional pharmaco-metrics.  

The most common measures of drug response are derived exclusively from 

measurements of live cells. Using these measurements to infer of the degree of 

death requires some assumption to be made about the relationship between drug-

induced proliferative inhibition and cell death. For instance, a common assumption 

is that cell death occurs only in growth arrested cells. A central finding from our 

study is that the relationship between drug-induced proliferative inhibition and cell 

death varies substantially across drugs, and in a continuous manner. Also, for a 

given drug or drug class, drug GRADE varied substantially across cancer 

subtypes. Thus, in the absence of direct measurements of both FV and RV-type 
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responses, any assumption made regarding the relationship between inhibition of 

proliferation and cell death is certain to be wrong in most situations.  

Of note, the sign of the GR scale is generally interpreted as revealing the 

response phenotype, with positive GR values interpreted as partial inhibition of 

proliferation, whereas negative values are interpreted as cell death (more formally 

interpreted as a negative proliferation rate). Although it must be true that negative 

GR values report drug-induced cell death, notably, positive GR values do not 

necessarily report the lack of cell death. This was clearly demonstrated in theory 

in the original description of the GR value52, and our analysis reveals that for most 

drugs, significant levels of death are observed in the positive portion of the GR 

scale. These phenotypes generally resulted from intermediate levels of cell death 

occurring within a population of cells that continue to proliferate. Thus, while the 

GR value unambiguously reports the net population growth rate in a manner that 

distinguishes between an increasing and a decreasing population size, whether or 

not a drug induces significant killing requires additional measurements. The 

strategy we describe in this study clarifies this issue, and our data show that GR 

and FV values provide complementary insights into the nature of a drug response.  

Using the complementary insights generated by GR and FV measures, we 

found that TNBCs respond to low doses of DNA damaging chemotherapies by 

activating cell death, whereas luminal breast cancers respond by halting cell 

proliferation. TNBCs are known to have higher levels of chemosensitivity than 

other breast cancer subtypes. In some cases, these differences are related to 
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deficiencies in DNA repair, but in most cases, it remains unclear which factors 

account for varied levels of sensitivity to DNA damaging chemotherapies.80 Drug 

GRADE analysis may be a valuable tool to aid in identifying molecular or genomic 

features that contribute to chemosensitivity, particularly since differences in 

chemosensitivity between TNBC and other breast cancer subtypes were not 

observed in traditional measurements of drug response.  

 One limitation of the analysis method we propose is that it cannot be used 

in conjunction with many common drug-response assays that exclusively measure 

live cells (CellTiter-Glo, MTT, Alamar Blue, colony formation, etc.). Our approach 

should be amenable to any assay that develops single cell data for live and dead 

cells, such as flow cytometry, histology, or the microscopy-based STACK analysis 

used in this study. Additionally, we recently developed a high-throughput 

fluorescent plate reader-based strategy for inferring live cell counts using only a 

direct measurement of dead cells.37 When combined with the drug GRADE 

analysis from this study, these high-throughput methods – which also rely on 

SYTOX fluorescence – are particularly useful for comparing across various types 

of apoptotic/non-apoptotic death. SYTOX fluorescence is specific to cell death but 

largely agnostic to the mechanism by which cells die. Thus, if only live or dead 

cells can be counted, our data suggest that measurement of dead cells would be 

preferable, as live cells can be accurately inferred using modest experimental and 

computational adjustments.37 
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 Drug response assays are common to many sectors of biomedical 

research, and a common practice is to summarize drug responses using measures 

such as the IC50, EC50, or Emax. These metrics are used to compare across 

drugs, or to compare drug responses across biological scenarios. In many 

situations, such as oncology, a critical question generally remains unanswered by 

these metrics: does the drug actively kill cells or just inhibit cell proliferation? This 

is an important distinction. Inhibiting proliferation is not likely to result in a durable 

response in the absence of other interventions, such as surgery or additional 

therapies, particularly when considering the rapid clearance of most 

chemotherapeutics due to drug metabolism and excretion. In current approaches, 

a common strategy to determine if an observed response is due to cell death or 

growth inhibition is to use relative viability to characterize drug potency/efficacy. 

These measures are then complemented with a more specific measure of cell 

death, in order to determine if the observed response was caused by growth arrest 

or cell death. Our study reveals a flaw in this line of thinking, that the response was 

necessarily “either or” and not “both”. We find that most drugs achieve their effects 

through some combination of population growth inhibition and cell death, but the 

relative proportions of these effects vary by drug, by dose, and across different 

cancer subtypes. Clarifying these relationships should improve our ability to 

accurately evaluate drug responses and how these responses vary across drugs 

or across biological contexts. 
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II.D MATERIALS AND METHODS 
 

II.D.1 Resource availability 

II.D.1.1 Lead Contact  

Further information and requests for resources and reagents should be directed to 

and will be fulfilled by the Lead Contact, Michael Lee 

(michael.lee@umassmed.edu). 

II.D.1.2 Materials Availability 

This study did not generate new unique reagents. 

II.D.1.3 Data and code availability 

Source data collected for a panel of 85 drugs at varied doses in U2OS cells are 

included in Table S1 and Table S2. Images and raw cell counts from images have 

not been deposited in a public repository due to file size but will be made available 

upon request. Custom MATLAB code for computing drug GRADE and generating 

FV/GR plots are included in Supplemental Code 1 and on GitHub 

(github.com/MJLee-Lab/GRADE). Custom MATLAB scripts for image analysis or 

curve fitting will be made available upon request.  

 

II.D.2 Experimental model and subject details 

II.D.2.1 Cell lines and culture conditions 

This study uses U2OS cells, which were generated from a female with 

osteosarcoma. U2OS cells were obtained from ATCC, and authenticated by STR 

profiling. Additional analysis was also performed on the LINCS breast cancer cell 

mailto:michael.lee@umassmed.edu
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lines, a panel of 35 cell lines derived from female donors with various subtypes of 

breast cancer.11 mKate2 expressing U2OS cells were generated as previously 

described.37  ells were grown in  ulbecco’s modified eagles medium (    ) 

(Cat# MT10017CV, Fisher Scientific) supplemented with 10% fetal bovine serum 

(Cat# SH30910.03, Lot# AYC161519, ThermoFisher Scientific), 2 mM L-glutamine 

(Cat# 02500cl, Fisher Scientific) , and penicillin/streptomycin (Cat# 30-002-Cl, 

Corning). Cell lines were cultured in incubators at 37C with 5% CO2. For 

passaging, cells were rinsed with PBS, dissociated with 0.25% trypsin (Cat# 

15090-046, Life Technologies), quenched with complete DMEM, and counted 

using a hemocytometer. Cells were seeded for experiments as described in the 

Method Details section. 

II.D.2.2 Chemicals and reagents 

Sytox Green Nucleic Acid Stain (Cat#: S7020) was purchases from 

ThermoFisher Scientific (Waltham, MA). A23187 (Cat# B6646), ABT-263 

(Navitoclax) (Cat# A3007), ABT-737 (Cat# A8193), Artesunate (Cat# B3662), 

Axitinib (AG 013736) (Cat# A8370), AZD2461 (Cat# A4164), Belinostat (PXD101) 

(Cat# A4096), BI 2536 (Cat# A3965), Bleomycin Sulfate (Cat# A8331), Bortezomib 

(PS-341) (Cat# A2614), Bromodomain Inhibitor, (+)-JQ1 (Cat# A1910), BX795 

(Cat# A8222), Cediranib (AZD217) (Cat# A1882), Chlorambucil (Cat# B3716), 

Dacarbazine (Cat# A2197), Docetaxel (Cat# A4394), Entinostat (MS-275,SNDX-

275) (Cat# A8171), Everolimus (RAD001) (Cat# A8169), Flubendazole (Cat# 

B1759), Flumequine (Cat# B2292), Foretinib (Cat# A2974), GSK J1 (Cat# A4191), 
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Honokiol (Cat# N1672), JNJ-26854165 (Serdemetan) (Cat# A4204), MG-132 

(Cat# A2585), MK1775 (Cat# A5755), Niclosamide (Cat# B2283), Nigericin 

sodium salt (Cat# B7644), Nilotinib (Cat# A8232), Oubain (Cat# B2270), Paclitaxel 

(Taxol) (Cat# A4393), Panobinostat (LBH589) (Cat# A8178), Pazopanib 

Hydrochloride (Cat# A8347), PD 0332991 (Palbociclib) HCl (Cat# A8316), RITA 

(NSC 652287) (Cat# A4202), RSL3 (Cat# B6095), Sabutoclax (Cat# A4199), 

Salinomycin (Cat# A3785), SB743921 HCl (Cat# B1590), SGI-1027 (Cat# B1622), 

TAE684 (NVP-TAE684) (Cat# A8251), Temozolomide (Cat# B1399), TH287 (Cat# 

B5849), Tivozanib (AV-951) (Cat# A2251), Topotecan HCl (Cat# B2296), Torin 1 

(Cat# A8312), Torin 2 (Cat# B1640), Triptolide (Cat# A3891), TW-37 (Cat# 

A4234), Vinblastine sulfate (Cat# A3920), Vincristine (Cat# A1765), Vorinostat 

(Cat# A4084), and YM-155 HCl (Cat# A3947) were purchased from ApexBio 

Technology (Houston, TX). Erastin2 (Cat# 27087) was purchased from Cayman 

Chemicals (Ann Arbor, MI). Erlotinib (Cat# E-4007) was purchased from LC 

Laboratories (Woburn, MA). Valinomycin (Cat# V0627) was purchased from 

MilliporeSigma (Burlington, MA). A-1210477 (Cat# S7790), Abemaciclib (Cat# 

S5716), Alpelisib (Cat# S2814), AZD7762 (Cat# S1532), Bibf-1120 (Nintedanib) 

(Cat# S1010), Buparlisib (BKM120, NVP-BKM120) (Cat# S2247), Cabozantinib 

(XL184, BMS-907351) (Cat# S1119), Camptothecin (Cat# S1288), Ceritinib 

(LDK378) (Cat# S7083), Cisplatin (Cat# S1166), Dasatinib (Cat# S1021), 

Dinaciclib (SCH727965) (Cat# S2768), Erastin (Cat# S7242), Etoposide (Cat# 

S1225), INK-128 (Sapanisertib, MLN0128,TAK-228) (Cat# S2811), Ipatasertib 
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(GDC-0068) (Cat# S2808), Luminespib (AUY-922, NVP-AUY922) (Cat# S1069), 

Neratinib (Cat# S2150), Olaparib (AZD2281, Ku-0059436) (Cat# S1060), PF-

4708671 (Cat# S2163), Pictilisib (GDC-0941) (Cat# S1065), Saracatinib 

(AZD0530) (Cat# S1006), SMER 28 (Cat# S8240), Taselisib (GDC 0032) (Cat# 

S7103), TGX221 (Cat# S1169), Tivantinib (Cat# S2753), Trametinib 

(GSK1120212) (Cat# S2673), and Volasertib (Cat# S2235) was purchased from 

Selleck Chemicals (Houston, TX). Doxorubicin HCl (Cat# D1515-10MG) was 

purchased from Sigma-Aldrich (St. Louis, MO). 

 

II.D.3 Method details 

II.D.3.1 Cell Seeding and Drug Addition 

U2OS::mkate2+ cells were grown in 10cm dishes (Cat # FB012924, Fisher 

Scientific). Prior to drug treatment (“ Day -1”), cells were trypsinized, counted using 

a hemocytometer. Experiments were performed in 96-well black-sided optical 

bottom plates (Cat # 3904, Corning), with cells seeded at a concentration of 2500 

cells per 90 µL of media. Following overnight incubation at 37°C with 5% CO2, 

drugs were added in growth media containing 500 nM SYTOX Green (10 µL 

volume; final concentration of 50 nM SYTOX in the well). Eight- or ten-point half 

log or full log dilutions for each compound were prepared in 96-well U-bottom 

storage plates (Cat #: 07-200-95, Corning) at 10x of their final concentration. 

Images was collected using the STACK assay (Forcina et al., 2017). Briefly, 

images were acquired using the IncuCyte S3 (Essen Biosciences) with settings for 
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the green channel: ex: 460 ± 20; em: 524 ± 20; acquisition time: 300ms; and red 

channel: ex:585 ± 20; em: 635 ± 70; acquisition time: 400ms. Data were acquired 

either every 6-8 hours for 72 hours, or only at 72 hours when kinetic analysis was 

not needed. 

 Throughout the study, experiments were performed in biological triplicate. 

All data were used without omission of any replicates. Sample size was based on 

effect sizes and error observed in our prior study using similar methods.37 When 

multi-well plates (e.g. 96-well plates) were used, conditions were not randomized, 

but analysis did evaluate biases associated with plating location, which were found 

to be minimal. Edge wells were not used due to compromised proliferation rates.  

II.D.3.2 Live Cell Image Acquisition 

Images was collected using the STACK assay detailed in (Forcina et al., 

2017). Images were acquired using the IncuCyte S3 microscope (Essen 

 iosciences; 1408x1040 pixels, at 1.24μm pixel). Acquisition settings for the green 

channel were ex: 460 ± 20, em: 524 ± 20, acquisition time: 300ms; and red channel 

were ex:585 ± 20, em: 635 ± 70, acquisition time: 400ms. Imaging was performed 

using a 10x objective. For all experiments, on Day 0 just prior to drug addition, 

images were taken of a control plate treated with growth media containing 500 nM 

SYTOX Green as detailed above. For kinetic analysis, images were acquired every 

6-8 hours for every well of each plate for 72 hours. For experiments where kinetic 

analysis was not used images were collected only at the 72 hour end point.  
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For some experiments that did not require kinetic analysis, images were 

acquired using an EVOS FL Auto 2 automated microscope (ThermoFisher 

Scientific). Images were acquired using a 10x objective (EVOS 10x objective, Cat 

#: AMEP4681). Sytox images were acquired using a GFP filter cube (EVOS LED 

Cube, GFP, Cat #: AMEP4651, ex: 470/22, em: 525/50, acquisition time: 13.5ms 

) Mkate2+ images were acquired using a TexasRed filter cube (EVOS LED Cube 

TxRed, Cat #: AMEP4655, ex: 585/29, em: 628/32, acquisition time: 642.0ms). 

II.D.3.3 Flow Cytometry Analysis of Drug Response 

 Cells were seeded in 6-well dishes at 200,000 cells per well and allowed to 

attach overnight prior to drug treatment. At selected time points cells were washed 

in PBS, trypsinized, and fixed in 70% ethanol overnight at -20 C, permeabilized 

with 0.25% Triton X-100 for 20 minutes at 4 C, and blocked with 1% BSA. For 

analysis of drug-induced apoptosis, cells were stained with antibodies against 

cleaved caspase-3 for 8 hours (1:250 dilution; CAT# 559565, BD Biosciences). For 

analysis of drug-induced DNA double stranded breaks, cells were stained with 

antibodies against phospho-histone H2A.X for 8 hours (1:200 dilution, CAT# 9718, 

Cell Signaling Technologies). Following washing with PBS, cells were incubated 

with a goat-anti-rabbit secondary antibody conjugated to Alexa488 (1:250 dilution; 

CAT# A-11008, ThermoFisher Scientific). Flow cytometry data were collected on 

a LSR II flow cytometer running FACS DIVA software. 
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II.D.4 Quantification and statistical analysis 

II.D.4.1 Data analysis and statistics 

Statistical details can be found in the figure legends, including statistical 

tests used, exact value and definition of n, definition of center, and dispersion and 

precision measures. Death kinetic rates (DO and DR) were determined using 

MATLAB, as described previously.37 Statistical enrichments were determined in 

MATLAB using built-in functions ‘kstest2’ or ‘fishertest’ as indicated in the figure 

legends.  

II.D.4.2 Quantitative Image Analysis 

All images collected using the IncuCyte S3 system were analyzed using the 

IncuCyte Software (Essen Biosciences). Cell counting parameters were 

empirically determined using untreated cells and a subset of cytotoxic compounds. 

Analysis settings for SYTOX Green+ objects were: Top-Hat segmentation; Radius 

(μm) between 50 and 100; Threshold(G  ) between 5 and 10;  dge split on;  dge 

sensitivity between -25 and -45; Filter area min between 20 and 55; Filter area max 

between 2600 and 3000; Max eccentricity between 0.90 and 0.95. Analysis 

settings for mkate2+ objects were: Top-hat segmentation, Radius(μm) between 

100 and 110; Threshold(GCU) between 0.8 and 1; Edge split on; Edge sensitivity 

between -45 and -35; Filter area(μm2) max between 100 and 110; Filter area(μm2)  

max between 2600 and 3000. The counts per well for the Sytox+ and mkate2+ 

objects were exported to excel and loaded into MATLAB for further analysis. For 

some experiments that did not require kinetic analysis, images were acquired 

using an EVOS FL Auto automated microscope. For images obtained using the 
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EVOS microscope, the images were analyzed using custom MATLAB scripts, 

available upon request. 

II.D.4.3 Flow Cytometry Analysis 

Flow cytometry data were analyzed using FlowJo (v. 10.5.3). For gating 

cells of interest, FSC/SSC were used to identify cells, and FL2-A versus FL2-H 

was used to identify single cells. Cell cycle stage was quantified from the PI 

intensity using the FlowJo Cell Cycle analysis built-in function, using the Dean-

Jett-Fox algorithm. To quantify apoptotic cells and/or cells with DNA damage for 

each cell cycle stage, area gates were used based on the negative control 

untreated samples.  

II.D.4.4 Calculation of Drug GRADE 

See also Figure II-4A and Figure II-7 for a step-by-step guide for calculation 

of drug GRADE. Live cell and dead cell data generated from microscopy were used 

to calculate “fractional viability” (live cells divided by total cells; FV). In this study, 

FV data were not normalized (i.e. raw data were used), as the baseline cell death 

observed in U2OS cells in the absence of any drug was very low. In cell lines which 

have high basal levels of death, FV values will be much lower than 1 even without 

any drug exposure. In these cases, GRADE could be calculated from FV values 

normalized relative to the basal death rate. Growth rate inhibition metrics (GR) 

were calculated as described.52 To calculate drug GRADE, we focused on all 

doses of a given drug that are less than or equal to the GR50 dose. Our 

experimental and simulated data show that the relationship between FV and GR 
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is roughly linear for GR values between 0 – 1. Thus, for these doses the 

relationship between GR and FV were fit to a linear function. For most studies, the 

majority of the RV scale is captured within the GR 0 -1 range, including the IC50 

dose. The GR50 is highly correlated with the traditional IC50 (i.e. IC50 from an RV 

dose response curve), so focusing on the positive portion of the GR scale means 

that drug GRADE will capture the degree to which cell death contributes to 

responses observed at the IC50 dose. Drug GRADE was determined using the 

following equation: 

 

𝐺𝑅𝐴𝐷𝐸 =
𝑡𝑎𝑛−1(𝑚𝑑𝑟𝑢𝑔)

𝑡𝑎𝑛−1(𝑚𝑚𝑎𝑥)
 

 

where tan-1 is the inverse tangent (‘atan’ function in  AT A ), mdrug is the slope of 

the linear fit relationship between FV and GR for doses of GR where GR is greater 

than or equal to zero, and mmax is the maximum slope observed over the same 

range of GR values, given the assumption that the observed response was entirely 

due to cell death, without any drug-induced slowing of cell proliferation. The 

maximum possible slope was determined from simulated experiments as 

described in Figure II-3. Thus, drug GRADE reports as a percentage the 

contribution of cell death to the observed response at IC50 dose. A custom function 
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for computing drug GRADE is available on GitHub (github.com/MJLee-

Lab/GRADE) and included as Supplemental Code 1. 

II.D.4.5 Use and interpretation of drug GRADE 

Drug GRADE can be calculated using data derived from any experimental 

platform that provides independent single cell measurements of live and dead 

cells, including flow cytometry, microscopy, or a SYTOX based plate reader 

assay.37 If the measurement of cell death is agnostic to the mechanism of killing, 

GRADE can be used to compare drugs that kill by any mechanism. GRADE values 

vary from 0 – 100 and report the degree to which cell death contributes to a drug 

response. For instance, a GRADE of 50 means that 50% of the observed response 

was due to cell death, with the remainder caused by proliferative arrest. Drug 

GRADE can be calculated from the relationship between FV and RV, or FV and 

GR. If making comparisons between cell types, we recommend using FV and GR, 

as the GR measurement corrects for artefactual differences in drug response 

related to differences in assay length or proliferation rate between cell types. For 

calculation of drug GRADE key considerations include the doses of drug tested 

and the time point(s) analyzed. Regarding doses, stable GRADEs require multiple 

data points for which GR is between 0 – 1. Ideally, the majority of this range should 

also be captured within the doses tested. GRADE can be calculated from 

essentially any dose series (2-fold, half-log, log dilution, etc.), given that multiple 

doses produce responses within the GR 0 – 1 range. For drugs that are essentially 

non-functional (GR and FV values > 0.9 at all doses), drug GRADEs are noisy and 
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should not be calculated. These limitations/considerations are similar for drug 

GRADE and for more traditional pharmaco-metrics such as the EC50. Regarding 

time of analysis, because FV measures drug-induced cell death, it is critical that 

measurements be made after the onset time of cell death. Death onset times vary 

by drug, and by dose. For drugs in this study, GRADEs change over time but are 

stable by approximately 48 hours after drug addition.  

 For some particularly efficacious or toxic drugs, GR values shift at 

consecutive doses from GR ~ 1 (no response) to GR < 0 (strong killing resulting in 

a negative population size). In these situations, only 1 or 0 data points would fall 

within the desired window for calculation of GRADE. Drug GRADE should not be 

calculated from single doses; however, single dose measurements of FV and GR 

can be used to compute average death rates and average proliferation rates. At 

any given dose, the average proliferation rate and death rate of the population can 

be determined based on the location of the data in the FV/GR plot. An example is 

shown in Figure II-7D-E. Similar to drug GRADE, these values report the relative 

contribution of cell death and inhibition of proliferation to the observed response at 

a given dose. For these data, the death rate and proliferation rate are reported 

relative to the proliferation rate of untreated cells (i.e. 0.05 means 5% of the 

untreated proliferation rate).  

II.D.4.6 Modeling Growth Curves 

The experimental growth curves in this paper were fit using  AT A ’s fit 

function with the equation: 𝑦 = 𝑎 ∙ 2𝑏𝑥 , where x is time of analysis, y was the 
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number of live cells at time x, b is the proliferation rate in population doublings per 

hour, and a is a free coefficient. The a and b parameters were fit using nonlinear 

least squares. Upper and lower bounds of a parameter were constrained using the 

min and max of y, respectively. Upper and lower bounds of the b parameter were 

constrained as 1/100 and 1/10, respectively. 

II.D.4.7 Drug Dose Response Analysis 

All dose response functions for relative viability and fractional viability were 

modeled using a 4-parameter logistic regression model: 

 (𝑦 = 𝑎 +
𝑑−𝑎

1+10(𝑥−𝑏)𝑐
)  

where x is the log10 transformed drug dose, y is the observed response in RV or 

FV, a is the Einf, b the log10 transformed EC50, c the Hill coefficient, and d the 

maximum y value. Fitting error was minimized using the nonlinear least squares 

method. The lower limits for a, b, c, and d were 0, min(x)-2, 0.1, and 0; upper limits 

for a, b, c, and d were 1, max(x)+2, 5, and 1; start points for fitting a, b, c, and d 

were 0.5, (median(x)), 1, and 1. GR values were generated as described (Hafner 

et al., 2016). The GR dose response data was modeled using a 4-parameter 

logistic regression model as detailed above, with the exception that the lower limit 

of a was -1. 

II.D.5 Supplemental items – Available on GitHub 
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Table S1: Pharmacological drug response metrics for 85 drugs in U2OS 

cells, Related to Figure II-1. Table includes GR and FV values, model fitting 

parameters, and drug GRADE for 85 drugs profiled in U2OS cells.  

 

Table S2: Proliferation rates and Death Rates 85 drugs in U2OS cells, Related 

to Figure II-5. Table includes GRADE inferred proliferation rates and death rates 

for each of 85 drugs at every dose tested in this study. See also Figure II-7. 

 

Supplemental Code 1: Drug GRADE analysis code, Related to Figure II-8. 

Custom MATLAB script for computing drug GRADE.   
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III. CHAPTER III. DEVELOPMENT OF A FRAMEWORK TO 

MODEL INTERACTIONS BETWEEN DRUGS AND DISTINCT 

CELL TYPES IN MIXED CULTURE 

III.A INTRODUCTION 
Pre-clinical evaluation of novel cancer therapies is an essential step in the drug 

development pipeline.48 In vitro drug evaluation includes, at minimum, a cell 

viability assay that reports the efficacy of the drug at a range of doses when tested 

in relevant cancer cell lines. The cell viability assays utilized either measure 

relative viability (RV), or fractional viability (FV). RV is a population measure that 

compares the number of live cells in a treated condition to the number of live cells 

in an untreated condition. FV measures the number of live cells in a treated 

condition compared to the total number of cells, both live and dead, in that 

condition.38 RV and FV can be easily measured using commercially available 

reagents and assays (CellTiter Glo, Alamar Blue, SYTOX dyes, Propidium Iodide, 

etc). More rigorous drug evaluation might include the measurement of drug 

response kinetics (STACK or FLICK assays), or the relative contributions of growth 

arrest and cell death to a drug response (drug GRADE).37,38,47,50 Regardless of the 

level of drug evaluation, the mentioned assays are implemented in homogenous 

mono-culture cancer cell lines. 

 Yet, cancer is not an isolated disease; many cell types play a role in disease 

progression and drug response. Within cancer, clonal heterogeneity leads to 

varied drug response across the disease.28,81  Non-cancerous cell types also affect 
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drug response in the tumor microenvironment. Cancer-associated fibroblasts 

directly influence the sensitivity of cancer cells to chemotherapies.62,82 Certain 

immune cells in the tumor microenvironment possess the ability to kill cancer cells 

themselves. This is therapeutically relevant as immunotherapies leverage the 

innate killing ability of immune cells (cytotoxic T cells and natural killer cells) to 

target and kill cancer. For example, immune checkpoint inhibitors leverage 

cytotoxic T cells (hereafter: T cells) to kill cancer cells via T cell-mediated cell 

death.13,19 Further, immune checkpoint inhibitors are often combined with 

chemotherapies, concurrently targeting T cells and cancer cells within the tumor 

microenvironment.64,65,83,84  Yet no high-throughput assay exists to study the 

cancer response to both T cell-mediated cell death and a chemotherapeutic 

stress, within a mixed cell population, in vitro. Current high-throughput cell viability 

assays are cell agnostic, meaning they cannot distinguish changes in cancer 

viability from changes in T cell viability.  Further, no study has comprehensively 

investigated the sensitivity of T cells to known FDA drugs. This is an oversight as 

previous work has demonstrated that immune cells, including T cells, are as 

sensitive to cell death-inducing stimuli as chemo-sensitive cancers.6 

 Measuring interactions between T cell-mediated cell death and cancer in 

the presence of drugs is complex. One must account for the effects of the drug on 

both T cell viability, T cell-mediated cell death efficacy, and cancer viability. When 

dealing with complex cell culture systems, it is common practice to generate 

reference models to help interpret observed experimental data. For example, 
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multiple drug combination studies utilize models of independent drug additivity 

(Bliss independence or Lowe additivity) to generate predicted drug-drug 

interactions. These models assume that neither drug affects the efficacy of the 

other, and the efficacy of the drug combination equals the summed efficacy of the 

single drugs.37,85,86 Therefore, deviation from the predicted drug-drug interaction 

indicates a non-additive drug interaction, meaning a drug is influencing the efficacy 

of another. Without the predicted drug-drug interaction models, it would be near-

impossible to interpret complex drug-drug interaction phenotypes. However, 

modeling cell-cell and drug-cell interactions within the tumor microenvironment is 

more complex than modeling drug-drug interactions. For example, a model 

combining a drug and T cell-mediated cell death must account for the drug’s effect 

on cancer cells and T cells, and account for variability in T cell-mediated cell death 

efficacy due to changing T cell viability. Current drug-drug interaction models 

cannot accommodate a “drug” with variable efficacy across time.  

 In this study, we sought to generate a reference framework that modeled 

the interaction between T cell-mediated cell death and a drug in a mixed culture 

systems consisting of T cells and cancer cells. We built a reference framework that 

modeled the variability of T cell-mediated cell death over time, generating models 

ranging from full T cell efficacy to almost no T cell efficacy. We utilized Bliss 

independence to model interactions between drugs and T cell-mediated cell death. 

We leveraged mono-culture kinetic cell viability data to generate expected 

interactions between cancer cells, T cells, and different drugs. Further, we 
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generated both a fluorescence-based and luminescence-based cell viability assay 

to measure T cell-mediated cell death in an in vitro co-culture system. We used 

these assays to parameterize T cell-mediated cell death in the reference 

framework. We found that our reference framework could accurately model 

interactions between most drug and T cell-mediated cell death. However, we also 

identify a small subset of drugs which deviated from the reference model. These 

drugs, which were enriched for anti-cancer drugs, will likely require an adjusted 

reference model to generate predictions. Importantly, the reference model now 

enables the use of high-throughput fluorescent-based cell viability assays on 

mixed culture systems to evaluate combinations of drugs and T cell-mediated cell 

death. 

III.B RESULTS 

III.B.1 Evaluation of the response of human CD8+ T cells to all FDA-approved 

drugs 
 

Therapeutic regimens that incorporate the combination of T cell-mobilizing 

immunotherapies and canonical chemotherapies are becoming more and more 

prevalent.64,65,83,84 These drug combinations are essentially combining a 

biologically active cell (T cell) with an agent that kills cells (drug). Indeed, work from 

the Letai lab has shown that immune cells have the same level of sensitivity to 

apoptotic stimuli (such as DNA damage) as chemo-sensitive cancers.6 Therefore, 

any reference framework that generates expected interactions between drugs and 

T cell-mediated cell death must account for the sensitivities of both cancer cells 
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and T cells to a drug combined with T cell-mobilizing therapies. However, the 

sensitivity of T cells to FDA-approved drugs has never been rigorously tested. To 

answer this question, we tested the sensitivity of T cells to a library of 1,280 FDA- 
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Figure III-1. Evaluation of the response of human CD8+ T cells to FDA-approved drugs. (A) Schematic 
of cell death kinetics screen of FDA library screen in primary human T cells. initial lethal fraction, Lfi; death 
onset time, Do; maximal death rate, Dr; plateau, Plat. (B) Overlay of all FDA library cell death kinetics curves. 
(C) Replicate comparison of FDA screen detailed in A. Correlation determined using Pearson correlation. (D) 
Cell death kinetics of all anti-cancer drugs in FDA library (133 drugs, blue). Anti-cancer drug etoposide shown 
in orange. Class enrichment statistics calculated using right-tailed Fisher’s exact test. (E) GRADE plot of FDA 
screen anti-cancer drugs at 72 hours (colors). Theoretical GRADE area shown in gray. 
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  Figure III-1. Evaluation of the response of human CD8+ T cells to FDA-approved drugs continued. 

(F) GRADE plot of 5uM etoposide over time in primary human T cells. Lightening of color = increasing 

time (hours). (G) Cell death kinetics of 21 known cytotoxic drugs at 5μM in primary human T cells. (H) Cell 

death kinetics of 21 known cytotoxic T cells at 3.16μM in osteosarcoma cell line, U2OS (data from Richards 

et al, 2020). (I, top) Kinetics of number of 231-mCherry cells over time in the presence of 1000 stimulated 

T cells (green), 1000 unstimulated T cells (turquoise), or no T cells (gray). Number of cancer cells was 

normalized to number of mCherry+ cells at assay start. (I, bottom) Cell death kinetics of triple negative 

breast cancer cells in response to 1000 stimulated T cells (green), 1000 unstimulated T cells (turquoise), 

or no T cells (gray). Lethal fraction calculated using the inverse of the ratio of T cell treated conditions to 

no T cell condition. (J) Violin plots of death onset times for cell death kinetic curves in H (blue), for cell 

death kinetic curves in G (red-orange), and 1000 activated T cells on cancer in I (green). Correlation 

between conditions calculated using unpaired T test. 
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approved drugs. We cultured human primary CD8+ cytotoxic T cells for 3 days in 

bulk before they were collected and plated (Figure III-1A). T cells were then treated 

with 1,280 individual FDA-approved drugs, and cell death kinetics were monitored 

using the FLICK assay.50 The data was determined to be high quality due to high 

correlation between experimental replicates (Figure III-1B). The cell death data 

was then converted to Lethal Fraction (LF) and fit to a lag-exponential model of 

cell death (Figure III-1C).47,50 Though the cell death kinetics of the FDA library 

covered a wide range, most drugs in the library had little-to-no effect on T cell 

viability. However, when we investigated whether a particular drug class was 

enriched for T cell toxicity, we found that T cells were about 5-times more likely to 

die from an anti-cancer drug than any other drug in the FDA library (Figure III-1D). 

These data suggest that most drugs will not adversely affect T cell efficacy, but 

that anti-cancer drugs may require more consideration when combined with T-cell 

mediated cell death. 

As stated in the previous chapter, drugs can derive efficacy by causing growth 

arrest, cell death, or an amalgam thereof. Anti-cancer drugs alone cover a wide 

range of relationships between growth arrest and cell death (Figure II-8B). 

However, viewing the FDA screen data through a lens of cell death kinetics blinded 

us to whether any of the tested drugs derived efficacy through growth arrest. To 

answer this question, we compared the RV (measures growth arrest and cell 

death) and FV (measures only cell death) data for each anti-cancer drugs at 72 

hours at a 5μM dose (Figure III-1E, colored dots). We further calculated the 
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theoretical area that encompassed all possible combinations of RV and FV given 

the growth rate of untreated T cells (Figure III-1E, gray area). We found that the 

133 anti-cancer drugs covered a wide array of relationships, from non-lethal to 

causing potent cell death. We noted that some anti-cancer drugs appeared to 

derive efficacy through an amalgam of growth arrest and cell death. Further, when 

we investigated how the relationship between RV and FV changed over time, we 

found that the cell death trajectory for each anti-cancer drug varied kinetically as 

well. For example, drugs like the topoisomerase II inhibitor etoposide, derived their 

early efficacy via growth arrest, but then initiated cell death later in the time course 

(Figure III-1F). These data demonstrate that sensitivity to a drug is dictated by the 

drug’s mechanism of action (growth arrest vs. cell death), AND how this 

mechanism varies across time. 

As stated previously, any reference framework that generates expected 

interactions between drugs and T cell-mediated cell death must account for the 

sensitivities of both cancer cells and T cells. The FDA screen data established 

that anti-cancer drugs are particularly toxic to T cells, and that anti-cancer drug 

toxicity and mechanism of action varied across time. However, these insights were 

generated on a single cell population: T cells. It is remains unclear how the 

sensitivity of cancer to toxic drugs compares to T cells’ sensitivity to those same 

drugs. To answer this question, we compared the cell death kinetics of 22 known 

cytotoxic compounds in T cells and cancer cells by utilizing publicly available data 

(Figure III-1G-H).37 We observed that the known cytotoxic agents started to kill T 
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cells earlier (about 10 hours) than cancer cells (about 20 hours) (Figure III-1G-H, 

J). These data indicate that a combination of a cytotoxic drug and a T cell-

mobilizing therapy may be inherently flawed as the drug will kill the T cells first, 

curtailing their anti-cancer efficacy. On the other hand, if T cells kill cancer before 

the T cells start to die, then the cytotoxic drug should not affect T cell efficacy. To 

determine whether combining a cytotoxic compound and T cell-mobilizing agent 

will be inherently suboptimal, we must know the kinetics of T cell-mediated cell 

death. To answer this question, we cultured cytotoxic T cells, with or without 

stimuli, with cancer cells expressing the red fluorophore mCherry tagged to the 

H2B histone. An automated microscope was used to monitor the number of live 

cancer cells over time by counting the number of red nuclei present in each 

condition.  The number of red nuclei, normalized to the number of red nuclei 

present at the assay start point, were plotted over time (Figure III-1I, top). We found 

that the presence of the stimulated T cells greatly decreased cancer cell viability, 

while the unstimulated T cells had no effect. We also observed that low levels of 

stimulated T cells had little-to-no effect on cancer cell growth (Figure III-2). This 

indicated that T cells kill by initiating cell death in the target cell, and do not cause 

growth arrest. Therefore, in the case of T cell-mediated cell death, RV equates to 

FV, and lethal fraction (LF) is equal to 1-RV. We computed the cell death kinetics 

of all three T cell conditions over time and found that stimulated T cells start killing 

cancer cells after about 4 hours (Figure III-1I, bottom). When we compared the 
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death onset times of cytotoxic drugs on cancer, cytotoxic drugs on T cells, and T 

cells on cancer, we  

  

Figure III-2. Kinetics of 231-mCherry triple negative breast cancer cells in response to different 
numbers of unstimulated and stimulated T cells. Number of cancer cells was normalized to number of 
mCherry+ cells at assay start. 
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found that cytotoxic drugs start killing T cells within the same timeframe that T cells 

start killing cancer cells (Figure III-1J). Together, these data suggest the 

combination of cytotoxic compounds, such as anti-cancer drugs, with T cell-

mobilizing therapies is complex. Any model of these combinations must account 

for the variability of T cell efficacy, which is dictated by the drug’s cell death kinetics 

in T cells. 

III.B.2 Current high-throughput microscopy methods that measure cell death 

do not accommodate measuring T cell-mediated cell death in mixed 

culture 
 

Studying the interactions underlying a combination of a drug and T cell-

mediated cell death requires monitoring the effect of drug on T cells, the effect of 

drug on cancer cells, and the effect of T cells on cancer. These interactions are 

discernable only if one can individually monitor the live and dead T cell numbers, 

and live and dead cancer cell numbers. Tracking all four cell populations (live/dead 

T cells, live/dead cancer) necessitates a combination of cell markers which label 

each cell population in an unambiguous manner. Monitoring these distinct cell 

populations is possible at fixed timepoints using cell-specific fluorescently-

conjugated antibodies. However, it was unclear whether current high-throughput 

live-cell microscopy methods could differentiate these distinct cell populations. To 

answer this question, we designed a mixed culture system where cancer cells and 

T cells are cultured together in the presence of the dye SYTOX Green (Figure III-

3A, left and middle). In this system the cancer cells are expressing  
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Figure III-3. Current high-throughput microscopy methods that measure cell death do not 
accommodate measuring T cell-mediated cell death in vitro. (A) Schematic of quantitative microscopy 
issues when using a cancer-specific nuclear fluorescent marker and cell death-specific dye. (B) Example 
images of 231-mCherry cells in mono-culture, or in co-culture with 1000 unstimulated or stimulated T cells. 
(C) Quantification of images represented in B. 4 images taken/well, 2 replicates per condition. (D) Fractional 
viability calculated from quantification shown in C. 
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H2B-mCherry; live cancer cells have red fluorescent nuclei. The T cells do not 

have an endogenous marker as primary cells are not well suited for lengthy in vitro 

culturing. Theoretically, when the mixed culture is unperturbed, the live cancer 

cells and live T cells can be distinguished by the mCherry nuclei marker. Once the 

system is perturbed with a cytotoxic drug, there are now four different cell 

populations present: live cancer cells, dead cancer cells, live T cells, and dead T 

cells. The live cancer cells and T cells can still be distinguished from each other by 

the mCherry nuclei marker, but neither dead cell population has a distinguishing 

marker. Both dead cell populations will stain positive for SYTOX green. Therefore, 

any cancer FV measurements made using this system will be inherently flawed 

because any total cancer cell count will include all dead T cells as well (Figure III-

3A, right). Indeed, when we tested whether we could distinguish between live T 

cells, live cancer cells, dead T cells, and dead cancer cells, we found that we could 

not distinguish between dead cancer cells and dead T cells (Figure III-3B). Both 

dead cell types shared similar morphologies and generated the same level of sytox 

green fluorescence. We also noted that the cancer cells lost their mCherry 

positivity when they died. Further, when we quantified these images, we noticed 

that the total number of cells counted in the activated T cell co-culture condition 

exceeded the total number of cancer cells expected in that condition (Figure III-

3C). This made the stimulated T cells appeared more lethal than they actually 

were, yielding an artificially low fractional viability (Figure III-3D). Together, these 
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data demonstrate that current live-cell high-throughput microscopy methods are 

unsuitable for studying interactions between drugs and T cell-mediated cell death. 

III.B.3 Generation of in vitro system to study T cell-dependent killing 
 

Current live-cell high-throughput microscopy techniques are unable to 

parse the interactions underlying a combination of a drug and T cell-mediated cell 

death, or generate insights into how the combination specifically effects cancer cell 

viability. These drug combinations specifically target cancer cell viability. Thus, 

studying these drug combinations require a system that specifically measures 

changes in cancer cell viability. To address this issue, we developed a luciferase-

based system to study T cell-mediated cell death that solely reports the viability of 

cancer cells (Figure III-4A). Briefly, the triple negative breast cancer cell line MDA-

MB-231 was transduced to endogenously express firefly luciferase (231-luc). 

Primary human CD8+ T cells were cultured as described in Figure III-1A, and 

plated into co-culture with luciferase-expressing cancer cells. At the end of three 

days, luminescence proportional to live cell number was measured for each 

condition (Figure III-4B). Relative viability was calculated by comparing the 

luminescence in the co-culture conditions to the luminescence in the cancer mono-

culture condition. We found that the luminescence assay could detect as low as 

200 live cancer cells, meaning the assay could detect a 20x loss of signal 

compared to the starting number of cancer cells (Figure III-4B, inset).  
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Figure III-4. Generation of in vitro systems to study T cell-dependent killing. (A) Schematic of 
luminescent T-cell mediated cell death co-culture system. (B) Linearity and low-end detection limit of 
luminescence assay. (C) Differentiation state and activation state profiling of unstimulated and stimulated 
primary human T cells after 72hr of culture. (D) Fractional viability and lytic fraction kinetics of unstimulated 
and stimulated primary T cells. Fractional viability calculated as percentage of cells negative for Live/Dead 
fixable aqua stain. Lytic fraction calculated as percentage of Granzyme B+ cells. Bars represent mean of 5 
experiments and 3 different cell donors. (E) Schematic of conditioned media assay. (F) Relative viability of 
cancer cells treated with a titration of stimulated T cells (dark blue), unstimulated T cells (light blue), stimulated 
T cell conditioned media (light green), unstimulated T cells conditioned media (dark green), or 
untreated(grays). 
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In building this system, we also wanted to validate that the T cells were in 

the correct state to kill cancer cells. We examined the activation profiles of our T 

cells using markers of differentiation and activation (Figure III-4C). We found that 

unstimulated T cells were largely naïve (positive for both CCR7 and CD45RA 

expression), with a low percentage of cells being effector memory cells (negative 

for both CCR7 and CD45RA). This is not surprising as these cells were harvested 

from peripheral blood. We also observed that unstimulated T cells were negative 

for markers of early activation (CD69), lytic activity (Granzyme B), and late 

activation (PD-1). However, when we profiled T cells stimulated with an artificial 

“AP ” activator (i.e., anti-CD2/CD3/CD28 tetramer), we found the majority of cells 

were effector memory cells (negative for CCR7). Further, these cells were positive 

for markers of early activation (CD69), largely positive for the marker of lytic activity 

(Granzyme B), and largely positive for the marker of late activation (PD-1). 

Together, these data indicate that stimulation with an artificial “AP ” activator 

causes T cells to differentiate into an effector state, and activate into a lytic state, 

in which they can kill cancer cells. To further investigate the reproducibility of this 

phenotype across experiments, time, and T cell donors, we profiled T cells from 3 

different donors across 5 different experiments, for two weeks. We used markers 

of cell viability (Live/Dead fixable aqua), lytic activity (Granzyme B) and late 

activation (PD-1) to profile T cell viability and activation. We chose to omit other 

markers of differentiation and activation as our previous profiling demonstrated that 

unstimulated cells were negative for markers of lytic activity and late activation. We 
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found that, regardless of experiment or donor, unstimulated T cells steadily lose 

viability over time in culture and never gain a high level of lytic activity (Figure III-

4D, top). It should be noted that the high percentage of lytic cells from the last two 

time points was due low cell numbers, as most of the unstimulated cells had died 

by the end of the assay. However, we found that stimulated T cells maintained a 

high level of viability throughout the two weeks of culture. Further, we observed 

that stimulated T cells reached peak lytic activity by 72 hours, and that the cell 

population maintained about an 80% lytic population for the duration of the assay 

thereafter (Figure III-4D, bottom). Together, these data show that, regardless of 

experiment or cell donor, the artificial “AP ” activators create a T cell population 

which maintains high levels of viability and lytic activity while in culture. Further, 

these data show that the stimulated T cells reach peak lytic activity by 72 hours, at 

which point they are primed to initiate T cell-mediated cell death.  

T cells can affect cancer viability by directly interacting with the cancer cells, 

or by secreting cytokines that are deleterious to cell viability. Our in vitro system 

could report the effect on cancer viability resulting from the presence of stimulated 

T cells. However, it was unclear how much of the reduction in cancer viability was 

due to cytokine secretion or due to direct T cell-cancer interaction. To address this 

question, we performed a conditioned media experiment (Figure III-4E). Briefly, we 

cultured T cells with or without stimulation, titrated both T cell conditions into 10 

different dilutions, and plated the two conditions into co-culture with luciferase-

expressing cancer cells. We also continued to culture all 10 dilutions of both T cell 
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conditions for the duration of the co-culture assay. At assay endpoint, we collect 

the media from all the T cell dilutions and plated the media onto luciferase-

expressing cancer cells. After three days, we measured the luminescence of the 

surviving cancer cells and calculated RV (Figure III-4F). We found that 

unstimulated T cells had little effect on cancer cell viability except at high T cell 

densities, while media conditioned by unstimulated T cells had no effect on T cell 

viability. We also observed that stimulated T cells greatly decreased cancer cell 

viability, as did their conditioned media, but to a lesser extent. These data 

suggested that the cytokine-dependent effect on cancer viability could be titrated 

down to a tolerable level. We deduced that between 100 and 500 activated T cells 

had no cytokine-dependent killing, but still caused T cell-dependent cell death. For 

the purposes of creating a framework to model the interaction between T cell-

dependent cell death and chemotherapies, we chose to proceed with 300 

stimulated T cells.  
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Figure III-5. Development of reference framework to model the 
interaction between T cell-mediated cell death and chemotherapy. 
(A) Cell death kinetic curves for 231-mCherry cells treated with different 
numbers of stimulated T cells. Lethal fraction calculated as the inverse 
of the ratio of the treated conditions and the untreated condition. (B) 
Linear correlations between T cell number and cell death kinetic 
parameters from A. Values used to parameterize T cell → Cancer part 
of reference framework shown in red. (C) Examples Drug → T cell death 
kinetic parameters used to initialize reference framework. 5000 
stimulated T cells treated with a toxic drug (5μM camptothecin, light 
green) or non-toxic drug (DMSO, dark green). Parameters used shown 
in gray bar on right. (D) Example Drug → Cancer cell death kinetic 
parameters used to initialize reference framework. 2500 U2OS cancer 
cells treated with 3.16μM camptothecin (blue). (E) Effects of non-toxic 
(dark green) and toxic drug (light green) on live T cell numbers over 
time (Drug → T cell). Death ratio = (# live T cells, toxic)/(# live T cells, 
non-toxic) and endpoint. (F) Kinetic models used to build reference 
framework. (F, left) Cell death kinetics of T cell → Cancer adjusted for 
T cells treated with non-toxic drug (dark red) and T cells treated with 
toxic drug (pink). Pink curve generated by multiplying red curve by 
death ratio. (F, middle) Cell death kinetics of Drug → Cancer (blue). (F, 
right) Total expected cell death kinetic curves for No T cell death (dark 
violet) and T cell death (light violet) reference models. (G) GRADE plot 
of No T cell death model kinetics. (H) GRADE plot of T cell death model 
kinetics. 
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III.B.4 Development of reference framework to model the interaction between 

T cell-mediated cell death and chemotherapy. 
 

 As stated previously, combining drugs with T cell-mediated cell death is 

complex, and models of these combinations must account for variation in T cell 

efficacy dictated by the drugs’ toxicity in T cells. As such, T cell efficacy will 

inherently vary over time in the presence of a cytotoxic drug. Thus, a model of any 

combinations of drugs and T cell-mediated cell death must contain a kinetic 

component to capture the dynamic nature of T cell-mediated cell death. However, 

as previously demonstrated, current live-cell high-throughput microscopy 

techniques are unable to study interactions between drugs and T cell-mediated 

cell death. Therefore, the reference model must generate kinetic data, and 

generate data in a format compatible with mono-culture kinetic cell viability assay. 

To answer this question, we sought to build a reference framework that generates 

models comparable with the FLICK assay.50  

First, we modeled how reduction in T cell number due to cell death would 

affect the killing kinetics of T cell-mediated cell death. We fit the cell death kinetics 

for a range of T cell densities to a model of lag exponential death (Figure III-5A). 

We only used the T cell densities that demonstrated no cytokine-dependent killing 

(50 to 500 cells). We then extracted the parameters for each T cell density fit and 

compared how these parameters changed relative to T cell density (Figure III-5B). 

We found that the initial lethal fraction parameter (LFi) (Figure III-5B, top) and the 

maximal death rate parameter (Dr) (Figure III-5B, second bottom) remained 
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constant, regardless of T cell number. Therefore, we used the mean of these 

parameters to initialize our reference model. However, we also observed that the 

death onset time (Do) and plateau (plat) parameters were linearly correlated with 

T cell number (Figure III-5B, second top and bottom, respectively). We decided to 

use 300 T cells as our density of choice, and used 300 T cells’  o and plat values 

to initialize the reference framework.  

 Next, we considered how T cell-mediated cell death would change as a 

result of T cell death. Our FDA library screen data shows that most drugs have no 

effect on T cell viability, but that T cells are very sensitive to cytotoxic drugs (Figure 

III-1B, J). To capture both potential drug interactions, we built two different 

reference models: T cell death expected from a non-lethal drug, and T cell death 

expected from a cytotoxic drug (Figure III-5C). We used vehicle-treated T cells to 

parameterize the T cell death kinetics expected from a non-lethal drug (Figure III-

5C, dark green), and T cells treated with the topoisomerase inhibitor, 

camptothecin, to parameterize the T cell death kinetics expected from a cytotoxic 

drug (Figure III-5C, light green). We calculated LFi, Do, Dr, and plat values for both 

conditions by fitting with a model of lag-exponential cell death (Figure III-5C, gray 

bar). These parameters were used to model how T cell viability would change over 

time in response to a non-lethal or cytotoxic stimulus (Figure III-5E). We modeled 

the change in cancer viability over time using publicly available cell death kinetic 

data for camptothecin (Figure III-5D, plot and gray bar).37 To model how changes 

in T cell viability would affect T cell-mediated cell death efficacy, we calculated how 
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many T cells were alive after treatment with a non-lethal drug (Figure III-5E, dark 

green) or cytotoxic drug (Figure III-5E, light green). We calculated the ratio 

between the number of live T cells after cytotoxic drug treatment, and the number 

of live T cells after non-lethal drug treatment (Figure III-5E). The resultant ratio was 

the death ratio. We then modeled the T cell-mediated cell death we expected from 

300 T cells in the presence of a non-lethal drug (Figure III-5F, left dark red). The T 

cell-mediated cell death expected from T cells treated with a cytotoxic drug was 

modeling by reducing the non-lethal drug T cell-mediated cell death by the death 

ratio (Figure III-5F, left light red). We also modeled the cancer cell death expected 

from the cytotoxic drug (Figure III-5F, middle). The combined effect of T cell-

mediated cell death and a cytotoxic drug on cancer viability was modeled using 

Bliss independence.86 The Bliss independence model was then combined with the 

models of T cell death to generate the total expected cell death for cancer cells, 

treated with a cytotoxic drug, and experiencing varying degrees of T cell-mediated 

cell death (Figure III-5F, right). The reference framework generates two models: 

the total expected cell death kinetics for a co-culture system containing 300 

stimulated T cells with either a non-lethal (Figure III-5F right, dark violet) or 

cytotoxic drug (Figure III-5F right, light violet).  

We noted that the two reference models diverged greatly over time, 

dependent on the death of T cells (Figure III-5F, right). Again, the reference 

framework operates under a model of Bliss independence, which is a model of 

independent drug additivity.86 This assumes that, aside from the cytotoxic effect of 
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a drug on the T cells, neither the cytotoxic drug nor the T cell-mediated cell death 

directly affects the efficacy of the other. Any observations that deviate from the 

reference model would indicate that there is a non-additive interaction occurring 

between the drug and T cell-mediated cell death.  

As previously stated, drugs can act through an amalgam of growth arrest 

and cell death, whose relationship can vary across time. Therefore, any model of 

a drug or drug combination must account for both the cytostatic and cytotoxic 

features of a drug response. To answer this question, we modeled how the T cell-

cancer-drug interaction landscapes changed throughout time through the lens of 

RV/FV kinetics. We calculated relative viability kinetics by comparing our expected 

live cell numbers to live cell numbers modeled using vehicle-treated T cell or 

cancer cell populations. We found that, when the T cells experience a non-lethal 

drug, the reference framework models an interaction that is largely driven by the 

effects of T cell-mediated cell death (Figure III-5G, dashed dark violet). However, 

when the T cells experience a cytotoxic drug, the reference framework models a 

very different interaction (Figure III-5H). When T cell death occurs, the modeled 

interaction is drive by a combination of growth arrest and cell death in the cancer 

cells, and by cell death in the T cells (Figure III-5H, dashed light violet). Note that 

T cell-mediated cell death plays little part in the expected interaction as the 

cytotoxic drug kills the T cells rapidly (Figure III-5C). Further, the trajectory of the 

expected curves highlights the importance of considering both growth arrest and 

cell death kinetics in understanding drug mechanism of action. The GRADE plots 
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are also helpful in demonstrating how an observed T cell-mediated cell death-drug 

interaction could deviate from the reference framework. An antagonistic interaction 

would fall above the dashed violet line, indicating that less cell death was present 

than expected by the model. A synergistic interaction would fall below the dashed 

light-violet line, indicating that the drug somehow bolstered the effects of T cell-

mediated cell death, despite a drug’s expected lethality.  
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Figure III-6. Reference framework adjustment depends on relative rates of T cell and cancer death. (A) 
Modeled cell death kinetics for drug that kills cancer at faster relative death rate than T cells (Belinostat). T 
cell LF50 > Cancer LF50+36hr. (B) GRADE plot for models shown in A. (C) Modeled cell death kinetics for 
drug that kills T cells at faster relative death rate than cancer. T cell LF50 < Cancer LF50-36hr. (D) GRADE 
plot for models shown in C. (E) Modeled cell death kinetics for drug with similar relative death rate in T cells 
and cancer. T cell LF50-36hr < Cancer LF50 < T cell LF50+36hr. (F) GRADE plot for models shown in E. (G) 
List of 31 drugs with similar death rates in T cells and cancer cells. (H) Drugs with similar death rates in T cells 
and cancer are enriched for being anti-cancer drugs. Enrichment determined using right-tailed Fisher’s exact 
test. Reference framework tested using 483 drugs shared between FDA library and public data from Forcina 
et al, 2017. 
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III.B.5 Reference model adjustment depends on relative rates of T cell and 

cancer death 
 

 As previously stated, combinations involving drugs, especially cytotoxic 

drugs, T cell-mediated cell death can be complex. The relative timings and rates 

of T cell death, and cancer death, in response to a drug likely dictates whether a 

combination will have a non-additive interaction. Indeed, previous work from our 

lab has demonstrated that relative timings and rates of cell death are instrumental 

in predicting non-additive drug-drug interactions.37 However, our reference 

framework is built on an assumption of independent drug additivity. It is unclear 

how differences in rates of cell death would affect the reference framework’s ability 

to accurately model interactions between drugs and T cell-mediated cell death. To 

answer this question, we determined how relative death rates in cancer cells and 

T cells influenced the difference between the two models generated by the 

reference framework. In particular, we wanted to investigate how often the two 

models (no T cell death and T cell death) diverged from each other, and to what 

extent these models diverged. We utilized publicly available cell death kinetic data 

from the Dixon lab, which shared 483 drugs with our FDA-library screen in T cells.47 

We calculated the relative death rates of the two cell populations by computing the 

time at which a drug had killed 50% of the cell population (LF50). Drugs that never 

reached 50% cell death where assigned an LF50 of 72 hours. 

First, we looked at drugs where the relative death rate in cancer is much 

higher than the relative death rate in T cells. These are drugs which are toxic for 
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cancer, but have no toxicity in T cells. With these drugs, such as the HDAC 

inhibitor,  elinostat, we saw that our “ o T cell death” model and our “T cell death” 

model were exactly the same (Figure III-6 A-B). These data suggest that the 

reference framework accurately models interactions between these drugs and T 

cell-mediated cell death. However, it is possible that a drug with no cytotoxicity in 

T cells could have a synergistic relationship with T cell-mediated cell death, where 

the drug enhances T cell efficacy. In the case of synergy, the observed interaction 

would more closely mimic the cell death kinetics of T cell-mediated cell death.  

 We next investigated drugs where the relative death rate in T cells in much 

greater than the relative death rate in cancer. These drugs kill T cells faster, and 

with greater potency, than cancer. These drugs, such as the sodium-potassium 

ion pump inhibitor  uabain, tended to generate reference models where the “T cell 

death” model predicts less death than the “ o T cell death” model (Figure III-6 C-

D). The divergence is an example of traditional antagonism, where one drug 

(Ouabain) directly inhibits the efficacy of the other drug (T cells).  We concluded 

that the reference model accurately models interactions between T cell-mediated 

cell death and drugs with higher relative death rates in T cells. Drugs that kill T 

cells more quickly, and potently, than cancer are likely to have an antagonistic 

relationship with T cell-mediated cell death. 

 Next, we looked at drugs where the relative death rates in T cells and cancer 

were similar. In particular, these drugs reach the LF50 in both cell types within 36 

hours of each other. For example, the DNMT inhibitor SGI-1027, potently kills T  
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Figure III-7. GRADE plots of reference models generated for 31 drugs with similar relative death rates 

in T cells and cancer cells. 
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cells and cancer very quickly (Figure III-6E). The reference models for SGI-1027 

were very similar, with much of both models perfectly overlaying (Figure III-6F). 

However, SGI-1027 is an extreme example of a drug with similar relative death 

rates; it kills very quickly and potently. We were curious to see whether the 

reference models were the same for all drugs with similar relative death rates. We 

found that there were only 31 drugs which fell within our 36hr similarity window 

(Figure III-6G). Further, we found that in this subset of drugs, the two reference 

models had a wide variety of relationships (Figure III-7). These data suggest that 

the reference framework needs adjustment for drugs with similar relative death 

rates in T cells and cancer cells.  Interestingly, we also saw that drugs with similar 

relative death rates were enriched for anti-cancer drugs (Figure III-6H). Indeed, a 

drug with a similar relative death rate is about 16 times more likely to be an anti-

cancer drug than any other type of drug. Together, these data suggest that our 

reference framework needs adjustment for drugs with similar relative death rates. 

While these drugs are relatively rare, extra precautions should be taken when 

generating reference models for anti-cancers drugs.  

III.C DISCUSSION 
 As cancer research has advanced, it has become abundantly clear that 

there are still many aspects of the disease that we do not fully comprehend. 

Foremost amongst these unknown aspects is how cell-cell interactions within the 

tumor microenvironment can affect therapeutic drug responses, and vice versa. 

13,62,87,88 In particular, the emergence of immunotherapies, such as immune 



97 

 

checkpoint inhibitors, has made it essential that we understand how cytotoxic T 

cells interact with cancer cells, and how this interaction is modulated by different 

cancer therapies.19 Robustly investigating the interaction between T cell-mediated 

cell death and drugs requires collection of both pharmacokinetic and cell death 

kinetic data.37,38,89 Unfortunately, current systems which can collect high-quality, 

pharmacokinetic and cell death kinetic data in a high-throughput manner (Incucyte 

S3 system) are ill-suited for investigating cell death kinetics in a co-culture system 

(Figure III-3).   

 Here, we build upon previous works that used modeling to predict 

interactions in drug combinations.37,72,85 We extend these models to build a 

reference framework that models the interactions between cancer cells, T cells, 

and a drug, across time, and with varying degrees of T cell-mediated cell death. 

The reference framework uses a Bliss independence-based model, which 

assumes an independent, additive mechanism of drug interaction, meaning that 

the drug does not influence T cell efficacy, and vice versa.86 Importantly, the 

reference framework can be used to generate a benchmark to score interactions 

against before actually testing different T cell-mediated cell death-drug 

combinations. Then, the actual total expected cell death of a particular combination 

can be measured using a cell death kinetic assay (FLICK assay).50 By comparing 

the benchmark from the reference model to the observed results, deviations from 

an independent, additive model of combination can be scored. The reference 

model also allows for the optimization of which dose of drug, and at which time 
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point, a certain T cell-mediated cell death-drug combination should be tested.  

Further, the reference framework integrates known growth and cell death 

phenotypes for different cell types and different drugs into a single usable format.  

In the future, the reference framework can be adapted to accommodate 

more complex mixed culture systems. For instance, more than one drug 

perturbation can be added to the framework as long as the effect of the drug on 

each individual cell type is known. However, drug combinations are not easy to 

predict.37,72,85,89 More work needs to be put into understanding the landscape of 

drug-drug interactions, and the rules that define it, before the reference model 

should be expanded. Additionally, the reference model can be expanded to 

accommodate mixed culture conditions that involve more than two cell types, as 

long as the effects of each cell types on the other is measured independently.  

While the reference framework generates models for cell death-based 

kinetic assays, such as the FLICK assay, the model should be rigorously validated 

in a secondary assay. In particular, the validation assay should allow for 

differentiation of all live and dead cell populations (i.e., live cancer cells, dead 

cancer cells, live T cells, dead T cells). Further, the validation assay should allow 

for continual kinetic measurements in a single condition – all measurements in a 

single well versus using different wells for different kinetic time points. 

Unfortunately, currently there are no cell-type specific dyes that can used with live 

cell imaging throughout the course of an assay. While there are cell-type specific 

dyes for flow cytometry-based assays, these techniques do not allow for continual 
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measurements within a single condition. Instead, multiple treated conditions are 

required to take multiple timepoints. CellTracker and CellTrace dyes can be used 

to label specific cell populations before the cells go into mixed culture, but these 

dyes also have their drawbacks. These dyes dilute as the cells proliferate, 

decreasing the intensity of the dye as the cell population grows. These dyes also 

are not guaranteed to continue staining once a cell’s membrane integrity is 

compromised after cell death. Finally, there is no guarantee that these dyes will 

not affect cell viability and function, which could artificially mar the results of any 

mixed culture experiment.90,91 

Without thorough validation using quantitative microscopy, it is still unclear 

how predictions generated by the reference framework will translate to even more 

complex, in vivo models of the tumor microenvironment. In particular, results from 

in vivo experiments are quite different than the results generated by the reference 

model, or from an in vitro cell death-based assay. In vivo experiments often report 

viability using tumor size, or progression-free survival measurements. It is unclear 

how the metrics models by the reference frameworks would compare with the 

metrics generated via in vivo experiments. Further, it is unclear how deviations 

from additive interactions will present in an in vivo setting. In vivo systems cannot 

generate cell death measurements for specific cell populations. Any cell death and 

cell viability measure would likely reflect all cells present in the tumor, and not a 

specific population. Further validation of the reference framework is required 

before any insights into in vivo results can be made. 
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III.D MATERIALS AND METHODS 

III.D.1 Cell lines and culture conditions 
 

MDA-MB-231 cells were obtained from the American Type Culture Collection 

(ATCC). MDA-MB-231 cells expressing Firefly Luciferase (231-luc) cells were 

generated by transducing MDA-MB-231 cells with 500μL of firefly luciferase 

lentivirus. Cells were selected using 2.5μg/mL of puromycin. MDA-MB-231 cells 

expressing H2B-mCherry (231-mCherry) cells were generated by transducing 

MDA-MB-231 cells with 15μL of H2B-mCherry lentivirus and selected with 

250μg/mL hygromycin B for 7 days. H2B-mCherry lentivirus was kindly gifted by 

the  itchell  ab. All cancer cell lines were cultured in  ulbecco’s modified eagle 

medium (DMEM) (Cat# MT10017CV, Fisher Scientific) supplemented with 10% 

fetal bovine serum (Cat# PS-FB2 (USDA Origin), Lot# 21E1202, Peak Serum), 2 

mM L-glutamine (Cat# 02500cl, Fisher Scientific), and penicillin/streptomycin 

(Cat# 30-002-Cl, Corning). Cell lines were cultured in incubators at 37C with 5% 

CO2. For passaging, cells were rinsed with PBS, dissociated with 0.25% trypsin 

(Cat# 15090- 046, Life Technologies), quenched with complete DMEM. Cells were 

counted using a hemocytometer and plated as described in the Methods section.   

 Human peripheral blood CD8+ T cells were purchases from StemCell 

Technologies (Cat#: 70027, Batch#: 200382905C/ Donor ID: 110040679) and 

cultured in ImmunoCult-XF T cell Expansion Medium (StemCell Technologies, 

Cat#: 10981), supplemented with 2mM penicillin/streptomycin (Cat# 30-002-Cl, 

Corning) and 10ng/mL human recombinant IL-2 (StemCell Technologies, Cat#: 
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78220.3). T cells were stimulated using ImmunoCult Human CD3/CD28/CD2 T 

Cell activator according to manufacturer recommendations (StemCell 

Technologies, Cat#: 10970). 

III.D.2 Chemicals and Reagents 

Drugs     

Name Supplier Catalog Number 

Abemaciclib Selleck Chemicals S5716 

ABT-199 (Venetoclax) ApexBio Technology A8194 

ABT-263 (Navitoclax) Apex Biologics A3007 

ABT-737 ApexBio Technology A8193 

Alpelisib Selleck Chemicals S2814 

Axitinib (AG 013736) ApexBio Technology A8370 

AZD7762 Apex Biologics  A5919 

Belinostat (PXD101) Apex Biologics A4096 

BI 2536 Apex Biologics A3965 

Nintedanib (BIBF 1120) Selleck Chemicals S1010 

Bortezomib (PS-341) Apex Biologics A2614 

Bromodomain Inhibitor, (+)-
JQ1 

Apex Biologics A1910 

Buparlisib (BKM120, NVP-
BKM120) 

Selleck Chemicals S2247 

Cabozantinib (XL184, BMS-
907351) 

Selleck Chemicals S1119 

Camptothecin Selleck Chemicals S1288 

Cediranib (AZD217) Apex Biologics A1882 

Cisplatin Selleck Chemicals S1166 

Dasatinib Selleck Chemicals S1021 

Dinaciclib (SCH727965) Selleck Chemicals S2768 

Docetaxel ApexBio Technology A4394 

Doxorubicin hydrochloride Sigma Aldrich D1515-10MG 

Entinostat (MS-275,SNDX-
275) 

ApexBio Technology A8171 

Erastin Selleck Chemicals S7242 

Erastin2 Cayman Chemical 27087 

Etoposide Selleck Chemicals S1225 

Everolimus (RAD001) ApexBio Technology A8169 

Foretinib Apex Biologics A2974 

Ipatasertib (GDC-0068) Selleck Chemicals  S2808 
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JNJ-26854165 (Serdemetan) Apex Biologics A4204 

Luminespib (AUY-922, NVP-
AUY922) 

Selleck Chemicals S1069 

MG-132 Apex Biologics A2585 

MK1775 Apex Biologics A5755 

Neratinib Selleck Chemicals S2150 

Niclosamide ApexBio Technology B2283 

Nigericin sodium salt ApexBio Technology B7644 

Nilotinib Apex Biologics A8232 

Olaparib (AZD2281, Ku-
0059436) 

Selleck Chemicals  S1060 

Oubain Apex Biologics B2270 

Paclitaxel (Taxol) ApexBio Technology A4393 

Pazopanib Hydrochloride Apex Biologics  A8347 

PD 0332991 (Palbociclib) 
HCl 

ApexBio Technology A8316 

Pictilisib (GDC-0941) Selleck Chemicals S1065 

RITA (NSC 652287) Apex Biologics A4202 

RSL3 ApexBio Technology B6095 

Sapanisertib (INK 128, 
MLN0128,TAK-228) 

Selleck Chemicals S2811 

Saracatinib (AZD0530) Selleck Chemicals S1006 

SB743921 HCl Apex Biologics B1590 

SGI-1027 ApexBio Technology B1622 

Sorafenib Apex Biologics A3009 

TAE684 (NVP-TAE684) Apex Biologics A8251 

Taselisib (GDC 0032) Selleck Chemicals S7103 

Temozolomide ApexBio Technology B1399 

Teniposide Selleck Chemicals S1787 

TGX221 Selleck Chemicals S1169 

Tivantinib Selleck Chemicals S2753 

Tivozanib (AV-951) Apex Biologics A2251 

Topotecan HCl ApexBio Technology B2296 

Torin 1 ApexBio Technology A8312 

Torin 2 ApexBio Technology B1640 

Trametinib (GSK1120212) Selleck Chemicals S2673 

Triptolide Apex Biologics A3891 

Vincristine Apex Biologics A1765 

Volasertib Selleck Chemicals S2235 

Vorinostat Apex Biologics A4084 

YM-155 HCl Apex Biologics A3947 
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FDA Drug Libraries (US and 
International): 1280 
compounds 

UMass Chan Small 
Molecule Screening 
Core 

  

 

Antibodies     

Reagent Supplier Catalog Number 

Live/Dead Fixable Aqua and 
Violet 

Thermofisher 
Scientific 

L34965/L34955 

CD3 (UCHT1) Mouse mAb 
(PE-Cy7® Conjugate) 

Cell Signaling 
Technologies 

62670S 

PE anti-human/mouse 
Granzyme B recombinant 
antibody BioLegend 

372207 

Brilliant Violet 421 anti-
human CD279 (PD-1) 
antibody BioLegend 

329919 

FITC anti-human CD45RA 
Antibody BioLegend 

304106 

Pacific  lue™ anti-human 
CD197 (CCR7) Antibody BioLegend 

353210 

PE anti-human CD279 (PD-
1) Antibody BioLegend 

329906 

P   azzle™ 594 anti-
human/mouse Granzyme B 
Recombinant Antibody BioLegend 

372216 

Alexa Fluor® 647 anti-human 
CD69 Antibody BioLegend 

310918 

 rilliant Violet 785™ anti-
human CD8 Antibody BioLegend 

344740 

 

Reagent or Resource Supplier Identifier 

Corning 96-well black-sided 
optical bottom plates Corning Cat#:3904 

Thermo Scientific solid white 96-
well sterile TC plates Fisher Scientific Cat#:1256626 

DMEM (high w/L-gln w/o 
pyruvate) Fisher Scientific Cat#:MT10017CV 

T Cell Activation/Expansion Kit, 
human Miltenyi Biotec Cat#:130-091-441 
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IncuCyte S3 Live-Cell Analysis 
System Essen Bioscience SN: 4647 

Immuno ult™  uman 
CD3/CD28/CD2 T Cell Activator 

StemCell 
Technologies Cat#:10970 

Protein Transport Inhibitor Golgi 
Stop Fisher Scientific Cat#:BDB554724 

Sytox Green Nucleic Acid Stain 
ThermoFisher 
Scientific Cat#:S7020 

Xenolight D-Luciferin Potassium 
Salt, Perkin Elmer Fisher Scientific Cat#:502099902 

BD Fixation/Permeabilization 
Solution Kit with BD GolgiStop Fisher Scientific Cat#:BDB554715 

Fetal Bovin Serum Peak Serum 
Cat #: PS-FB2 (USDA 
Origin) Lot #: 21E1202 

Miltenyi MACSQuant VYB Miltenyi Biotec SN: 3143 

Spark Microplate Reader Tecan SN: 1711001194  

MATLAB MathWorks Version: 2021a 

 

III.D.3 Methods 

III.D.3.1 T cell FDA library screen 

CD8+ T cells were thawed according to manufacturer recommendations, 

counted with a hemocytometer, and resuspended to 1 million cells/mL. T cells were 

cultured as stated above for three days. After 72 hours, cells were collected, 

counted with a hemocytometer, and resuspended to 1 million cells/mL. The 

required number of cells were removed from culture and resuspended to 5000 

cells/90μL of culture media and plated into 96-well optical bottom black-sided 

tissue culture plates. The FDA drug library was purchased from the small molecule 

screening core at UMass Chan Medical School at 1mM concentration suspended 

in DMSO. The drug library was further diluted in 1x phosphate-buffered saline 

(PBS) to a pin plate concentration of 50μM. 10μL of the pin plate dilutions were 

added into the corresponding wells the 96-well plates containing 5000 T cells to a 
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final concentration of 5μM (replicates = 3). Further, SYTOX green dye was added 

to each well to a final concentration of 5μM. Cell death kinetics were monitored 

using the FLICK assay for 72 hours (gain = 120, border = 0μM, 3x3 filled read 

method).50 

III.D.3.2 T cell-mediated cell death kinetics with 231-mCherry cells 

On day -3, CD8+ T cells were thawed according to manufacturer 

recommendations, counted with a hemocytometer, and resuspended to 1 million 

cells/mL, and cultured with or without the presence of ImmunoCult T cell activator. 

T cells were cultured for three days at 37C and 5% CO2. On day -1, 231-mCherry 

cells were collected and suspended to 4000 cells/100μL. 100μL of the cell 

suspension was plated into each well of a 96-well optical bottomed tissue culture 

plate. Cells were allowed to adhere overnight at 37C with 5% CO2. On Day 0, 

stimulated and unstimulated T cells were collected, counted with a 

hemocytometer, and resuspended to 1 million cells/mL. Both T cells conditions 

were then diluted to 0, 50, 100, 150, 200, 300, 500, or 1000 cells/100μL of media. 

The media from the 231-mCherry 96-well plate was aspirated and replaced with 

100μL of fresh media, a titration of unstimulated T cells, or a titration of stimulated 

T cells (n = 2). SYTOX green was added to each well to a final concentration of 

50nM. Images were acquired using the IncuCyte S3 microscope (Essen 

Biosciences; 1408x1040 pixels, at 1.24 mm/pixel). Acquisition settings for the 

green channel were ex: 460 ± 20, em: 524 ± 20, acquisition time: 300ms; and red 

channel were ex:585 ± 20, em: 635 ± 70, acquisition time: 400ms. Imaging was 
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performed using a 10x objective. 4 images were acquired/well. Each well was 

imaged every 6 hours for 48 hours. The red nuclei present in each well at each 

time point were quantified using custom MATLAB code. 

III.D.3.3 Conditioned Media Co-culture luminescence assay 

On day -3, CD8+ T cells were thawed according to manufacturer 

recommendations, counted with a hemocytometer, and resuspended to 1 million 

cells/mL, and cultured with or without the presence of ImmunoCult T cell activator. 

T cells were cultured for three days at 37C and 5% CO2.  

On day -1, 231-luc cells were collected and suspended to 4000 cells/100μL. 

100μL of the cell suspension was plated into each well of a 96-well white-sided 

tissue culture plates. Cells were allowed to adhere overnight at 37C with 5% CO2.  

On Day 0, stimulated and unstimulated T cells were collected, counted with a 

hemocytometer, and resuspended to 1 million cells/mL. Both T cells conditions 

were then diluted to 0, 50, 100, 150, 200, 300, 500, 1000, 5000, or 10000 

cells/100μL of media. The media from the 231-luc 96-well plates was aspirated 

and replaced with 100μL of fresh media, a titration of unstimulated T cells, or a 

titration of stimulated T cells (n = 2).  Additionally, the 10 different T cell dilutions 

for both T cell conditions were plated into u-bottom 96-well plates. All plates were 

incubated for 3 days at 37C and 5% CO2.  
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On day 2, 231-luc cells were collected and suspended to 4000 cells/100μL. 

100μL of the cell suspension was plated into each well of a 96-well white-sided 

tissue culture plates. Cells were allowed to adhere overnight at 37C with 5% CO2.  

On day 3, each T cell density was collected from the u-bottom plate and spun 

down at 300xg for 10 minutes to separate cells from media. The conditioned media 

was carefully aspirated from each T cell density and collected. The media from the 

day 2 231-luc plates was aspirated and replaced with 100μL of fresh media, 

unstimulated T cell conditioned media, or stimulated T cell conditioned media from 

each T cell density. The conditioned media plates were incubated for another 3 

days at 37C with 5% CO2. Additionally, D-luciferin was dissolved in PBS, and was 

added to each well of the Day 0 co-culture plates to a final concentration of 

2mg/mL. Plates were gently agitated and allowed to incubate at room temperature 

for 30 minutes. Luminescence was them measured using the Spark microplate 

reader (integration = 500/ms). 

On Day 6, D-luciferin was dissolved in PBS, and was added to each well of 

the Day 3 conditioned media plates to a final concentration of 2mg/mL. Plates were 

gently agitated and allowed to incubate at room temperature for 30 minutes. 

Luminescence was them measured using the Spark microplate reader (integration 

= 500/ms). 

III.D.3.4 T cell differentiation and activation time-course profiling 

T cells were activated using T cell Activation /Expansion Kit, human (Miltenyi 

Biotec, Cat#: 130-091-441) according to manufacturer recommendations. T cells 
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were cultured for 3 days at 37C with 5% CO2. Cells were treated with BD GolgiStop 

(BD Biosciences, Cat#: 554724) 6 hours prior to cell staining per manufacturer 

recommendations.  Cells were collected and spun down at 300xg for 5 minutes at 

4C. Supernatant was aspirated and cells were resuspended in 100μL of Live/Dead 

fixable aqua dye diluted in PBS per manufacturer recommendations. Cells were 

incubated for 30 minutes in the dark at room temperature. Cells were washed twice 

with 200μL of FACS buffer (PBS with 10% FBS and 0.1% sodium azide) and 

pelleted at 300xg for 5 minutes at 4C. Cells were stained with 100μL of an 

extracellular antibody cocktail for 20 minutes at 4C in the dark. Antibody dilutions 

were optimized ahead of time per manufacturer recommendations. Cells were 

washed twice with 200μL of FACS buffer and pelleted at 300xg for 5 minutes at 

4C. Cells were fixed for 5 minutes at 4C with 4% paraformaldehyde. Cells were 

washed twice with 200μL of FACS buffer and pelleted at 300xg for 5 minutes at 

4C. The supernatant was aspirated and the cells were resuspended in 100μL of 

BD Fixation/Permeabilization solution (Thermo Fisher Scientific, Cat#: 

BDB554714) for 20 minutes at 4C in the dark. Cells were washed twice in 200μL 

of 1x BD Perm/Wash buffer (Thermo Fisher Scientific, Cat#: BDB554714) and 

pelleted at 1500xg for 3 minutes. Cells were resuspended in 50μL of BD 1x 

Perm/Wash buffer containing a pre-determined optimal concentration of 

intracellular fluorochrome-conjugated antibody and incubated for 30 minutes at 4C 

in the dark. Cells were washed twice with 200μL of 1x BD Perm/Wash buffer and 
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pelleted at 1500xg for 3 minutes at 4C. Cells were resuspended in 200μL of 1x BD 

Perm/Wash buffer before flow cytometric analysis. 

III.D.4 Analysis 

III.D.4.1 Data analysis and statistics 

Statistical details can be found in figures. Death kinetics were determined using 

MATLAB, as described (Richards et al., 2021).50 Dose response curves and 

GRADE plots were generated as previously described (Schwartz et al., 2020).38 

 inear fits were calculated using  AT A ’s built-in ‘fit’ function with fit type ‘poly1’. 

MATLAB built-in functions ‘fishertest’ and ‘ttest’ were used to calculate statistical 

enrichments. 

III.D.4.2 Quantitative Data Analysis 

Images acquired using the IncuCyte S3 system and analyzed using custom 

MATLAB scripts, which are available upon request. 

III.D.4.3 Flow Cytometry Analysis 

Flow cytometry data was analyzed using FlowJo (v 10.8.1). FSC/SSC were used 

to identify cells, and FSC-A versus FSC-H were used to identify single cells. Gates 

were determined using untreated, single dye, and full panel minus one controls.  

III.D.4.4 Generation of Reference Framework 

Calculating total cell numbers over time 

Growth rates for treated and untreated T cells and cancer cells were 

calculated as described (Schwartz et al., 2020).38 The starting number of cancer 

cells and T cells were set at 5000 and 300 cells, respectively. The theoretical total 
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number of cells over time were calculating using the experimentally determined 

growth rates and the starting cell numbers for treated and untreated T cells and 

cancer cells.  

Drug Cell death kinetics 

Lag exponential cell death (LED) kinetics for T cells and cancer cells in response 

to drugs were calculated as previously described (Richards et al., 2021) using 

experimental data or publicly available cell death data.50 Experimentally 

determined LED parameters for each condition were used to generate theoretical 

LED kinetic curves for each treatment condition. 

T cell-mediated cell death kinetics 

The relative viability of 231-mCherry cells treated with different T cell conditions 

was calculated at each time point by comparing the number of red nuclei in the 

treated conditions to the number of red nuclei in the untreated conditions. LF was 

calculated by subtracting the RV kinetic data from 1 at each time point. LED 

kinetics for T cell-mediated cell death were determined as described (Richards et 

al., 2020).37 LED parameters for each T cell condition were extracted from curves 

fits. The LED parameters for 300 stimulated T cells were used to generate 

theoretical LED kinetic curves for T cell-mediated cell death. 

Calculating expected live and dead cell numbers over time 
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The theoretical number of dead cells over time were calculated by multiplying the 

theoretical total cell number over time by the corresponding LED kinetic curve for 

each condition (drug treated and untreated T cells, drug treated and untreated 

cancer cells, T cell-mediated cell death). The live cell number over time was 

calculated by subtracting dead cell numbers over time from total cell numbers over 

time.  

Adjusted T cell-mediated cell death 

The death ratio was determined by dividing the number of live T cells in the drug 

treated condition by the number of live T cells in the untreated condition at assay 

endpoint. Adjusted T cell-mediated cell death was determined by multiplying the 

theoretical LED kinetic curve for 300 stimulated T cells by the death ratio. The 

theoretical number of dead cancer cells over time expected from adjusted T cell-

mediated cell death was calculated by multiplying the theoretical total cancer cell 

number over time by the adjusted LED kinetic curve. The live cancer cell number 

over time was calculated by subtracting dead cell numbers over time from total cell 

numbers over time.  

Bliss independence calculation 

The expected lethal fraction for cancer cells treated with a drug and T cell-

mediated cell death was calculated over time using Bliss independence: 

𝐵𝑙𝑖𝑠𝑠𝑖 = (𝐿𝐹𝑑𝑟𝑢𝑔𝑖 + 𝐿𝐹𝑡𝑐𝑒𝑙𝑙𝑖) − (𝐿𝐹𝑑𝑟𝑢𝑔𝑖 × 𝐿𝐹𝑡𝑐𝑒𝑙𝑙𝑖) 
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The bliss dead cancer cell number for both models (normal T cell-mediated cell 

death and adjusted T cell-mediated cell death) were calculated by multiplying the 

treated total cancer cell number by the bliss lethal fraction for each time point. Bliss 

live cancer cell number at each time point was determined by subtracting the 

theoretical dead cancer cell number from the treated total cancer cell number. 

Calculating total expected cell numbers over time 

Total dead cell numbers were calculated by summing the Bliss dead cancer cell 

number with the dead T cell number for each time point. Total live cell numbers 

were calculated by summing the Bliss live cancer cell number with the live T cell 

number for each time point. Untreated total cell numbers were calculated by 

summing the expected live and dead cell numbers for untreated T cells and cancer 

cells at each time point. Total expected LF kinetics were calculated by dividing 

either the treated total dead cell number by the sum of the treated total dead and 

treated total live cell numbers for each time point. Total expected FV kinetics ere 

calculated by subtracting the total expected LF kinetics from 1. Total expected RV 

kinetics were calculated by dividing the treated total live cell number by the 

untreated total live cell number at each time point. 
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IV. CHAPTER IV. DISCUSSION 

IV.A SYNOPSIS OF THESIS WORK 
This thesis work sought to 1) understand how the relationship between growth 

arrest and cell death varies depending on chemotherapeutic stimuli, and 2) 

understand how this relationship is further modulated by cell-cell interactions in 

mixed culture. In this study, we show that RV and FV measure largely different 

aspects of a drug response. RV is an amalgam of growth arrest and cell death, 

while FV is solely a measure of cell death. We use our insight to generate a metric 

that consolidates RV and FV into a single measure that quantifies the proportion 

of a drug response for which cell death is responsible. We found that our metric, 

drug GRADE, outperformed traditional pharmacometrics in its ability to predict 

drug efficacy across dose and genotype. Further, we generated a reference 

framework to model how the cell-cell interactions between T cells and cancer are 

modulated by different chemotherapies. With this reference framework, one can 

now use high-throughput mono-culture cell death assays to measure how drugs 

influence T cell-mediated cell death in mixed culture.  

IV.B DRUG GRADE 
Growth arrest and cell death have a non-uniform relationship that cannot be 

predicted by only measuring net population changes. To address this issue, we 

created a new metric that integrates measures of growth arrest and cell death to 

score how much of a drug response is due to cell death. This new metric, drug 
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GRADE, performs better than traditional pharmacometrics in capturing difference 

in drug response across breast cancer subtypes.  

IV.B.1 Potential pitfalls of drug GRADE 

 rug GRA   was able to account for differences in breast cancer subtypes’ 

sensitivity to a subset of DNA-damaging drugs, which traditional pharmacometrics 

were not able to capture. However, it remains unclear how drug GRADE would 

perform with a larger selection of drugs, and across more diverse cancer 

genotypes. To prove that drug GRADE is indeed a beneficial addition to 

pharmacology, we need to show that drug GRADE can outperform traditional 

pharmacometrics in all scenarios.  

Further, to make drug GRADE a relevant metric in drug development and 

evaluation, insights generated with drug GRADE must be translatable to clinical 

settings. It is still unclear whether drug efficacies predicted by drug GRADE 

correlate with drug efficacy in a clinical setting. On one hand, drug GRADE was 

able to show that DNA damaging drugs work better in TNBC than in luminal 

subtypes, which is supported by clinical observations.78 On the other hand, drug 

GRADE predicts that the CDK 4/6 inhibitor, Palbociclib, would cause growth arrest, 

but not cell death, at clinically relevant doses.  owever, Palbociclib’s efficacy 

against breast cancer has been demonstrated clinically multiple times; it is an 

approved first-line treatment for breast cancer.11,92 Why does a drug like 

Palbociclib have efficacy clinically that cannot be predicted in vitro? In vitro drug 

evaluation would not be able to account for cell-cell interactions within the tumor 
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microenvironment that could increase the efficacy of Palbociclib. For example, 

work with another CDK 4/6 inhibitor, abemaciclib, has demonstrated that CDK 4/6 

inhibition should synergize with anti-PD-1 immune checkpoint blockade.93 

When considering the generalizability of drug GRADE, we must also test 

whether drug GRADE will perform well in non-cancer cell lines. Drug GRADE was 

parameterized assuming a highly viable cancer cell population. Therefore, the drug 

GRADE model assumes that there is no cell death occurring in untreated cancer 

conditions. All experimental uses of drug GRADE thus far have been conducted in 

highly viable cancer cell lines which have low tonic death rates.10,58,94,95 The 

equations used to model the theoretical space which encompasses all RV/FV 

relationships do not account for high levels of tonic death (Figure II-5A). However, 

it is unclear how drug GRADE would perform when applied to a cell population that 

has a higher tonic death rate. Indeed, primary T cells have a higher tonic death 

rate than cancer cells, causing some dose response data points to fall outside of 

the theoretical dose response area. As a result, the theoretical dose response area 

was adjusted to compensate for the higher death rate in T cells (Figure III-1C). 
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Figure IV-1. Drug combination with drug GRADE. (A) GRADE plot of U2OS cells treated with ½log10 

dilution of Abt-737 for 48 hours (n = 8). Dashed line is the fit GR/FV curve. (B) GRADE plot of U2OS cells 

treated with ½log10 dilution of camptothecin for 48 hours (n=8). Dashed line is the fit GR/FV curve. (C) GRADE 

plot of U2OS cells treated with ½log10 dilution of Abt-737 and camptothecin for 48 hours (n=2). Dashed line 

is the fit GR/FV curves. (D) Overlay of data points shown in panels A-C. (E) Comparison of efficacy of 1uM 

dose of Abt-737 (blue), 1uM dose of camptothecin (red), and combination of 1uM Abt-737 + 1uM camptothecin 

(purple). Dose response data from Richards et al., 2020. drug GRADE calculated as previously described 

(Schwartz et al., 2020). 
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IV.C APPLICATIONS OF DRUG GRADE 
Though drug GRA  ’s generalizability must be verified, there are many future 

applications for drug GRADE. Drug GRADE has only been rigorously tested with 

single drugs, in mono-culture. Publicly available data suggests that drug GRADE 

does not change much when comparing singe drug GRADEs with the drug 

GRADEs of the corresponding drug combinations (Figure IV-1A-E). For example, 

two bi-phasic drugs yield a bi-phasic drug combination, with only the efficacy of the 

drug combination shifting. An exciting prospect is utilizing single drug GRADE data 

to identify promising drug combinations. Theoretically, a drug combination that 

switched death mechanism could generate a different GRADE than either single 

drug.  For example, a combination of two bi-phasic drugs (low GRADEs) yielding 

a high-scoring GRADE could indicate that the combination activated a different cell 

death pathway than either single drug. If true, drug GRADE would be an incredibly 

useful tool in identifying drug combinations that switch cell death mechanism. 

Additionally, drug GRADE could be a useful tool in investigating genotype-drug 

combinations. Drug GRADE could be leveraged to score the combined effect of 

genetic knock-down or knock-out in combination with drug perturbation. However, 

drug GRADE performance has never been tested in the context of genetic 

perturbation and would need to be validated first. 

IV.D GENERATION OF A REFERENCE FRAMEWORK TO MODEL INTERACTIONS 

BETWEEN T CELL-MEDIATED CELL DEATH AND DRUGS 
 Immunotherapies rely on the ability of immune cells, such as T cells, to 

target and kill cancer cells. Immunotherapies are combined with canonical 
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chemotherapies more frequently to extend immunotherapy efficacy in more cancer 

types and cancer patients.13,15,19,63–65,88 However, the sensitivity of immune cells, 

such as T cells, to all FDA-approved drugs has never been robustly tested. We 

found that T cells die faster than cancer cells when exposed to cytotoxic drugs 

such as chemotherapies. Further, we found that T cells start dying within the same 

timeframe that they start killing cancer cells. Combining a drug and a T cell-

mobilizing immunotherapy is complex, as one must take into account the 

sensitivities of both cancer cells and T cells to a drug. To reduce the complexity of 

combining drug with T cell-mediated cell death, we generated a reference 

framework that models interactions between drugs, T cells, and cancer. 

Importantly, the framework generates predictions that are compatible with the 

FLICK assay so that combinations of drugs and T cell-mediated cell death can be 

evaluated kinetically and in a high-throughput format.50  

IV.D.1 Pitfalls of reference framework to model interactions between T cell-

mediated cell death and drugs 
 

 The reference framework was built using a combination of mono-culture cell 

death kinetic data collected by myself, and from publicly available data. The 

framework has not been experimentally validated. Further, the reference 

framework was built on the premise of Bliss independence, which assumes 

independent drug additivity.86 The reference framework assumes that neither 

“drug” (chemical or T cell) influences the efficacy of the other “drug”. It should be 

noted that the reference framework was built as a reference – a point from which 
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to score deviation. Models generated by the reference framework are not a 

substitute for experimentally testing a drug combination. The framework sets 

expectations for what an additive drug interaction would look like at different time 

points, thus narrowing down which drug doses, and at what times, should be 

evaluated. 

 The reference framework generates two models: no T cells death, which 

assumes that the drug does not affect T cell efficacy, and the T cell death model, 

which reduces T cell efficacy proportional to T cell death. However, these 

reference models must be validated with combinations of drugs and T cell-

mediated cell death that are known to have interactions. The no T cell death model 

should be validated with drugs that have a much faster death rate in cancer than 

in T cells (Figure III-6A-B). Therefore, the drug should affect cancer efficacy before 

T cell efficacy. These drugs include: non-toxic drugs, cancer-specific toxic drugs, 

and drugs which kill T cells with a late death onset time. The T cell death model 

should be validated using drugs which kill T cells much faster than cancer. These 

drugs should reduce T cell efficacy as a result of early T cell death. The reduction 

in T cell efficacy will be captured in the T cell death model, which accounts for T 

cell death, but not in the no T cell death model (Figure III-6C-D). The T cell death 

model should be validated with drugs with known T cell sensitivity: generally 

cytotoxic drugs, drugs that inhibit secretion of lytic granules, drugs that inhibit 

differentiation into effector cells, or drugs that trigger immune checkpoint. Both 

reference models should be validated for drug that kill at the same relative rate in 
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both T cells and cancer. Our data suggests that these drugs produce the largest 

deviations between the reference models (Figure III-6E-F). Therefore, models 

generated for drugs with similar relative death rates in both cell types may need 

adjustment to account for non-additive interactions. Interestingly, the subset of 

drugs with similar death rates we identified was enriched for anti-cancer drugs. In 

particular, this subset of drugs contains multiple canonical DNA-damaging drugs 

(camptothecin, daunorubicin, docetaxel, doxorubicin, and etoposide). It has been 

posited that low levels of DNA-damage can actually prime an immunogenic 

environment that bolsters immune cell function and supports T cell-mediated cell 

death.63,65,67  

 The reference framework was parameterized using data from single drugs, 

tested in mono-culture, to model the interactions between single drugs and T cell-

mediated cell death. However, chemotherapeutic regimens often utilize 

combinations of 2+ drugs in clinical settings.65 It is unclear whether the reference 

framework can be expanded to accommodate drug combinations.  Theoretically, 

if there are no interactions between the individual drugs, the drug combination will 

follow the reference framework’s models of independent drug additivity. If the 

drugs do interact with each other, yielding an antagonistic or synergistic 

interaction, the experimental data should deviate from the reference models. 

Previous work has demonstrated that the effectiveness of many clinically-relevant 

drugs combinations can be predicted without synergy.96 This suggests that the 

reference framework should be able to model most drug combinations without 
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adjustment. Work from our lab has also demonstrated that certain types of 

antagonism can be predicted by the onset times of the dugs.37 However, it is 

unclear how these interactions can be extrapolated to multiple drugs, and in a 

mixed culture setting. Further, drugs used in combination are often administered 

with various, non-coincidental timings in a clinical setting.65 The reference model 

currently cannot accommodate staggered timings of drug administration. The 

additions of parameters which account delays in drug administration should adapt 

the reference framework to accommodate staggered drug addition. However, 

previous work shows that staggered drug administration can change the way in 

which drugs interact.37,89 It is impossible to know how the interactions between 

different drugs will change if they are administered at different times without 

formally testing the drug combinations. The principles defining the landscape of 

drug combinations need to be further defined before the reference model can be 

adapted to accommodate these eventualities.  

 The reference framework was parameterized using single drugs, tested in 

mono-culture, to model the interaction between two cell types: cancer cells and T 

cells. However, diseases are not treated in isolation from the rest of the body. Intra- 

and inter-disease heterogeneity play a role in how a cell population responds to a 

drug. It remains unclear whether the reference framework can accommodate cell 

types other than cancer and T cells, or whether the framework can accommodate 

mixed cultures of more than two cell types. To use the framework, one needs to 

determine how each cell type affects the other cell types, and determine if a certain 
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cell type combination enhances the efficacy of another. For example, dendritic 

cells cultured with T cells could enhance T cell efficacy against cancer cells.65,67,97 

Further, one needs to determine the sensitivities of individual cells types to the 

drugs in question before parameterizing the model. Different cell types have 

different sensitivities to drugs (Figure III-1G-H). As long as the cell death kinetic 

parameters for each cell type, with each drug, are known the reference framework 

should be able to expand to accommodate multiple cell types in mixed culture.  

 The reference framework generates theoretical numbers of live and dead 

cells in each cell population over time, under a given drug perturbation, and 

calculates expected cell death kinetics using this data. However, in vivo drug 

evaluations often do not generate actual cell numbers, but instead tumor size 

measurements or population survival numbers. Usually, there is no insight into the 

relative number of live and dead cells present for each cell type within the tumor. 

It is unclear whether the reference framework can generate data equivocal to 

tumor size measurement or net population survival numbers. Further, if a 

combination of a drug and a cell type yields a non-additive interaction, it is unclear 

what the resulting in vivo phenotype would be, or how the non-additive phenotype 

would vary from the reference models.  

The reference framework should be validated using a technique that 

distinguished between all specific live and dead cell populations (live cancer, dead 

cancer, live T cells, dead T cells), and allows for kinetic tracking of the different cell 

types. Live-cell quantitative microscopy is the only current method that can fulfill 
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both requisites. Unfortunately, current cell-tracking microscopy reagents are either 

cell agnostic (SYTOX dyes, CellTracker Dyes) or require a genetically-encoded 

label. Generation of genetically labeled cell lines force the creation of a 

homogenous cell population through the selection process, and exclude the ability 

to use cells types that cannot tolerate lengthy in vitro culturing. Therefore, 

reference framework validation requires the generations of robust, cell type-

specific dyes that can be coupled with cell agnostic dyes (SYTOX, YOYO-1, 

Live/Dead dyes). Further, these dyes must be non-toxic, must not interfere with 

normal cellular processes, and must not dilute throughout the assay time course.  

IV.E CURRENT ISSUES IN IN VITRO DRUG EVALUATION 
 Common drug pharmacology practices employ measures and metrics that 

do not consider the dynamic nature of disease, or account for cell-to-cell variability 

within disease. For example, RV and FV measurements are often only evaluated 

at an arbitrary assay endpoint, effectively assuming that a drug response is uniform 

throughout the assay time course. Further, both RV and FV are net population 

measurements, and do not provide insight into each individual cell’s drug 

response. Yet, recent works have demonstrated that, even within homogenous cell 

lines, stochastic cell-to-cell variation results in variable drug sensitivity across the 

entire cell population.28,98   

Additionally, current in vitro drug evaluation methods do not account for how 

other cell types may influence a drug response. The effect of other cell types on 

the target cell’s drug response are not evaluated until the drug is moved into in 
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vivo disease models.48 However, it is much harder to directly measure the effects 

of individual cell types on the target cells in vivo as these interactions are occurring 

in a complex microenvironment with multiple cell-cell interactions. Therefore, the 

effects of different cell types on a drug response should be measured before a 

drug is tested in vivo. Without fully understanding the dynamic and variable 

aspects of a drug response, our ability to predict and model drug action in humans 

is severely limited.  

IV.E.1 Advancements in in vitro drug evaluation 

 Fortunately, recent studies have begun to address current issues in in vitro 

drug evaluation. For example, Growth Rate Inhibition (GR) measures removed the 

confounding issue of differing growth rates between cell lines by scaling RV 

measures relative to starting population size. By scaling relative to starting 

population size, GR enables the identification of certain cell death responses in a 

RV-based measurement.52 Our lab built on GR by integrating GR and FV 

measurements into a single metric to quantify the contribution of cell death to a 

drug response.38  

Advancements in live-cell microscopy techniques have led to innovation in 

the field of drug response kinetics. For example, the STACK assay was one of the 

first assays to enable the measurement of cell death kinetics, and demonstrated 

the insights that can be generated by monitoring drug responses across time.47 

Expanding upon the STACK assay, our lab developed the FLICK assay, which 

allows for more accessible and high-throughput measurements of drug response 
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kinetics.50 Further, we demonstrated that cell death kinetic measurements are 

essential in predicting non-additive drug-drug interactions based on single drug 

measurements.37  

Recent studies from multiple labs have starting elucidating how different cell 

types can affect cancer’s sensitivity to a drug. For example, multiple studies have 

demonstrated that cancer-associated fibroblasts influence the sensitivity of cancer 

to drugs.61,62 Further, with the advent of immunotherapies, multiple studies have 

highlighted the interplay between immune cells and cancer, and how these 

interactions can be modulated with immunotherapies, and with 

chemotherapies.13,15,19,88,93,99 However, insights into the interactions between 

different cell types and cancer have been clouded by the lack of in vitro assays to 

investigate cell-cell interactions in mixed culture. To investigate the heterogeneity 

of the tumor microenvironment, we need better in vitro mono-culture and co-culture 

drug response data that can be leveraged to recapitulate in vivo systems. 

However, most publicly available mono-culture drug response data does not 

measure both growth arrest and cell death, let alone drug response kinetics. 

Finally, the reagents required to generate the in vitro co-culture drug response 

data that can recapitulate the tumor microenvironment do not exist. Only a few 

current assays (STACK and FLICK) can generate the necessary measurements 

to evaluate both growth arrest and cell death kinetically in mono-culture. However, 

neither of these assays can measure cell death and growth arrest, in specific cell 

types, in mixed culture. Work is needed in live-cell imaging and cell-specific live 
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cell imaging dyes that can be combined with current cell-agnostic dyes such as the 

SYTOX, YOYO-1, or CellTracker dyes.  
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