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Abstract 

 
 Therapeutics targeting oncogenic kinases have offered longer survival and superior quality 
of life for cancer patients with particular malignancies compared to the preceding standard of care. 
However, many patients still fail to show a clinically meaningful response to kinase inhibitors 
prescribed on the basis of tumor genotype, and nearly all responsive patients eventually develop 
resistance, limiting the curative potential of these agents. A more complete understanding of the 
molecular basis underlying therapy failure is required for designing new agents and combinations 
with improved response rates. In this thesis, I explore these issues using tractable experimental 
models in which genotype-matched kinase inhibitors fail to kill or durably arrest proliferation of 
cancer cells, with particular focus on the role of cellular signaling networks. 

In the first part, I have characterized a panel of human lung cancer cell lines harboring 
genetic gain-of-function alterations of clinically actionable tyrosine kinases (TKs). Using 
commonly prescribed TK inhibitors (TKIs), I show that TK genetic status generally predicts 
whether or not a cell line will show any response to genotype-matched TKI (GM-TKI), but is 
insufficient to predict drug tolerance, the ability of a cell line to sustain proliferation under drug. 
In drug combination experiments targeting co-mutated pathways, I show that some degree of 
tolerance to GM-TKI is explained by oncogenic co-mutations, but not across all lines. By 
leveraging targeted and untargeted mass spectrometry (MS) of endogenous tyrosine-
phosphorylated proteins, which enables phosphosite-specific quantification of TK signaling 
networks, I report several cell line-specific vulnerabilities not predicted to exist at the genetic level, 
and the consensus observation that sustained activity of SRC family kinases (SFKs), or of the 
SRC-like kinases ABL1/2, is an important contributor to GM-TKI tolerance in all lines. 

In the second part, I have examined the molecular events underlying drug-induced 
adaptation, the process by which drug exposure inadvertently drives upregulation of pro-survival 
signaling pathways. In a collaborative effort, we report the signaling and transcriptional dynamics 
underlying early adaptation to oncogenic BRAF inhibition in a patient-derived cell line model of 
human BRAF-mutant melanoma. We show by time-resolved MS of mitogenic signaling networks, 
computationally integrated with matched mRNA sequencing data, that adaptation to BRAF 
inhibition in our model system is promoted by early drug-induced compensatory SFK signaling, 
due in part to accumulation of reactive oxygen species via an impaired NRF2 antioxidant response. 
This concerted adaptive response promotes sensitivity to SFK inhibition across a panel of patient-
derived BRAF-mutant melanoma cell lines and in a mouse xenograft model. The work described 
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in both parts was aided by two MS software solutions I developed: one to automate the generation 
of targeted acquisition methods for protein phosphosites and pathways of interest, and the other to 
retain quantitative information from fragment ion spectra with missing values. 

Together, this thesis reports new connections between cell signaling and kinase inhibitor 
response, and offers the intriguing hypothesis that SFK signaling may be a conserved barrier for 
maximally effective targeted cancer therapy. 
 
Thesis Supervisor: Forest M. White, Ph.D. 
Title: Ned C. and Janet Bemis Rice Professor of Biological Engineering 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



5 
 

Acknowledgements 
 
 I would like to thank my thesis advisor, Prof. Forest White, for his support, enthusiasm, 
affability, and – perhaps most importantly to me in retrospect – his patience. Early on in my 
training in his laboratory, when I wanted to change my project to focus on oncogenic signaling 
and cancer therapy, Forest didn’t hesitate to help me chart a new course leading up to my qualifying 
exam. From this point on, I was grateful to be given a large degree of freedom to take my projects 
where I wanted, continually being reaffirmed that this is “my Ph.D.” Over my six years in the lab, 
I spent many hours in Forest’s office discussing fundamentals of cell signaling, mass spectrometry, 
and cancer therapy, during which he was patient enough to hear out my various notions about the 
science even when I was squarely wrong (which happened often). I learned a remarkable amount 
from these interactions, all of which – held in a friendly space where I could think out loud free of 
judgement – have made me a better scientist, communicator, and collaborator. 
 I want to thank my other thesis advisory committee members, Profs. Doug Lauffenburger 
and Michael Hemann, for agreeing to oversee my work and for their thoughtful feedback during 
committee meetings. Their previous work on drug resistance and collateral sensitivity in cancer 
therapy served as early inspiration for me, and I was fortunate to have their input and career 
guidance throughout my time at MIT. I would also like to thank Dr. Ryan Sullivan of 
Massachusetts General Hospital for serving on my thesis defense committee; I’m grateful for his 
clinical perspective on the basic science I report here. 

I am indebted to all the members of the White Laboratory with whom I was very fortunate 
to overlap. Thanks to Drs. Nader Morshed, Ishwar Kohale, Jacqueline Gerritsen, and Antje 
Dittmann for teaching me phosphoproteomics and for being excellent role models to look up to 
early on in my training. Thanks to Dr. Lauren Stopfer for allowing me to contribute to the 
development of SureQuant, an exciting new technology for our field, as a first-year in the lab and 
for teaching me much in the process. Thanks to Dr. Jason Conage-Pough, alongside whom I 
learned the ropes of mass spectrometry, for countless fruitful discussions of cancer biology, 
experimental design, and video games over Domino’s and Pit Bosses. Similarly, thanks to Drs. 
Ryuhjin Ahn, Tigist Tamir, and Sophie Herbst for imparting the wisdom of seasoned biologists 
onto this very unseasoned trainee. Thanks to Elizabeth Choe and Alicia D’Souza for the many 
deep conversations, often late into the light in the office, and for infusing such positivity into the 
group. Thanks to Do Hun (Sean) Kim for the good memories unwinding after hours. Thanks to 
Owen Leddy, Hui Yan (Jen) Kuang, Yufei Cui, Hannah Boyce, Bokai Song, and Weixi (Vincent) 
Kang for making me proud to have trained in such an upstanding lab environment. Thanks to the 
two MIT undergraduates I enjoyed co-supervising on a number of projects, Bridget Li and Joe 
Faraguna, for giving me the opportunity to step into a rewarding mentorship role during my time 
in the group. 

I would like to thank Isadora Deese for her administrative support, routinely going above 
and beyond for the lab and fully enabling our terrific science. I would also like to thank Jacquie 
Carota for all her hard work keeping the CSB graduate program running smoothly. 
 I would like to thank the individuals I was fortunate to collaborate with over the course of 
my training. Dr. Chunmei Liu, Prof. Wei Wei, and Prof. James Heath of the Institute for Systems 
Biology carried out a large portion of the work described in Chapter 3, and without whom that 
effort would not have been possible. I gained valuable knowledge and perspective on systems 
biology, epigenetics, and scientific storytelling from our collaboration. I want to thank our 
collaborators at Thermo Scientific, whose support allowed us to develop powerful new targeted 



6 
 

mass spectrometry workflows and software: Drs. Bhavin Patel, Amirmansoor Hakimi, Aaron 
Gajadhar, Sebastien Gallien, Daniel Lopez-Ferrer, and Andreas Huhmer. Additionally, I want to 
thank the following collaborators for involving me in exciting projects not described in this thesis: 
Drs. Michael Oliphant and Senthil Muthuswamy (HMS); Prof. Benjamin Neel and Dr. Mitchell 
Geer (NYU); and Prof. Andrei Karginov and Dr. Mark Shaaya (UIC). Thanks to my former 
colleagues at BioNTech US, especially Dr. Michael Rooney, who gave me a fantastic industry 
internship experience in the summer of 2022. 
 I want to thank Prof. Chris Burge for his leadership of the CSB program and for teaching 
me how to properly read and opine on papers in CSB.100. Thanks to Dr. Victor-Emmanuel Brunel 
for breaking my fear of statistical rigor in 18.6501. Thanks to Profs. Tyler Jacks and Matt Vander 
Heiden for their leadership of the Koch Institute, a remarkable environment for PhD training, and 
for foundational 7.85 lectures that helped solidify my excitement for cancer research early on. 
 I owe an enormous debt of gratitude to all my close friends from MIT, UConn, NIH, and 
LSM High for their support in the years leading up to and during my Ph.D. There are too many 
names to list here, but these individuals know who they are. I want to give a special thanks to Dr. 
Patrick Lau, whose friendship and support since sharing a freshman dorm room over a decade ago 
has been a constant. I also would like to thank my former mentors for igniting my interest in 
research and for helping me get to where I am today: Prof. Pramod Srivastava, Prof. Sahar Al 
Seesi, Adam Hagymasi, and Tracy Hintz; Drs. Mark Knepper and Chin-Rang Yang; Prof. Ki Chon, 
Prof. Hugo Posada-Quintero, and Dr. Natasa Reljin; and Prof. Jaci Van Heest. 
 Finally, I would like to thank my family for their unwavering support and love. My many 
aunts, uncles, cousins, and grandparents – including Grandpa Rocc and Auntie Barb – cheered me 
on since the day I set foot on Mass Ave. My sister, Julia, brother-in-law, Jakub, and niece, Maya 
(our newest member of the family!), have given me endless smiles along the way. My mom and 
dad gave me all the tools and love I needed to get here from day one, and ask for none of the credit 
in return. I couldn’t have done this without you. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



7 
 

Table of Contents 
 

Abstract .......................................................................................................................................3 

Acknowledgements .....................................................................................................................5 

List of Figures and Tables ...........................................................................................................9 

Chapter 1: Introduction ..................................................................................................................11 

Cell signaling: proteins and information flow through the cell.................................................12 

The ubiquitous role of proteins in cell biology .....................................................................12 

Protein phosphorylation and kinases ....................................................................................12 

Signaling cascades and mitogenic signaling .........................................................................13 

Cancer biology: signaling, vulnerabilities, and therapeutic challenges ....................................14 

Oncogenic signal transduction ..............................................................................................14 

Kinase inhibitors and targeted cancer therapy ......................................................................15 

Therapeutic resistance ...........................................................................................................16 

Mass spectrometry: a key enabling technology ........................................................................16 

Motivations for MS-based proteomics..................................................................................16 

Direct quantification of cell signaling by MS-based phosphoproteomics ............................16 

Basics of MS data acquisition ...............................................................................................17 

References .................................................................................................................................20 

Chapter 2: Resolving and exploiting tumor cell-intrinsic signals associated with clonal 

tolerance to oncogenic tyrosine kinase inhibition ..........................................................................23 

Introduction ...............................................................................................................................24 

Results .......................................................................................................................................26 

Assembly and characterization of a panel of oncogenic TK-expressing 

NSCLC cell lines ..................................................................................................................26 

Oncogenic co-mutations in PI3K contribute to drug tolerance in a subset of DTLs ............30 

Quantification of cell-wide TK signaling under GM-TKI by tyrosine 

phosphoproteomics ...............................................................................................................33 

pY-MS enables detection of cell line-specific signals promoting drug tolerance ................41 

Fold change-normalized quantification results in loss of basal signaling information 

leading to false-positive and false-negative drug target predictions .....................................44 

pY-MS reveals basal and sustained SFK/ABL signaling as a consensus promoter of  

drug tolerance........................................................................................................................46 

Discussion .................................................................................................................................50 

References .................................................................................................................................54 

 



8 
 

Chapter 3: Signaling and transcriptional dynamics underlying early adaptation to 

oncogenic BRAF inhibition ...........................................................................................................60 

Introduction ...............................................................................................................................61 

Results .......................................................................................................................................62 

Profiling signaling network dynamics in a patient-derived melanoma model of 

adaptive BRAFi resistance ....................................................................................................62 

The time-resolved transcriptome informs dynamic gene regulatory responses to 

oncogenic BRAF inhibition ..................................................................................................65 

Integrative analysis reveals the concerted signaling and transcriptional responses to 

BRAF inhibition....................................................................................................................67 

BRAF inhibition induces early tyrosine kinase signaling and cytoskeletal remodeling ......68 

Accumulation of reactive oxygen species under BRAF inhibition promotes SFK 

signaling ................................................................................................................................72 

SFK-mediated adaptation to BRAF inhibition sensitizes cells to dasatinib .........................76 

Discussion .................................................................................................................................76 

References .................................................................................................................................80 

Chapter 4: Conclusions ..................................................................................................................84 

References .................................................................................................................................87 

Appendix A: Methods for Chapter 2 .............................................................................................89 

References .................................................................................................................................94 

Appendix B: Methods for Chapter 3 ..............................................................................................95 

References ...............................................................................................................................103 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



9 
 

List of Figures and Tables 
 

Chapter 1 

Figure 1.1 .............................................................................................................................. 13 

Figure 1.2 .............................................................................................................................. 14 

Figure 1.3 .............................................................................................................................. 15 

Figure 1.4 .............................................................................................................................. 18 

Chapter 2 

Figure 2.1 .............................................................................................................................. 25 

Figure 2.2 .............................................................................................................................. 25 

Table 2.1 ............................................................................................................................... 26 

Figure 2.3 .............................................................................................................................. 28 

Figure 2.4 .............................................................................................................................. 29 

Figure 2.5 .............................................................................................................................. 30 

Figure 2.6 .............................................................................................................................. 31 

Figure 2.7 .............................................................................................................................. 33 

Figure 2.8 .............................................................................................................................. 34 

Figure 2.9 .............................................................................................................................. 35 

Figure 2.10 ............................................................................................................................ 37 

Figure 2.11 ............................................................................................................................ 38 

Figure 2.12 ............................................................................................................................ 39 

Figure 2.13 ............................................................................................................................ 40 

Figure 2.14 ............................................................................................................................ 41 

Figure 2.15 ............................................................................................................................ 42 

Figure 2.16 ............................................................................................................................ 43 

Figure 2.17 ............................................................................................................................ 44 

Figure 2.18 ............................................................................................................................ 45 

Figure 2.19 ............................................................................................................................ 46 

Figure 2.20 ............................................................................................................................ 48 

Figure 2.21 ............................................................................................................................ 49 

Figure 2.22 ............................................................................................................................ 50 

Figure 2.23 ............................................................................................................................ 51 

Chapter 3 

Figure 3.1 .............................................................................................................................. 63 

Figure 3.2 .............................................................................................................................. 64 

Figure 3.3 .............................................................................................................................. 66 



10 
 

Figure 3.4 .............................................................................................................................. 67 

Figure 3.5 .............................................................................................................................. 69 

Figure 3.6 .............................................................................................................................. 70 

Figure 3.7 .............................................................................................................................. 71 

Figure 3.8 .............................................................................................................................. 72 

Figure 3.9 .............................................................................................................................. 74 

Figure 3.10 ............................................................................................................................ 75 

Figure 3.11 ............................................................................................................................ 77 

 



Chapter 1: 

Introduction 
 

 

“Those who have not been trained in chemistry or medicine may not realize how difficult the 
problem of cancer treatment really is. It is almost – not quite, but almost – as hard as finding 

some agent that will dissolve away the left ear, say, and leave the right ear unharmed. So slight 
is the difference between the cancer cell and its normal ancestor.” 

William Woglom, Ph.D., 1945 
 
 

 Cancer treatment has come a long way. While surgery has remained a pillar of care for 

centuries, molecular approaches aimed at targeting the root causes of malignancy, hidden within 

the complexity of cancer cells, have only emerged over the last two decades and are still maturing. 

Just fifty years prior to the writing of this thesis, no one was aware of the existence of tyrosine 

kinases, oncogenes, or cellular signaling pathways; since that time, the remarkable pace of 

discovery in biology continues to inspire confidence that the full extent of cancer’s challenges will 

be met in due course. In this thesis, I describe several new basic research efforts aimed at resolving 

the fundamental biology underlying two key limitations of today’s targeted cancer therapies – drug 

tolerance and adaptation – in hopes of inspiring further preclinical characterization and potentially 

toward informing new therapeutic approaches. In this chapter, I will discuss some of the 

foundational concepts in cell signaling, cancer, and mass spectrometry which are regularly 

referenced throughout this thesis. 
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Cell signaling: proteins and information flow through the cell 
 

The ubiquitous role of proteins in cell biology 

 The cell is a remarkable innovation of nature. Sculpted by billions of years of dynamic 

evolutionary pressures, and more versatile and adaptable than the most advanced human 

technology, cells are the fundamental building blocks of all life on Earth. The conversion of 

sunlight to chemical energy in plants during photosynthesis, the secretion of pheromones from an 

insect to its colony in the presence of food, and the neural connections firing in your brain as you 

read these words, are all coordinated by cells of vastly distinct lineage and of highly specialized 

function. The cell owes its vast array of capabilities to the biochemical pathways contained within 

its plasma membrane; this circuitry is largely composed of networks of proteins, and the 

interactions between them keep the cell alive and allow it to carry out its prescribed functions. 

 Each protein, encoded by one of the many genes in its host cell (over 20,000 in humans), 

has a set of functions according to its structure, physiochemical properties, and subcellular 

localization. Membrane-embedded receptor proteins, for instance, protrude from the cell surface 

and allow cells to sense their environment and one another. As the structure, chemistry, or location 

of a given protein molecule changes, so too can its function; as an example, the estrogen receptor 

resides in the cytosol until it binds estrogen, at which point it translocates into the nucleus and 

binds DNA to activate the expression of particular target genes.1 This general property of dynamic 

and context-dependent protein function is essential for all of cell biology, enabling cells and 

multicellular organisms to respond to their environment and changing circumstances. 

 

Protein phosphorylation, kinases, and signaling cascades 

 One way a protein can undergo context-dependent changes to its structure, 

physiochemistry, or subcellular localization is by covalent modification of its constituent amino 

acids, an event known as post-translational modification (PTM). There are hundreds of distinct 

classes of PTMs known to researchers,2 and likely many more remain undiscovered. The most 

ubiquitous PTM is phosphorylation, in which the γ-phosphate of adenosine triphosphate (ATP) is 

transferred to a serine, threonine, or tyrosine residue of the substrate protein (Figure 1.1). Kinases, 

the proteins responsible for catalyzing this transfer, play an outsized role in the biochemical 

regulation of the cell by altering the activity of the substrate protein. Enzymes which remove 

phosphate from proteins by hydrolysis are known as phosphatases; by antagonizing the effect of 

kinases, phosphatases are generally associated with downregulation of phosphoprotein signaling. 

The particular functional effect of phosphorylation is highly dependent on the specific amino acid 

being modified — for example, the MEK1 kinase can be phosphorylated at serine 218 and serine 

222, canonically by the RAF-family kinases, and these phosphorylation events strongly promote 



Chapter 1 

13 
 

MEK1 activity due to their role in opening the kinase activation loop.3 Following this event, active 

MEK1 signals to the serine/threonine kinases ERK1 and ERK2 by phosphorylating their activation 

loops. However, phosphorylation of MEK1 at threonine 286 or threonine 292, often by ERK1/2 

and cyclin-dependent kinases (CDKs), constitutes a negative regulatory signal that leads to 

reduced MEK1 activity.4 Thus, the phosphosite constitutes the lowest-level regulatory unit of cell 

signaling. 

 

 
Figure 1.1. The basic mechanism of protein phosphorylation by kinases, taken from ref. 5 

 

 

Signaling cascades 

 Together, the genes encoding kinases constitute one of the largest gene families in the 

human genome, and a subset of kinases are implicated in nearly every aspect of cell behavior. 

However, they rarely act in isolation of one another; indeed, a kinase can itself serve as a substrate 

for another kinase, which in turn may also be a substrate for a third upstream kinase, and so on. 

The resulting system, known as a signaling cascade (also commonly referred to as a signaling 

pathway or network), enables the flow of complex information through the cell. The earlier 

example of MEK1 and its phosphosite-specific regulation also invoked the notion of a signaling 

cascade, whereby MEK1 receives an activation signal from an upstream RAF-family kinase, 

which itself receives signal from RAS-family proteins in response to growth factor stimulation. 

MEK1 and the related kinase MEK2 transduce this signal onto ERK1 and ERK2, which serve as 
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“hub nodes” by phosphorylating hundreds of unique substrates to promote processes such as cell 

cycle progression, differentiation, and metabolism (Figure 1.2).6,7 

 

 
Figure 1.2. The RAS-ERK signaling pathway, taken from ref. 7 

 

 

Cancer biology: signaling, vulnerabilities, and therapeutic challenges 
 

Oncogenic signal transduction 

 Mitogenic signaling pathways, such as the RAS-ERK pathway, govern the growth of all 

dividing cells in the human body. Under normal homeostatic conditions, these systems are tightly 

regulated by phosphatases and feedback mechanisms, preventing cells from dividing 

inappropriately. However, if a cell acquires a mutation or epigenetic alteration that leads to 

heightened activation of RAS-ERK, such as a particular mutation in KRAS or epigenetic 

overexpression of an upstream receptor tyrosine kinase, the cell may undergo abnormally rapid 

proliferation. If left unchecked, this cell and its progeny can give rise to cancer. Sustained growth 

signaling is widely considered to be a so-called “hallmark of cancer”;8 it is thought to be a general 

feature shared by nearly all cancer types and instances, underscoring its broad importance in 

malignancy. 
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Kinase inhibitors and targeted cancer therapy 

 The importance of dysregulated mitogenic signaling in the initiation and progression of 

cancer has made kinases attractive drug targets for cancer therapy. The earliest success story in the 

targeted treatment of cancer using kinase inhibitors was the discovery of imatinib (Gleevec), an 

ATP-competitive tyrosine kinase inhibitor (TKI) targeting the BCR-ABL1 fusion protein present 

in nearly every case of chronic myeloid leukemia (CML).9,10 Since its FDA-approval in 2001, 

imatinib and later-generation ABL1 inhibitors have transformed a cancer that was once considered 

a death sentence into a manageable chronic condition. 

Beyond its clinical achievements for CML, imatinib inspired researchers to look for similar 

oncogenic dependencies in other cancer types. Throughout the 2000s and 2010s, efforts to drug 

hyperactive kinases implicated in the pathogenesis of lung cancer, melanoma, breast cancer, and 

several other cancer types were rewarded with compounds which outperformed the preceding 

standard of care in clinical trials. Today, we have over 70 FDA-approved kinase inhibitors for the 

treatment of many different cancers (Figure 1.3).11 

 

 
Figure 1.3. Timeline of kinase inhibitor development and approval since imatinib, taken 

from ref. 11 
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Therapeutic resistance 

Unfortunately, despite the growing number of targeted therapies entering the oncology 

clinic in recent years, efforts to drug oncogenic kinases – particularly in solid tumors – have largely 

fallen short of reproducing the astounding clinical success of imatinib. While many patients have 

enjoyed longer survival and improved quality of life afforded by these drugs, a sizable proportion 

of patients still show no clinically meaningful response to targeted therapy prescribed on the basis 

of tumor genotype,12,13,14,15,16,17 and nearly all responsive patients eventually develop acquired 

resistance to therapy.18 We now know that treatment failure is a multifactorial problem stemming 

from factors including drug-induced adaptive responses and bypass signaling,19,20 oncogenic co-

mutations,21 and intratumor heterogeneity.22 However, our current understanding of the processes 

important for dictating the degree and durability of therapeutic response is incomplete; in 

particular, it remains unclear whether there are general biochemical mechanisms that confer 

sensitivity or resistance to therapy, and optimal treatment approaches to maximally sensitize 

tumors to oncogenic kinase inhibition have not yet been defined. 

 

Mass spectrometry: a key enabling technology 
 

Motivations for MS-based proteomics 

 To the extent that proteins are indispensable for cell biology, our approaches to detect and 

accurately quantify them remain equally important. A central technology permitting the analysis 

of cell-wide protein content, termed the “proteome”, is mass spectrometry (MS). MS is an 

analytical approach that enables the characterization of complex samples of nearly any nature, 

including protein mixtures from whole-cell lysate or tissue homogenate, by ionizing the chemical 

constituents of the mixture and measuring their mass-to-charge ratios (m/z), which can be used to 

infer their identity. In cases where a single m/z measurement is not sufficient to unambiguously 

identify a chemical species, the ion may be fragmented and analyzed to produce a tandem 

(MS/MS) spectrum – akin to taking a specific fingerprint of the analyte. By analyzing complex 

protein mixtures using MS, researchers have gained valuable new insights into the regulatory roles 

of protein networks.23,24 

 

Direct quantification of cell signaling by MS-based phosphoproteomics 

 MS applied to phosphoprotein mixtures, known as phosphoproteomics, is a powerful 

technique for the analysis of large-scale cell signaling networks. In this approach, proteins derived 

from cell lysate or tissue homogenate are denatured and digested with a protease, producing short 

peptides (often 10-30 amino acids in length) which are amenable to identification and quantitation 

by conventional MS. Prior to MS analysis, phosphorylated peptides are enriched using 
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chromatographic approaches25 or immunoprecipitation26, which depletes the highly complex 

background of non-phosphorylated protein to maximize the likelihood of phosphopeptide 

ionization and detection. Phosphopeptides are then injected into the mass spectrometer, and 

information about their identities and abundances are collected in MS/MS spectra. The resulting 

data can provide a highly detailed map of cell signaling dynamics, and new workflows and reagents 

are routinely improving the throughput, sensitivity, and quantitative accuracy of this powerful 

assay.27 

 

Basics of MS data acquisition 

 There are many distinct types of MS instrumentation and architecture, each offering unique 

advantages for ascertaining the composition of a given sample. For quantification of proteomes – 

which consist of many thousands of distinct protein species and are therefore considered highly 

complex – high-resolution accurate mass (HRAM) MS is preferred for its ability to discern 

between peptides with extremely similar mass. A commonly used method of HRAM mass analysis 

for proteomics is the Orbitrap, which exploits a simple relationship between ion resonance 

frequency (𝜔) and mass-to-charge ratio (m/z): 

𝜔 = ඨ
𝑘

𝑚/𝑧
 

where 𝑘 is a constant related to the field curvature within the Orbitrap.28,29 Paired with the Fast 

Fourier Transform (FFT) algorithm, a powerful numerical procedure for inferring frequency 

spectra from mixed signals in the time domain, Orbitrap instruments are able to measure the m/z 

values of chemical species with a high degree of mass accuracy. Quadrupole-Orbitrap hybrid 

instruments are equipped with a quadrupole upstream of the Orbitrap mass analyzer, which allows 

the instrument to select ions of particular m/z for mass analysis (Figure 4).30 

 During a typical untargeted MS analysis of a mixture of peptides using a quadrupole-

Orbitrap hybrid instrument, peptides are separated on the basis of hydrophobicity using a 

chromatographic gradient of an organic solvent, often acetonitrile, followed by ionization by 

electrospray ionization (ESI). Following ESI, peptide ions in the gas phase enter the mass 

spectrometer and are routed to the Orbitrap for mass analysis, at which point the instrument 

measures and records the m/z values and ion currents (or MS intensities) of all ions entering the 

instrument at that time, generating a full MS scan. From the full MS scan, the instrument then 

selects a predefined number of ions to individually isolate (using the quadrupole) and gently 

fragment (inside the HCD cell or ion routing multipole) using an inert gas, such as N2. Fragment 

ions are then analyzed in the Orbitrap. The resulting spectrum, known as an MS/MS scan, depicts 

fragment ion m/z values and corresponding MS intensities for a given peptide ion; this spectrum 
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often contains sufficient information to unambiguously determine the peptide sequence and, in the 

case of phosphoproteomics, the position of its phosphorylation site(s). Fragment ions are also often 

used for peptide quantification, especially in the use of tandem mass tag (TMT) reagents for 

multiplexed relative quantitation. This entire process, known as tandem MS, is repeated thousands 

of times over the course of a typical 1-2 hour MS analysis, resulting in thousands of MS/MS scans 

for peptide identification and quantitation. 

 

 
Figure 1.4. Architecture of the mass spectrometer used throughout this thesis (Thermo 

Scientific Orbitrap Exploris 480), taken from ref. 30 

 

 

Peptide identification by MS requires that each peptide be amenable to ionization by ESI 

in order to be detected and fragmented. In a complex mixture of peptides, some may not adequately 

compete for charge during ESI and are not detected as a result. In addition, peptide ions must have 

m/z within a typical range (350-2000 is conventional) to be considered for fragmentation, and only 

peptides with relatively comprehensive fragmentation are likely to be identified. These restrictions 

– which are determined by peptide-specific physiochemical properties, the chemical background 

of the sample, and the MS acquisition setup and method – can limit which peptides are successfully 

identified and quantified in an MS-based phosphoproteomics experiment. Despite these 

limitations, MS-based phosphoproteomics offers multiple key advantages over alternative 

approaches; most notably is its ability to profile large-scale signaling networks in a hypothesis-

free manner, requiring no prior knowledge of the relevant biology. The most widely-used 

alternative approach, western blot, depends on the selection of particular targets of interest a priori. 

Phosphoproteomics is amenable to both hypothesis-free and hypothesis-driven research via 

untargeted and targeted acquisition methods, respectively, making it a versatile tool for cell 

signaling research.31,32 Additionally, phosphoproteomics affords the ability to accurately quantify 

cell signaling events, enabling multivariate statistical analyses and computational modeling. 

Immunoblot approaches are semi-quantitative at best, preventing deep mechanistic or data-driven 



Chapter 1 

19 
 

analysis. Another considerable limitation of western blotting is its heavy reliance on high-quality 

phosphosite-specific antibodies, which do not exist for the vast majority of the phosphoproteome. 

Using MS, phosphosite identification and quantitation is determined from fragmentation patterns 

recorded by the mass spectrometer, with no requirement for site-specific antibodies. 
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Chapter 2: 

Resolving and exploiting tumor cell-intrinsic signals associated with clonal 

tolerance to oncogenic tyrosine kinase inhibition 
 

 

 Tyrosine kinase inhibitors (TKIs) are an important therapeutic modality in the treatment of 

certain cancers, but many patients exhibit an underwhelming response to TKIs prescribed on the 

basis of tumor genotype. Here, we describe an experimental model system consisting of 

established non-small cell lung cancer cell lines, each harboring genetic alteration of one of three 

actionable tyrosine kinases (TKs), and report significant variability in their response to genotype-

matched TKIs (GM-TKIs). To examine the molecular basis for tolerance to GM-TKI exposure 

and nominate alternate signaling axes for co-inhibition, we analyzed the mutations and TK 

signaling networks in each cell line. We found that oncogenic co-mutations in PI-3-kinase (PI3K) 

explain some degree of drug tolerance in a subset of lines. Mass spectrometry-based tyrosine 

phosphoproteomics (pY-MS) revealed several cell line-specific drivers of tolerance, including 

residual or sustained activity of EGFR and MEK1/2, and showed that high activity of SRC family 

kinases (SFKs) or the SRC-like kinases ABL1/2 is a shared feature among all drug-tolerant lines. 

SFK/ABL inhibition was synergistic with GM-TKI and led to durable cell cycle arrest or cell death 

in all lines. Our findings demonstrate the utility of pY-MS in resolving determinants of sensitivity 

and tolerance to TKI therapy and suggest that high basal SFK/ABL activity may broadly contribute 

to TKI tolerance. 
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Introduction 
 

 Recognition of the oncogenic potential of tyrosine kinases (TKs), beginning with the 

seminal discovery of v-Src and culminating in the landmark identification of BCR-ABL1 as a 

highly effective drug target in chronic myeloid leukemia, has placed great emphasis on the role of 

TK signaling in cancer initiation and progression.1,2,3,4,5,6 As a result, dozens of TK inhibitors (TKI) 

are now approved in the U.S. and globally for the clinical management of multiple cancer types, 

constituting the largest class of molecular targeted therapies.7 While these drugs have afforded 

many patients longer survival and higher quality of life compared to the preceding standard of 

care, response rates for even the most advanced agents still fall far short of 100% (often ranging 

from 40-80%8,9,10,11,12,13), and our understanding of the biological determinants underlying poor 

initial response to TKI therapy is incomplete. 

Tumor cell-intrinsic signaling networks play an important role in targeted therapy 

response, in large part by dictating the activity of – and by extension, the dependency on – the 

intended drug target and its downstream pathways; for example, TKI treatment may fail to arrest 

the growth of tumor cells in which mitogenic signaling can be sustained by an alternate TK.14 

Under sustained drug treatment, drug-tolerant tumor cells can continue evolving toward more 

aggressive states, in some cases aided by drug-induced hypermutagenic processes,15,16 

emphasizing the importance of early rational intervention in delaying or preventing acquired 

resistance and aggressive malignancy. 

In non-small cell lung cancer (NSCLC), alterations in genes encoding particular receptor 

TKs (RTKs) are widely recognized driver events and are associated with response to 

corresponding inhibitors.12,17,18,19 These qualities have propelled the use of NSCLC-based model 

systems for the study of general principles of TKI response, extending beyond explicit efforts to 

improve outcomes in thoracic oncology.16,20 In this work, we leveraged an experimental model 

system to investigate the cellular response resulting from inhibition of MET, ALK, and EGFR – 

three clinically actionable RTKs in the setting of NSCLC and several other cancers. In the clinic, 

sequencing efforts have found that MET gene alterations are observed in approximately 7% of 

NSCLC patients, most of which consist of genetic amplification or variants that cause 

inappropriate splicing of exon 14, resulting in impaired negative regulation of the receptor (Figure 

2.1).21 ALK alterations occur in 6-7% of NSCLC patients and predominantly involve fusion with 

the EML4 gene, producing the EML4-ALK fusion protein which self-oligomerizes in the cytosol 

and constitutively activates mitogenic pathways.22,23 EGFR mutations, which are largely mutually 

exclusive with alterations in MET and ALK, are observed in over a quarter of NSCLC patients and 

most commonly consist of gain-of-function kinase domain mutations (such as L858R or partial 

exon 19 deletion), copy number gain, or both.25 In our model system, established NSCLC cell lines 
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were paired with FDA-approved TKIs matched on the basis of their mutation status for these three 

important RTKs (Figure 2.2). 

 

 
Figure 2.1. Frequencies of common genetic TK alterations implicated in NSCLC 

Genetic and clinical data from 9,792 patients collected across 25 clinical sequencing studies. Data 
were visualized using the cBioPortal.24 

 

 

 
Figure 2.2. FDA-approved TKIs used throughout this study 

Chemical structures of TKIs used throughout this study, all of which are commonly used for clinical management of 
NSCLC. Throughout this work, each drug is referred to using the abbreviation shown, except when being referred to 
collectively as GM-TKIs. 
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Results 
 

Assembly and characterization of a panel of oncogenic TK-expressing NSCLC cell lines 

To examine the role of TK signaling networks in mediating cellular sensitivity or tolerance 

to TKI treatment, we assembled a panel of established NSCLC cell lines harboring genetic gain-

of-function alterations in the TKs MET, ALK, and EGFR according to the Cancer Dependency 

Map (DepMap),26 with two cell lines for each TK (Table 2.1). Under treatment with multiple 

genotype-matched TKIs (GM-TKIs), we verified that oncogenic TK status is predictive of whether 

or not a cell line will show any degree of sensitivity within range of the reported IC50 for the 

intended drug target (Figures 2.3A – 2.3C). One notable exception was the response of H1993 to 

AFAT, an inhibitor of mutant EGFR. Given that AFAT also inhibits wild-type EGFR and other 

ERBB family members at nanomolar concentration, this result may suggest some degree of 

dependency on these targets for proliferative signaling in H1993. AFAT also resulted in a more 

potent reduction in viability in HCC4006 compared to H1975, consistent with its lower activity 

against EGFRT790M.27 

 

 
Table 2.1: Characteristics of NSCLC cell lines used in this study 

 

 

Though each TK-altered line showed some degree of response to GM-TKI, we noted that 

for each pair harboring a given oncogenic TK, the two lines displayed a noticeable difference in 

dose-response. Direct comparison of viability dose-responses between cell lines is challenging due 

to differences in basal growth rate, which can confound quantification of drug sensitivity.28 We 

therefore used time-resolved clonogenic assays by crystal violet cell staining as an orthogonal 

qualitative approach, and found that each pair of cell lines consisted of one drug-sensitive line 

Cell line NSCLC subtype of origin Actionable TK Oncogenic alteration (DepMap)

H1993 Adenocarcinoma MET Amplification

EBC-1 Squamous cell carcinoma MET Amplification

H2228 Adenocarcinoma ALK

EML4  fusion

Variant 3a (EML4M1-Q222-ALKV1058-P1620)

Variant 3b (EML4M1-Q233-ALKV1058-P1620)

H3122 Adenocarcinoma ALK
EML4  fusion

Variant 1 (EML4M1-K496-ALKV1058-P1620)

H1975 Adenocarcinoma EGFR
Kinase domain mutation

(L858R / T790M)

HCC4006 Adenocarcinoma EGFR
Kinase domain mutation
(ΔL747-E749 / A750P)
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(DSL), which was durably arrested or killed by a moderate (1 μM) dose of GM-TKI, and one drug-

tolerant line (DTL), which continued proliferating under drug (Figures 2.3D – 2.3F). A 12-day 

period of drug washout after an initial 12-day period of exposure confirmed that DSLs underwent 

significant cell death under GM-TKI, and revealed several instances of subclonal drug tolerance 

resulting in colony formation from rare surviving cells, which are often termed drug-tolerant 

persisters (DTPs).29,30 All DTLs, however, displayed remarkable clonality in their ability to survive 

and cycle under drug. These properties motivated the use of this cell line panel to identify 

molecular contributors to poor response to GM-TKI. To distinguish this work from previous 

studies specifically examining the biology of DTPs, throughout this work we use the term drug 

tolerance to refer specifically to clonal drug tolerance; we also distinguish drug tolerance from 

drug resistance, the latter referring strictly to complete insensitivity (e.g. all MET-diploid lines 

under MET inhibition) in this work. 

Poor sensitivity to targeted therapy is commonly attributed to low activity of the intended 

drug target, resulting in reduced cellular dependency on the target for proliferation or survival. To 

test whether basal activity of each oncogenic TK was sufficient to explain differential sensitivity 

to GM-TKI, we aimed to quantify the activity of each target across all cell lines by targeted mass 

spectrometry (MS) of tyrosine-phosphorylated peptides derived from each drug target. Targeted 

MS requires construction of an acquisition method that provides a list of peptide ions of interest, 

and the mass-charge ratio (m/z) of each, to the mass spectrometer.31 To facilitate the generation of 

this list given any set of phosphosites of interest, we designed a user-friendly software tool that 

maps phosphosites to the corresponding source proteome (for example, all sequences from Homo 

sapiens curated by UniProt/SwissProt32), performs an in silico digest of these proteins to extract 

the tryptic phosphopeptide sequence supporting each phosphosite, calculates the corresponding 

m/z values, and returns these values in a precursor ion inclusion list suitable for targeted MS 

(Figure 2.4A). Our software also returns a FASTA-formatted database containing all targeted 

peptide sequences, which can be used for peptide identification following MS. 

Using our targeted MS acquisition software, paired with tandem mass tag (TMT) reagents 

for relative phosphopeptide quantification, we quantified basal tyrosine phosphorylation of MET, 

EML4-ALK, EGFR, and the downstream mitogenic kinases MAPK1 and MAPK3 (commonly 

known as ERK2 and ERK1, respectively) in all cell lines (Figures 2.4B and 2.4C; see Appendix 

A for methods details). We confirmed that for each oncogenic TK, activity was usually highest in 

the cell lines with a genetic alteration of the TK; one exception was H1975, which showed lower 

EGFR activity compared to the MET-amplified H1993 and EBC-1 lines – potentially due to 

“crosstalk” between MET and EGFR33,34 – a finding that is consistent with the partial sensitivity 

of H1993 to AFAT. There was no strong association between oncogenic TK activity and 

downstream activity of MEK1/2, the endogenous kinases of ERK1/2. We also observed distinct 
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trends between different phosphosites on the same protein, highlighting the distinct regulatory 

roles of phosphosites35,36 and underscoring the importance of phosphosite-specific quantification 

in the analysis of cell signaling. In the case of EML4 phosphosites in H2228 and H3122, these 

distinct trends are consistent with known differences in EML4-ALK isoform expression between 

these two lines.37 

 

 
Figure 2.3. Viability response of NSCLC cell lines to GM-TKI 

A. Viability dose responses of MET-amplified cell lines to MET inhibitors CAP and TEP, measured 72 hours after 
treatment. 

B. Viability dose responses of EML4-ALK+ cell lines to ALK inhibitors CER and LOR. 
C. Viability dose responses of EGFR-mutant cell lines to EGFR inhibitors OSI and AFAT. 
D. Clonogenic assay of MET-amplified cell lines treated with 1 μM of MET inhibitors CAP or TEP, or control 

compound dimethyl sulfoxide (DMSO) at 0.1% (v/v). 10 μM staurosporine (STAUR), a nonspecific kinase 
inhibitor with broad cytotoxic activity, was used as a positive control for cell death. 

E. Clonogenic assay of ALK-rearranged cell lines treated with 0.1% DMSO or 1 μM of ALK inhibitors CER or LOR. 
F. Clonogenic assay of EGFR-mutant cell lines treated with 0.1% DMSO or 1 μM of EGFR inhibitors OSI or AFAT. 
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In MET- and EGFR-altered cell lines, we found that basal target activity was higher in each 

DSL compared to the corresponding DTL, while this was not the case for ALK-rearranged lines 

(Figure 2.4C). This result suggests that basal drug target activity, like TK mutation status, can be 

an informative yet imperfect predictor of drug response. 

 

 
Figure 2.4. Targeted MS analysis of oncogenic TK activity in NSCLC cell lines 

A. Workflow schematic detailing the pipeline of an automated software approach for construction of targeted MS 
acquisition methods from a user-defined set of phosphosites of interest. 

B. Chromatogram of the phosphotyrosine immonium ion (m/z = 216.04257, ±10 ppm) in a targeted MS analysis of 
oncogenic TKs in NSCLC cell lines. 

C. Heatmap depiction of the abundances of tyrosine phosphosites on MET, EML4-ALK, EGFR, and the downstream 
kinases MAPK1/3 (ERK2/1) in NSCLC cells lines, assayed by targeted MS using tandem mass tags (TMT). 
Abundances are normalized to the maximum value in each row. 
*The tryptic phosphopeptide supporting EGFR-pY727 also maps to two other paralogous ERBB family members 
(ERBB2-pY735 and ERBB4-pY733). 
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Oncogenic co-mutations in PI3K contribute to drug tolerance in a subset of DTLs 

In addition to reduced target activity, another common explanation for tolerance to single-

agent targeted therapy is the presence of oncogenic co-mutations, which may reduce the cellular 

dependency on the intended drug target.38 Using the DepMap, we found that the DTLs H1993 and 

H1975 both harbor a mutation in a catalytic domain of the mitogenic phosphoinositide 3-kinase 

(PI3K), one of which (PIK3CAG118D in H1975) is oncogenic according to OncoKB39 (Figures 2.5A 

and 2.5B). The other mutation (PIK3CDE320D in H1993) is not known to be oncogenic; however, 

mutation of the nearby N334 residue (N334K) is likely oncogenic according to the DepMap, 

suggesting that E320D may also be a gain-of-function variant. 

 

 
Figure 2.5. PI3K mutations in H1993 and H1975 and their oncogenic potential 

A. PI3K mutations in H1993 and H1975 as reported by the DepMap. 
B. The oncogenic potential of PI3K mutations in H1993 and H1975 as reported by OncoKB. 
 

 

To test whether these PI3K mutations may contribute to drug tolerance, we paired GM-

TKI with PI3K inhibitors and performed a checkerboard assay to screen for dose combinations 

that may show a synergistic effect. We used alpelisib (ALP), an inhibitor of the p110α subunit of 

PI3K encoded by the PIK3CA gene, and pictilisib (PIC), which has high activity against p110α 
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and p110δ (encoded by PIK3CD), and moderate activity against the catalytic subunits of other 

PI3K family members (Figure 2.6A). Cells were treated in a conventional format that allows for 

detection of dose-resolved drug interactions, including synergy, independence, and antagonism 

(Figure 2.6B; see Appendix A for methods details). We observed moderate synergy between GM-

TKI and PI3K inhibition, suggesting some degree of interaction between PI3K and the co-

expressed oncogenic TK (Figures 2.6C and 2.6D). However, the only dose combinations that 

resulted in widespread cell death were observed at doses much greater (10 μM) than the reported 

IC50 values for their intended targets,40,41 indicating that these drug combinations are insufficient 

to kill within 3 days when acting solely through their intended mechanism of action. 

 

 
Figure 2.6. Examining the role of PI3K co-mutations in GM-TKI tolerance by drug 

combination experiments 
A. Pathway schematic depicting the targets of inhibitors used in the experiments depicted in this figure and in Figure 

2.7. 
B. Experimental schematic for all checkerboard assays used in this study. 
C. Dose-response matrices (top) and Bliss synergy matrices (bottom) from checkerboard assays pairing GM-TKI 

with PI3K inhibitors in H1993 (left) and H1975 (right) cells. Treatment duration was 72 hours. 
D. Viability of H1993 (left) and H1975 (right) cells under the most synergistic combination of drugs depicted in (C). 
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 Checkerboard assays can inform about short-term response to drug combinations but are 

uninformative about long-term response, since regular replacement of drugged media in 384-well 

format is labor-intensive. Additionally, it is impossible to distinguish between reduced growth rate 

and increased cell death in checkerboard assays measuring only cell viability at a fixed endpoint. 

To test whether PI3K inhibitors were effective in combination with GM-TKI under longer-term 

exposure, we performed time-resolved clonogenic assays on all three DTLs (Figure 2.7). In 

addition to PI3K inhibitors, we also tested co-inhibition of the serine/threonine kinases AKT1/2/3 

(hereafter, AKT) and mTOR, which propagate mitogenic signals downstream of PI3K. We found 

that combining GM-TKI with ALP or capivasertib (CAPI), a pan-AKT inhibitor, led to durable 

proliferative arrest uniquely in PI3K-mutant lines, indicating that PI3K co-mutations contribute to 

GM-TKI tolerance. Treatment with the pan-PI3K inhibitor PIC led to growth arrest by itself in all 

lines, indicating the broad essentiality of PI3K signaling for proliferation, and co-treatment with 

GM-TKI led to substantial cell death uniquely in PI3K-mutant lines. The mTOR inhibitor 

rapamycin (RAP) significantly augmented GM-TKI activity in all three lines, and in some cases 

was effective as a single-agent, suggesting that all three depend on mTOR activity for growth. 

These results suggest that some degree of GM-TKI tolerance in a subset of our cell lines is 

explained by the presence of oncogenic co-mutations in PI3K, which confer a heightened 

dependency on the PI3K-AKT-mTOR axis. 

Our query of the DepMap also revealed that the DTL H2228 harbors genetic deletion of 

RB1, a tumor suppressor with important regulatory roles in cell cycle progression and lineage 

fidelity, and loss of which has previously been linked to drug resistance (Figure 2.8A).42,43 Recent 

studies have identified a synthetic lethal relationship between RB1 and the mitotic serine/threonine 

kinases AURKA/B, which facilitate mitotic spindle assembly and chromosome segregation during 

mitosis.44,45,46 We therefore wondered whether RB1 deficiency might explain the reduced 

sensitivity of H2228 to ALK inhibition by conferring a hyperdependency for proliferation on 

AURKA/B (Figure 2.8B). To test this, we paired CER with the AURKA inhibitor alisertib (ALI) 

or the AURKB inhibitor barasertib (BAR) in a checkerboard assay format and found that co-

inhibition of ALK and AURKA/B failed to show synergy except at extremely high doses of ALI, 

suggesting that treatment with CER does not increase the cellular dependency on AURKA/B even 

in an RB1-null background (Figures 2.8C and 2.8D). To test whether this drug combination showed 

efficacy in longer-term culture, we performed a time-resolved clonogenic assay pairing GM-TKI 

with ALI or BAR and observed considerable cytotoxicity of AURKA/B inhibition in all DTLs 

(Figure 2.8E). These findings suggest that AURKA/B is not a specific dependency or promoter of 

drug tolerance in H2228, but rather represents a pan-essential signal for cycling and survival. 
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Figure 2.7. Clonogenic assays of viability response to GM-TKI combined with PI3K-AKT-

mTOR pathway inhibitors 
Clonogenic assay of DTLs treated with GM-TKI, PI3K/AKT/mTOR pathway inhibitors, or combinations thereof. All 
drugs were delivered at a dose of 1 μM. Duration of the experiment was shortened for H1975 due to its significantly 
faster growth, which caused poor adhesion to the plate under certain drug treatments after 10-12 days. 
 

 

Quantification of cell-wide TK signaling under GM-TKI by tyrosine phosphoproteomics 

Complete response to TKI therapy is highly dependent on successful drug-target 

engagement, durable inhibition of downstream signaling, and absence of compensatory mitogenic 

or pro-survival signaling. Direct analysis of TK cell signaling networks under therapeutic 

challenge can provide a readout of each of these important variables.47 Given the near-binary 

difference in tolerance to GM-TKI within each pair of cell lines in our model system, we reasoned 

that a direct molecular comparison between DTLs and DSLs would likely enable the resolution of 

important contributors to tolerance. Since perturbing DSLs with GM-TKI for 72 hours resulted in 

an insufficient number of viable cells, we decided to harvest samples after 24 hours, at which point 

there were enough viable cells even from the most sensitive lines, such as EBC-1 and H3122 

(Figure 2.9). Additionally, by choosing to examine the active signaling networks in cells at a 

relatively early timepoint, we increased the likelihood of detecting the earliest contributors to 

tolerance, which may be attractive targets for co-inhibition.48 
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Figure 2.8. Examining the potential role of AURKA/B, synthetic lethal partners of RB1, in 

ALK inhibitor tolerance 
A. RB1 deletion reported in H2228 by the DepMap. 
B. Pathway schematic depicting the targets of AURKA/B inhibitors used in this experiment and the hypothesized 

mechanism of ALK inhibitor tolerance. 
C. Dose-response matrix (top) and Bliss synergy matrix (bottom) from checkerboard assays pairing CER with ALI 

(left) or BAR (right) in H2228. Treatment duration was 72 hours. 
D. Viability of H2228 under the most synergistic combinations of drugs depicted in (C). 
E. Clonogenic assay of DTLs treated with GM-TKI, AURKA/B inhibitors, or combinations thereof. All drugs were 

delivered at a dose of 1 μM. 
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Figure 2.9. NSCLC cells under early GM-TKI treatment 

Images taken of NSCLC cells exposed to GM-TKI or DMSO at the doses indicated for 24 hours. 
 

 

To quantify TK signaling networks in GM-TKI-treated cells, we subjected whole cell 

lysates to multiplexed proteomics sample preparation and enrichment for tyrosine-phosphorylated 

peptides as was previously done for the targeted MS analysis, and analyzed peptides by high-
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sensitivity untargeted MS (Figure 2.10A; see Appendix A for methods details). This approach, 

known as tyrosine phosphoproteomics (pY-MS), enables identification and quantification of large-

scale (102-3) endogenous TK signaling events. 

In our setting, TKI treatment is expected to lead to broad reduction of endogenous tyrosine 

phosphorylation, resulting in a large proportion of MS/MS spectra with missing TMT reporter ions 

in the channels corresponding to TKI treatment, a quantification challenge often referred to as the 

“missing value problem”.49 To preserve information from MS/MS scans with missing values, we 

developed a software solution that estimates the scan-specific noise band, below which all other 

co-analyzed fragments – including TMT reporter ions – are either undetected or intentionally 

unrecorded by the instrument to limit data transfer burden during and after acquisition (Figure 

2.10B). Our computational approach uses the minimum-intensity fragment ion in each MS/MS 

scan to estimate this limit, then assumes that missing reporter ions have an intensity which is 

uniformly distributed between zero and the estimated limit. Using this approach, we were able to 

retain a majority of MS/MS scans which would otherwise have been discarded, and many of which 

were informative for analyzing the TK signaling activities occurring under heavily TK-inhibited 

conditions. Each of the three resulting pY-MS datasets, corresponding to the three (DTL, DSL) 

pairs sharing a given oncogenic TK, provided a high-dimensional quantitative map of basal and 

drug-altered TK signaling (Figures 2.10C – 2.10E). 

Our pY-MS data enabled direct quantification of drug target activity under GM-TKI. We 

observed nearly complete target inhibition in all lines, confirming that drug tolerance in this system 

is not due to reduced drug transport into the cell, reduced drug-target interaction, or early 

reactivation of the target (Figure 2.11A). 

Active RTKs phosphorylate tyrosine residues on adapter proteins, such as GAB1, GRB2, 

and SHC1, and on other important effectors of RTK signal propagation, including PLCG1 and 

PTPN11 (or SHP2), resulting in activation of cascades including the RAS-ERK and PI3K-AKT-

mTOR pathways, among others. Due to their role as intermediate signaling molecules and as direct 

substrates of RTKs, tyrosine-phosphorylated adapter proteins are useful biomarkers of RTK 

activity. Under GM-TKI treatment, we observed significantly reduced adapter protein activity in 

all lines, with no consistent association between drug tolerance and adapter protein 

phosphorylation levels across lines (Figures 2.11B – 2.11D). MET inhibition by CAP in H1993 

led to dramatic reduction in adapter protein phosphorylation at nearly all sites; a small number of 

sites, on SHB and SHC1, showed higher residual signal under drug compared to EBC-1. Similarly, 

H2228 showed greater residual or sustained phosphorylation of GAB1, SHP2, and SHC1 

compared to H3122. H1975 showed higher levels of GAB1 and PLCG1 phosphorylation under 

EGFR inhibition by OSI compared to HCC4006. Some or all of these signals may contribute to 

DTLs’ ability to sustain proliferative signaling under oncogenic TK inhibition. 
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Figure 2.10. Analysis of cell-wide TK signaling under GM-TKI treatment by pY-MS 

A. Experimental schematic for pY-MS analysis of active and inhibited signaling networks in DTLs and DSLs. 
B. Workflow schematic detailing the pipeline of an automated software approach for construction of targeted MS 

acquisition methods from a user-defined set of phosphosites of interest. 
C. Heatmap depiction of the abundances of tyrosine phosphosites in MET-amplified cell lines after 24 hours of 

exposure to 0.1% DMSO or 1 μM CAP, assayed by pY-MS using tandem mass tags (TMT). Abundances are 
normalized to the maximum value in each row. 

D. Heatmap depiction of the abundances of tyrosine phosphosites in ALK-rearranged cell lines after 24 hours of 
exposure to 0.1% DMSO or 1 μM CER. 

E. Heatmap depiction of the abundances of tyrosine phosphosites in EGFR-mutant cell lines after 24 hours of 
exposure to 0.1% DMSO or 1 μM OSI. 
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Figure 2.11. Drug target activity under GM-TKI 

A. Heatmap depiction of the abundances of tyrosine phosphosites on MET, EML4-ALK, and EGFR after 24 hours 
of exposure to DMSO or GM-TKI. Abundances are normalized to the maximum value in each row. 

B. Heatmap depiction of the abundances of tyrosine phosphosites on adapter proteins in MET-amplified cell lines 
after 24 hours of exposure to 0.1% DMSO or 1 μM CAP. 

C. Heatmap depiction of the abundances of tyrosine phosphosites on adapter proteins in ALK-rearranged cell lines 
after 24 hours of exposure to 0.1% DMSO or 1 μM CER. 

D. Heatmap depiction of the abundances of tyrosine phosphosites on adapter proteins in EGFR-mutant cell lines 
after 24 hours of exposure to 0.1% DMSO or 1 μM OSI. 
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While no significant differences in drug target activity were observed between DTLs and 

DSLs, we found that GM-TKI treatment led to significantly more pronounced tyrosine 

phosphoproteome remodeling in DSLs, suggestive of a general association between GM-TKI 

tolerance and robustness of TK signaling (Figure 2.12). 

 

 
Figure 2.12. Tyrosine phosphoproteome-wide remodeling by GM-TKI 

Distributions of tyrosine phosphorylation site abundance in all cell lines, expressed as a log-ratio over control (DMSO-
treated) cells. P-values were derived by two-sided Mann-Whitney U test. 
 

 

Exposure to exogenous sources of stress can cause induction of signaling events promoting 

cell survival; in cancer therapy, these adaptive responses can inadvertently antagonize drug 

mechanisms of action and promote drug tolerance.47,50,51,52,53 We examined the drug-induced 

phosphotyrosine signals in each DTL and found that most signals were also induced by drug in 

DSLs, suggesting most of these sites are implicated in general stress-induced signaling (Figures 

2.13A – 2.13C). DSLs demonstrated more pronounced drug-induced signaling in terms of average 

fold-increase over DMSO treatment, and in terms of total number of upregulated phosphosites in 

all cases but one (44 sites upregulated in HCC4006 compared to 47 in H1975). These observations 

suggest that drug-induced adaptive TK signaling is not sufficient to explain GM-TKI tolerance in 

our model system. 

Signaling pathways which promote survival under drug can be potentiated to do so from 

the basal state of the cell prior to drug treatment. To examine the role of basal signaling in the 

response to GM-TKI, we performed a correlation analysis and found that for each pair of lines 
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Figure 2.13. Drug-induced TK signaling in DTLs and DSLs 

A. Heatmap depiction of the abundances of tyrosine phosphosites upregulated by CAP treatment in MET-amplified 
cell lines. Abundances are normalized to the average abundance in the corresponding DMSO-treated cells from 
the same line and log2-transformed. 

B. Heatmap depiction of the abundances of tyrosine phosphosites upregulated by CER treatment in ALK-rearranged 
lines. 

C. Heatmap depiction of the abundances of tyrosine phosphosites upregulated by OSI treatment in EGFR-mutant 
lines. 

 

 

sharing a given oncogenic TK, there is significant correlation between differential (DTL versus 

DSL) phosphosite abundance under DMSO and differential abundance under GM-TKI, indicating 

that many TK signals which are basally higher in a given line remain higher in the same line under 

drug (Figures 2.14A – 2.14C). This linear relationship was especially strong in the ALK-rearranged 
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lines, where the direction and magnitude of basal signaling was usually highly preserved under 

drug. Other signals, however, showed greater abundance in a given line under DMSO and reduced 

abundance in that line under drug; this was especially true for signaling in the MET-amplified 

lines, indicating that the basal signaling state of the cell is not perfectly predictive – but is 

nevertheless highly informative – of the state of the cell under inhibitor treatment. 

 

 
Figure 2.14. Correlation analysis of differential TK signaling under DMSO and GM-TKI 

A. Scatterplot depicting tyrosine phosphorylation sites in MET-amplified cell lines, embedded in the following two-
dimensional space: the x-axis plots differential abundance (DTL vs. DSL, log2-ratio) under DMSO treatment, and 
the y-axis plots differential abundance (DTL vs. DSL, log2-ratio) under CAP treatment. Phosphosites which lie 
on the 𝑦 = 𝑥 line (red) represent signals whose basal differential between cell lines was exactly preserved under 
drug. 

B. Scatterplot depicting tyrosine phosphorylation sites in ALK-rearranged lines. 
C. Scatterplot depicting tyrosine phosphorylation sites in EGFR-mutant lines. 
 

 

pY-MS enables detection of cell line-specific signals promoting drug tolerance 

In examining phosphotyrosine signals with significantly greater abundance in DTLs 

compared to DSLs under GM-TKI treatment, we found three cell line-specific TK signaling events 

contributing to drug tolerance, which are described individually throughout the following section. 
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Among TK signaling events associated with any DTL, we found evidence for residual 

EGFR activity in H1993, and fully sustained EGFR activity in H2228 (Figure 2.15A). Consistent 

with our previous correlation analysis, both of these signals were preserved from greater basal 

EGFR activity in these lines. To determine whether EGFR contributes to GM-TKI tolerance in 

these lines, we treated DTLs with the EGFR inhibitor erlotinib (ERL) alongside GM-TKI in 

clonogenic assay format. Expectedly, ERL failed to augment OSI in H1975, but led to durable 

growth arrest of H1993 when combined with CAP, indicating a high degree of dependency on 

residual EGFR activity for sustained proliferation under MET inhibition (Figure 2.15B). In H2228, 

however, ERL failed to meaningfully augment CER. Consistent with our clonogenic assay result, 

we found by checkerboard assay that ERL was broadly synergistic with CAP in H1993 (Figures 

2.15C and 2.15D). These findings indicate that residual EGFR activity is a cell line-specific 

contributor to drug tolerance. 

 

 
Figure 2.15. Assessing the role of residual and sustained EGFR activity in tolerance to GM-

TKI 
A. Heatmap depiction of the abundances of EGFR phosphosites in MET-amplified and ALK-rearranged cell lines. 

Abundances are normalized to the maximum value in each row. 
B. Clonogenic assay of DTLs treated with GM-TKI, ERL, or combinations thereof. All drugs were delivered at a 

dose of 1 μM. 
C. Dose-response matrix (left) and Bliss synergy matrix (right) from a checkerboard assay pairing CAP with ERL 

in H1993. Treatment duration was 72 hours. 
D. Viability of H1993 under the most synergistic combination of drugs depicted in (C). 

*The tryptic phosphopeptide supporting EGFR-pY727 also maps to two other paralogous ERBB family 
members (ERBB2-pY735 and ERBB4-pY733). 
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In addition to EGFR, we found that H2228 displayed high basal activation of AXL, an 

RTK which is activated by its endogenous ligand GAS6 and has been implicated in drug resistance 

(Figure 2.16A).15,54 High basal activity of AXL was preserved under CER treatment, prompting 

us to investigate whether this signal contributed to tolerance to ALK inhibition. None of the DTLs 

demonstrated sensitivity to bemcentinib (BEM), a selective AXL inhibitor, and in H2228, BEM 

failed to meaningfully augment CER (Figure 2.16B). However, the combination of CER, BEM, 

and ERL led to substantial proliferative reduction (Figure 2.16C), indicating that maintenance of 

both EGFR and AXL activity sustains cycling of H2228 under ALK inhibition. 

 

 
Figure 2.16. Assessing the role of sustained AXL activity in tolerance to GM-TKI 

A. Heatmap depiction of the abundances of AXL phosphosites in DTLs. Abundances are normalized to the 
maximum value in each row. 

B. Clonogenic assay of DTLs treated with GM-TKI, BEM, or combinations thereof. All drugs were delivered at a 
dose of 1 μM. 

C. Clonogenic assay of H2228 treated with CER, BEM, ERL, or combinations thereof. All drugs were delivered at 
a dose of 1 μM. 
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The RAS-ERK pathway (also known as the MAP kinase or MAPK pathway) is an 

important cascade that transduces signals from MET, ALK, EGFR, and many other receptors to 

coordinate cell proliferation, differentiation, migration, and other cellular processes.55 High levels 

of phosphorylated activation loops of ERK1/2, canonically by the dual specificity kinases 

MEK1/2, are reliable indicators of pathway activity. In H1975, we observed near-complete RAS-

ERK pathway inhibition by OSI treatment, whereas in H1993 and H2228, we observed residual 

and sustained pathway activation under GM-TKI, respectively (Figure 2.17A). Intriguingly, these 

phosphorylation patterns closely resemble those of the upstream kinases EGFR and AXL, 

suggesting that residual EGFR activity may promote residual RAS-ERK pathway activity in 

H1993, and that sustained EGFR and AXL activity may jointly maintain flux through RAS-ERK 

in H2228. Consistent with this model, MEK1/2 inhibition by trametinib (TRAM) led to durable 

proliferative arrest of H1993, phenocopying the effect of dual MET/EGFR inhibition (Figure 

2.17B). TRAM was potently cytotoxic as a single-agent in H2228, indicating a high degree of 

survival dependency on the RAS-ERK pathway even when bypassing EML4-ALK altogether. 

 

 
Figure 2.17. Assessing the role of residual and sustained MEK1/2 activity in tolerance to 

GM-TKI 
A. Heatmap depiction of the abundances of MAPK1/3 (ERK2/1) phosphosites in DTLs. Abundances are 

normalized to the maximum value in each row. 
B. Clonogenic assay of DTLs treated with GM-TKI, TRAM, or combinations thereof. All drugs were delivered at 

a dose of 1 μM. 
 

 

Fold change-normalized quantification results in loss of basal signaling information leading 

to false-positive and false-negative drug target predictions 

In perturbation studies such as ours, it is conventional to express quantitative molecular 

data in terms of fold-change over a control condition (often log-transformed). We retrospectively 
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examined our pY-MS data and found that we likely would have made several critical 

misinterpretations had we strictly examined the data under a “log fold-change over DMSO” 

(logFC) transformation. Specifically, we found that logFC-normalizing the abundances of ERK1/2 

phosphosites led us to the spurious conclusion that MEK1/2 was incompletely inhibited in H1975 

under OSI (Figure 2.18A). Our original row-max normalization clearly shows that this discrepancy 

comes from significantly greater basal phosphorylation of ERK1/2 in HCC4006; indeed, these 

cells undergo greater MEK1/2 inhibition by OSI when inhibition is expressed as a percentage of 

basal activity. However, we previously showed that MEK1/2 inhibition by TRAM failed to 

augment the effect of OSI in H1975 (Figure 2.17B), suggesting that fractional (logFC-normalized) 

activity may be a misleading measure of mitogenic or survival dependency. Additionally, we found 

that by logFC-normalizing the abundances of EGFR phosphosites in MET-amplified cells, 

dramatic differences in basal EGFR phosphorylation caused us to arrive at the incorrect conclusion 

that EGFR is equally inhibited by CAP in both lines (Figure 2.18B). Our observation that ERL 

significantly augmented CAP in H1993 provides post-hoc conformation that the residual EGFR 

activity (observed under row-max normalization) in H1993 is consequential for proliferation. 

These results together suggest that absolute TK activity, rather than fractional activity, may better 

inform drug target selection, and that caution should be exercised in choosing normalization 

strategies in comparative perturbation studies. 

 

 
Figure 2.18. Retrospective examination of the effect of data normalization on drug target 

selection 
A. Heatmap depiction of the abundances of MAPK1/3 (ERK2/1) phosphosites in EGFR-mutant cell lines. 

Abundances are normalized to the average abundance in the corresponding DMSO-treated cells from the same 
line and log2-transformed (top), or normalized to the maximum value in each row (bottom). 

B. Heatmap depiction of the abundances of EGFR phosphosites in MET-amplified cell lines. 
*The tryptic phosphopeptide supporting EGFR-pY727 also maps to two other paralogous ERBB family members 
(ERBB2-pY735 and ERBB4-pY733). 
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pY-MS reveals basal and sustained SFK/ABL signaling as a consensus promoter of drug 

tolerance 

Cell line-specific mechanisms of drug tolerance are informative for tailoring effective 

combination therapies for each model system uniquely. Consensus mechanisms, however, may 

represent a highly attractive opportunity to mitigate drug tolerance with a single combination 

strategy which generalizes across models with distinct (epi)genetic backgrounds. To search for 

consensus signaling events promoting drug tolerance, we examined phosphosites showing 

consistently greater abundance in each DTL compared to its corresponding DSL, both under 

DMSO and GM-TKI (Figures 2.19A and 2.19B). Providing validation of this approach, 

CDK1/2/3-pY15 was significantly more abundant in all DTLs compared to DSLs under GM-TKI, 

consistent with heightened cell cycle progression under drug.56 

 

 
Figure 2.19. SFK substrate phosphorylation in DTLs under GM-TKI 

A. Tyrosine phosphosites rank-ordered by their relative abundance under DMSO treatment in MET-amplified lines 
(left), ALK-rearranged lines (center), and EGFR-mutant lines (right). Orange indicates significantly differential 
abundance between lines (P < 0.05 by two-sided t-test with multiple hypothesis correction by the Benjamini-
Hochberg procedure). Sites with significantly greater abundance in all DTLs compared to corresponding DSLs 
are annotated. 

B. Tyrosine phosphosites rank-ordered by their relative abundance under drug treatment in MET-amplified lines 
(left), ALK-rearranged lines (center), and EGFR-mutant lines (right). Orange indicates significantly differential 
abundance between lines (P < 0.05 by two-sided t-test with multiple hypothesis correction by the Benjamini-
Hochberg procedure). Sites with significantly greater abundance in all DTLs compared to corresponding DSLs 
are annotated. 
*The tryptic phosphopeptide supporting CDK1-pY15 also maps to two other paralogous CDKs (CDK2-pY15 and 
CDK3-pY15). 
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Among the sites consistently greater in abundance in DTLs compared to DSLs, we found 

that several – including sites on BCAR1, LPP, and PXN – are derived from known substrates of 

the mitogenic and survival-promoting SRC family kinases (SFK).57,58,59,60,61 Additionally, one 

other such site (LYN-pY194) is on an SFK itself and likely promotes activity.62 These observations 

suggest that SFK signaling may be heightened in DTLs relative to the corresponding DSLs. 

Since we also observed that some putative SFK substrates were more abundant in DSLs, 

we wondered whether there was evidence for statistically significant SFK signaling in DTLs, or if 

putative SFK substrates are simply uniformly distributed throughout the tyrosine 

phosphoproteome. Since most kinase-substrate relationships have yet to be discovered at 

phosphosite-specific resolution, we used published protein-protein interaction data from 

BioGRID63 to test for significant overrepresentation of known SFK interactors among 

phosphosites which showed significantly greater abundance in DTLs compared to DSLs. We 

included the SRC-like kinases ABL1/2, which are known to share substrates with the SRC family 

and regulate many of the same downstream processes.64,65 We observed significant 

overrepresentation of SFK/ABL interactors in each DTL under DMSO (Figure 2.20, upper). 

Strikingly, we found no significant overrepresentation of SFK or ABL1/2 interactors among any 

DSLs. Under GM-TKI exposure, the effect sizes and significance values for SFKs and ABL1/2 

were reduced, but there remained at least one kinase with significant enrichment for each DTL, 

and no kinases in any of the DSLs (Figure 2.20, lower). These results provide statistical support to 

the observation that high SFK/ABL signaling is associated with drug tolerance. 

Motivated by our finding that basal and sustained SFK/ABL signaling is a common feature 

among DTLs, we wondered whether SFK/ABL inhibition might augment GM-TKI in DTLs. To 

test this, we paired each GM-TKI with the SFK/ABL inhibitors bosutinib (BOS), dasatinib (DAS), 

ponatinib (PON), or saracatinib (SAR) in checkerboard assay format for each DTL. Notably, we 

observed synergy between GM-TKI and SFK/ABL inhibition across all lines, indicating that GM-

TKI treatment generally confers a heightened sensitivity to SFK/ABL inhibition (Figures 2.21A – 

2.21D). The most synergistic combinations in H2228 (CER + PON at 1 μM each) and H1975 (OSI 

+ DAS at 100 nM each) led to profound cell death, suggesting that GM-TKI promotes a strong 

survival dependency on SFK/ABL signaling in these lines (Figure 2.21E). In complementary 

clonogenic assays, we found that co-treatment with SFK/ABL inhibitors, especially DAS and 

PON, substantially augmented GM-TKI activity in all DTLs, leading to durable cell cycle arrest 

or cell death (Figure 2.22). BOS and SAR both exerted a significant effect in combination with 

GM-TKI but not in all lines, suggesting distinct target profiles of these agents and distinct 

dependencies on particular SFK/ABL members in each line. Together, these findings indicate that 

heightened basal SFK/ABL signaling, which is sustained under GM-TKI exposure, is a consensus 

mechanism underlying drug tolerance. 
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Figure 2.20. Overrepresentation analysis of known SFK/ABL interactors among 

differential TK signals 
Bar graphs depicting the degree of overrepresentation of proteins known to interact with SFKs or ABL1/2 among 
phosphosites with greater abundance in each DTL compared to its corresponding DSL, and vice versa. * : P < 0.1; ** 
: P < 0.05; *** : P < 0.01 by one-sided Fisher’s exact test with multiple hypothesis correction by the Benjamini-
Hochberg procedure. 
 

 

Finally, we wondered about the relative contribution of ABL1/2 to the efficacy of 

SFK/ABL inhibitors combined with GM-TKI. To isolate the effects of SFK inhibition and ABL1/2 

inhibition, we treated cells in checkerboard assay format with imatinib (IMAT), which is selective 

for ABL1/2 over SFKs, and found that IMAT was modestly synergistic with GM-TKI in H2228 

(Figures 2.23A and 2.23B), consistent with our earlier observation of heightened ABL2 signaling 

in H2228 under GM-TKI (Figure 2.20). In clonogenic experiments, IMAT co-treatment led to 

reduced growth uniquely in H1993 (Figure 2.23C), consistent with our earlier observation of 

heightened ABL1/2 signaling in H1993 (Figure 2.20). Altogether, these results support a model 

where high basal and sustained SFK/ABL signaling, the relative contributions of which (SFK 

versus ABL1/2) are cell line-specific, is a unifying driver of proliferative and survival signaling in 

cancer cells undergoing oncogenic TK inhibition. 
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Figure 2.21. Synergy landscape between GM-TKI and SFK/ABL inhibition 

A. Dose-response matrix (top) and Bliss synergy matrix (bottom) from checkerboard assays pairing GM-TKI with 
BOS. Treatment duration was 72 hours. 

B. Dose-response matrix (top) and Bliss synergy matrix (bottom) from checkerboard assays pairing GM-TKI with 
DAS. 

C. Dose-response matrix (top) and Bliss synergy matrix (bottom) from checkerboard assays pairing GM-TKI with 
PON. 

D. Dose-response matrix (top) and Bliss synergy matrix (bottom) from checkerboard assays pairing GM-TKI with 
SAR. 

E. Viability of H1993 (left), H2228 (center), and H1975 (right) cells under the most synergistic combination of drugs 
depicted in (A-D). 
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Figure 2.22. Clonogenic assays of viability response to GM-TKI combined with SFK/ABL 

inhibitors 
Clonogenic assay of DTLs treated with GM-TKI, BOS, DAS, PON, SAR, or combinations thereof. All drugs were 
delivered at a dose of 1 μM. 
 

 

Discussion 
 

In this work, we interrogate the tumor cell-intrinsic signals contributing to tolerance to 

oncogenic kinase inhibition, with a focus on MET, ALK, and EGFR. Many previous studies have 

examined the molecular and mechanistic basis for TKI response, especially as it relates to intrinsic 

resistance,66 subclonal drug tolerance (DTPs),67 drug-induced adaptive signaling,68 and acquired 

resistance.69 Less emphasis has been placed on establishing and profiling model systems which 

demonstrate failure of therapy to restrain proliferation from the immediate onset of drug exposure. 

Additionally, fewer studies have examined this phenomenon in the context of MET and ALK 
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inhibition compared to EGFR inhibition, likely due to their lower alteration frequency in NSCLC 

and other cancers, and to the more recent clinical use of MET- and ALK-directed TKIs.12,70 

 

 
Figure 2.23. Isolating the role of ABL1/2 in tolerance to GM-TKI 

A. Dose-response matrix (top) and Bliss synergy matrix (bottom) from checkerboard assays pairing GM-TKI with 
IMAT. Treatment duration was 72 hours. 

B. Viability of H1993 (left), H2228 (center), and H1975 (right) cells under the most synergistic combination of drugs 
depicted in (A). 

C. Clonogenic assay of DTLs treated with GM-TKI, IMAT, or combinations thereof. All drugs were delivered at a 
dose of 1 μM, except IMAT (10 μM) due to its reduced potency against ABL1/2. 

 

 

A trivial explanation for insensitivity to targeted therapy is a lack of dependency on the 

intended target; for example, if a cell expresses MET at a high level, but is not reliant on increased 

MET signaling for maintaining its basal proliferation rate, then it is expected that MET inhibition 

would show no effect on the fitness of the cell. In our model system, each DTL showed reduced 

growth rate under GM-TKI, confirming that the expressed oncogenic TK in each line contributes 

positively to fitness and thereby invalidating this hypothesis. 

A limitation of our model system is the inherent simplicity of cancer cell lines, which are 

unable to recapitulate the complexity of in vivo tumor biology; tumor cell-extrinsic signals from 

the tumor microenvironment and engagement of the host immune response are recognized to play 

an outsized role in response to targeted therapy.71,72 However, some of our observations of 
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differential sensitivity of cell lines to GM-TKI are corroborated by clinical evidence: several 

studies have reported reduced response rates to ALK inhibitors among NSCLC patients expressing 

EML4-ALK variant 3 (present in H2228) compared to patients expressing variant 1 (present in 

H3122).37,73,74 Additionally, signaling analyses performed on more complex in vivo model systems 

and on human tumor biopsies support our key finding of the important role of SFK/ABL signaling 

in therapy response.75,76,77,78,79,80,81 We therefore assert that our model system, though unsuitable 

for exploring many of the complex properties of tumor biology, still provides a powerful model to 

explore the fundamental principles governing oncogenic signaling and growth dependency in 

cancer cells. 

Oncogenic co-mutations are a widely accepted model for tolerance to targeted therapy 

directed against an oncogenic TK; by sustaining signaling independently of the targeted TK, or 

otherwise dampening the dependency of the cell on the targeted TK for cycling or survival, co-

mutated oncogenic events pose a significant barrier to therapeutic success in the clinic.38 We show 

that co-mutations can contribute to GM-TKI tolerance in NSCLC cell lines but in a cell line-

specific manner, and that in some cases – such as H2228, which harbors RB1 loss – co-targeting 

the alternate oncogenic event is not productive or possible. According to the DepMap, DTLs in 

our system harbored additional co-mutations we did not pursue, including loss-of-function 

mutations in STK11 (in H1993) and in CDKN2A (in H1975), both of which are tumor suppressors. 

The complex and cell-specific role of the tumor mutational background in therapeutic response 

motivated us to search for more general mechanisms of drug tolerance, with high priority placed 

on those which could be exploited therapeutically. 

A key finding of our work is that SFK/ABL signaling is a shared dependency in DTLs 

treated with GM-TKI. The experiments establishing this result were motivated by the observation 

that each DTL showed high levels of phosphorylation of putative SFK substrates under drug 

compared to the paired DSL. We note that each DTL showed phosphorylation of a unique set of 

SFK/ABL substrates, likely a consequence of cell line-specific SFK expression, activity, or 

subcellular localization. SFKs, ABL1/2, and other SRC-like kinases collectively phosphorylate 

hundreds of confirmed substrates, and the particular phosphorylation patterns of these substrates 

is highly context- and cell type-dependent.60,82,83 The complexity of SFK signaling motivated the 

use of a statistically-grounded enrichment approach to test whether our pY-MS data held sufficient 

evidence in support of the hypothesis of heightened SFK signaling among DTLs. Due to the lack 

of comprehensive prior knowledge of kinase-substrate pairs at phosphosite-specific resolution, we 

were limited to the use of published protein-protein interaction data to test for overrepresentation 

of known SFK interactors. However, given that physical interaction is a prerequisite for protein 

phosphorylation, and that our pY-MS data confirms tyrosine phosphorylation of the supposed 
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interactor, we believe this approach is useful for nominating kinases with potential phenotypic 

consequence. 

Our co-treatment experiments pairing GM-TKI with SFK/ABL inhibitors showed that 

DAS and PON effectively prevented outgrowth in all three DTLs, and drove complete cell death 

in a subset of lines. BOS, however, did not show similar efficacy, only slowing growth in H1993 

and to a lesser extent in H2228. We reason this may be due to the distinct polypharmacology of 

these drugs, which are not equally effective across all SFKs; in particular, at least one SFK (LCK) 

is a confirmed target of DAS and PON but not BOS according to DrugBank,84 and the detection 

of LCK-specific phosphopeptides in our pY-MS data confirmed that each cell line in our model 

system expresses LCK. Though this finding is insufficient to confidently explain the reduced effect 

of BOS combined with GM-TKI, our data are consistent with the accepted notion that different 

targeted agents have distinct target profiles. 

Our study demonstrates the capability of pY-MS to resolve proliferative and survival 

dependencies within the tyrosine kinome and sheds light on the consensus signaling events 

dictating limited sensitivity to GM-TKI therapy. 
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Chapter 3: 

Signaling and transcriptional dynamics underlying early adaptation to 

oncogenic BRAF inhibition 
 

 

A major contributor to poor sensitivity to anti-cancer kinase inhibitor therapy is drug-

induced cellular adaptation, whereby remodeling of signaling and gene regulatory networks 

permits a drug-tolerant phenotype. Here, we resolve the scale and kinetics of critical subcellular 

events following oncogenic kinase inhibition and preceding cell cycle re-entry, using mass 

spectrometry-based phosphoproteomics and RNA sequencing to monitor the dynamics of 

thousands of growth- and survival-related signals over the first minutes, hours, and days of 

oncogenc BRAF inhibition in human melanoma cells. We observed sustained inhibition of the 

BRAF-ERK axis, gradual downregulation of cell cycle signaling, and three distinct and reversible 

phase transitions toward quiescence. Statistical inference of kinetically-defined regulatory 

modules revealed a dominant compensatory induction of SRC family kinase (SFK) signaling 

promoted by reactive oxygen species, which rendered cells sensitive to co-treatment with an SFK 

inhibitor in vitro and in vivo, underscoring the translational potential for assessing early drug-

induced adaptive signaling. 
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Introduction 
 

Cellular adaptation to exogenous sources of stress is driven by coordinated changes in cell 

state, often involving interactions between hundreds of distinct genes and proteins over diverse 

timescales. In the case of oncoprotein inhibition in cancer by targeted therapy treatment, such 

responses can promote rapid adaptation to drug, enabling survival of tumor cells and treatment 

failure.1,2,3,4 A well-studied example of this phenomenon is the response to receptor tyrosine kinase 

(RTK)-RAS-ERK pathway inhibitors in certain cancers, where decreased activity of the target 

kinase can potentiate other mitogenic signaling proteins due to reduced negative-regulatory 

feedback.5,6 Notably, such adaptive processes often unfold on timescales that are inconsistent with 

selection of (epi)genetically resistant subclones, but can influence eventual selection by defining 

new heritable cell states or promoting endogenous hypermutagenic processes, thereby promoting 

long-term acquired resistance.7,8 Understanding early adaptive responses to therapy can yield 

promising new combination therapies which block compensatory signaling axes, preventing tumor 

cells from persisting and driving disease progression.9 

Examinations of the signaling responses to targeted therapy have yielded valuable insights 

into the biochemical drivers of drug tolerance and cancer cell persistence. However, many efforts 

to date have focused on interrogating particular pathways of interest based on prior knowledge, 

further emphasizing these pathways’ importance in drug adaptation but leaving most adaptive 

signaling mechanisms underexplored. In principle, adaptation to exogenous perturbation may 

involve the remodeling of multiple complex signaling networks over unpredictable timescales; 

capturing such network remodeling requires methods for time-resolved quantitation of systems-

level signaling networks.10,11 While large-scale ‘hypothesis-free’ efforts have gained traction in 

recent years with the falling costs of next-generation sequencing and mass spectrometry (MS)-

based proteomics, the dynamics associated with early adaptation to targeted therapy have remained 

poorly resolved, as most reported hypothesis-free studies to date have profiled with low temporal 

granularity under drug treatment or have focused on the events following cell cycle re-entry. Here, 

we performed a time-resolved analysis of early adaptive signaling using a patient-derived cell line 

of BRAFV600E-mutant melanoma, which is characterized by an incomplete response to BRAF 

inhibitor therapy and therefore serves as a prototypical model system to chart the early molecular 

events that permit cancer cell survival following oncogenic signaling blockade. Prior work has 

established the propensity of these cells to undergo substantial transcriptional, epigenetic, and 

metabolic remodeling under continued BRAF inhibition, promoting survival and eventual slow re-

cycling under drug.12,13,14,15,16 However, the links between these events and loss of BRAF kinase 

activity, as well as the intricacies of how cell-wide signaling networks contribute to the onset of 

drug adaptation within the initial days of exposure, remain unclear. To address this knowledge 
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gap, we used quantitative MS to monitor the temporal dynamics of thousands of protein 

phosphorylation sites over a three-day period of BRAF inhibition, followed by a six-day drug 

washout, to assemble and explore a highly detailed map of cellular signaling kinetics under 

targeted therapy treatment. 

 

Results 
 

Profiling signaling network dynamics in a patient-derived melanoma model of adaptive 

BRAF inhibitor resistance 

To examine the early adaptive response to targeted therapy exposure, we studied a patient-

derived melanoma cell line, M397, that has previously been shown to exhibit tolerance to BRAF 

inhibition despite harboring the BRAFV600E oncogenic mutation.12,13,14,15,16 We confirmed M397 

cells exhibit a biphasic viability response to the BRAF inhibitor vemurafenib (VEM) after 72 

hours; within the first response phase, the concentration of VEM necessary to attain half-maximal 

viability (EC50, 98.37 ± 5.41 nM, mean ± standard deviation) was within range of the reported IC50 

of VEM for BRAF (32 nM and 100 nM against mutant- and wild-type BRAF, respectively17), 

consistent with an on-target response (Figure 3.1A). Significantly higher doses of VEM (>30 μM) 

drove cell death presumably through substantial off-target activity, and significantly lower doses 

(<10 nM) induced a hormetic effect that has previously been linked to paradoxical activation of 

BRAF.18 At a dose centered between the two response phases (3 μM), cells fail to apoptose and 

instead show a growth-arrested phenotype beginning at 30 hours (Figures 3.1B and 3.2A), 

indicating the suitability of M397 as a model system for studying the mechanisms of survival and 

early adaptation to oncogenic kinase inhibition. 

Treatment of BRAF-mutant cells with high-dose VEM is expected to rapidly ablate the 

BRAF-ERK axis and drive widespread remodeling of subcellular signaling networks. To examine 

this response, we treated M397 cells with VEM at 3 μM in biological triplicate and harvested from 

culture at seven early timepoints, spanning 15 minutes to 72 hours (Figure 3.1C and 

Supplementary Table S1). A separate group of cells were treated with 0.1% (v/v) of drug solvent 

dimethyl sulfoxide (DMSO) and harvested at a subset of the timepoints. After cells had been 

exposed to VEM for 72 hours, drugged media was replaced with drug-free media for six additional 

days; this drug washout period allowed us to assess the reversibility of adaptation. All lysates were 

then subjected to multiplexed quantitative phosphoproteomics by MS using tandem mass tags (see 

Appendix B for methods details). We chose to prioritize particular kinase families known to 

mediate survival, cycling, and adaptation to stress including tyrosine kinases, DNA damage-

sensing kinases, mitogen-activated protein kinases (MAPKs), and cyclin-dependent kinases 

(CDKs). To increase the probability of detection and accurate quantitation of the substrates of 
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these kinases by MS, their corresponding phospho-motifs were serially immunoprecipitated from 

the pool of TMT-labeled tryptic peptides prior to MS analysis (Figure 3.2B). A total of 4,160 

phosphopeptides covering 4,088 phosphorylation sites were confidently identified and quantified, 

and 1,461 sites were detected in all three independent replicates (1,273 sites when counting multi-

phosphorylated and non-unique peptide mappings as single sites). 

 

 
Figure 3.1. Early signaling dynamics of oncogenic BRAF inhibition in melanoma cells 

A. Viability dose-response of a patient-derived BRAF-mutant melanoma cell line, M397, against BRAF inhibitor 
vemurafenib (VEM). Error bars depict standard error of the mean across three replicates. 

B. Fraction of dead cells (staining positive for trypan blue) under high doses of VEM. Measurements were collected 
72 hours after drug treatment. Error bars depict standard error of the mean across three replicates. *** : P < 0.005 
by two-sided t-test. 

C. Time-resolved phosphoproteomics workflow schematic. 
D. Protein phosphorylation dynamics under BRAF inhibition by high-dose VEM (3 μM). Abundance values were 

derived from the mean across three biological replicates followed by z-score normalization. Phosphosites with no 
change throughout the time course (<10% coefficient of variation across timepoints, 108 total) are absent from 
this visual. 

E. Principal components analysis (PCA) of phosphoproteome dynamics. 
F. Phosphosite dynamics of MAPK1 and MAPK3 (ERK2 and ERK1, respectively) (top), canonical ERK1/2 

substrates (middle), and RB1/L1 (bottom). Error bars depict standard error of the mean across three replicates. 
 

 

The time-resolved phosphoproteome showed a rapid response to BRAF inhibition within 

15 minutes followed by waves of distinct signaling network remodeling and recovery (Figure 

3.1D). Principal components analysis (PCA) of the phosphoproteomics data revealed an early (0 
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Figure 3.2. Growth and signaling characteristics of M397 melanoma cells under BRAF 

inhibition, related to Figure 3.1 
A. Viability of melanoma cells under 0.1% DMSO or 3 μM VEM over a three-day time course. Error bars depict 

standard error across three replicates. * : P < 0.05 by two-sided Welch’s t-test. 
B. Number of high-confidence phosphosite identifications by phosphoproteomics. Values are reported for each 

biological replicate, each of which constitutes a single multiplexed MS analysis, and are segregated by each 
serially-enriched phospho-motif. 

C. Pairwise sample correlation and hierarchical clustering derived from phosphoproteomic data. 
D. Abundances of phosphosites on MAPK1 and MAPK3 (ERK2 and ERK1, respectively) (top), canonical ERK1/2 

substrates (middle), and RB1 (bottom) at 72 hours under VEM or DMSO. Error bars depict standard error of the 
mean across three replicates. * : P < 0.05; ** : P < 0.01; *** : P < 0.005; by two-sided t-test with multiple 
hypothesis correction by the Benjamini-Hochberg procedure. 

 

 

to 90 minutes) response to VEM along principal component 2, followed by a delayed (90 minutes 

to 72 hours) response along principal component 1 which was almost fully reversed following six 

days of drug removal (Figure 3.1E). Under drug washout, cells traverse a distinct path through 

principal component space which terminates near the matched DMSO control samples, indicating 

the controls successfully captured the signaling changes associated with sustained culture and low-

level DMSO exposure. Pairwise correlation analysis followed by hierarchical clustering between 
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all samples showed strong consistency between biological replicates and revealed three distinct 

timescales of drug response: ‘early’ (15 to 90 minutes), ‘intermediate’ (6 to 12 hours), and ‘late’ 

(24 to 72 hours) (Figure 3.2C). Notably, all drug washout samples co-cluster with ‘late’ timepoints, 

with the exception of the final washout timepoint (72h+/6d- BR1-3) which co-clusters with ‘basal’ 

samples, indicating a heavily delayed but nevertheless reversible signaling response. 

The ERK MAPKs, MAPK1 (ERK2) and MAPK3 (ERK1), which are canonically activated 

downstream of active BRAF, were rapidly and durably inhibited by VEM treatment throughout 

the time course until drug removal, as measured by activation loop phosphorylation (Figures 3.1F 

and 3.2D, top) and by phosphorylation of canonical ERK1/2 substrates (Figures 3.1F and 3.2D, 

middle). The inhibition of ERK1/2 within 15 minutes of VEM exposure confirms successful drug-

target engagement, and the durability of inhibition suggests M397 cells are not dependent on 

reactivation of the RAF-ERK axis to survive high-dose VEM treatment, in contrast to observations 

of rapid ERK1/2 reactivation in some cancers treated with RTK-RAS-ERK pathway 

inhibitors.5,6,19 

Activation of CDKs, especially CDK4/6, canonically occurs downstream of ERK1/2 

activation and promotes entry into S-phase in part by hyperphosphorylation of RB1.20 We 

observed gradual downregulation of seven phosphosites on RB1 and the related protein RBL1 

under VEM, and recovery under drug washout, consistent with reversible cell cycle arrest at G1-

phase (Figures 3.1F and 3.2D, bottom). These findings confirm that our molecular snapshots 

capture drug-tolerant cells in a period of transient, reversible stress driven by oncogenic kinase 

inhibition and further support the M397 model’s utility for scrutinizing the dynamics of early drug 

adaptation. 

 

The time-resolved transcriptome informs dynamic gene regulatory responses to oncogenic 

BRAF inhibition 

Changes in cellular signaling network activity often lead to widespread transcriptional 

remodeling. To characterize concomitant transcriptomic alterations following signaling network 

rewiring, we subjected VEM-treated M397 cells to bulk mRNA sequencing (RNA-seq) at select 

timepoints (Supplementary Table S2). PCA of the time-resolved transcriptome showed strong 

overall agreement with the phosphoproteome, highlighting immediate-early responses along 

principal component 1, delayed responses along principal component 2, and a near-complete 

reversal of the adaptive response during drug washout (Figure 3.3A). These transitions were 

characterized by changes in proliferation, metabolism, and stemness along two distinct timescales 

with a clear transition point at 24 hours. Notably, mRNA transcripts of canonical targets 

downstream of ERK1/2 signaling showed reduced abundance under VEM and recovery under drug 
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washout, consistent with the durable and reversible ERK1/2 inhibition observed in the 

phosphoproteome (Figure 3.3B). 

 

 
Figure 3.3. Transcriptional dynamics of oncogenic BRAF inhibition 

A. Principal components analysis (PCA) of transcriptome dynamics under high-dose VEM (3 μM), and a subset of 
significantly enriched gene sets (FDR < 0.05) along each principal component. NES: normalized enrichment 
score. 

B. mRNA dynamics of canonical downstream transcriptional targets of the RAS-ERK pathway. 
C. Inferred transcription factor activity dynamics under VEM. 
 

 

We performed computational inference of transcription factor (TF) activity to examine the 

dynamic gene regulatory consequences of oncogenic BRAF inhibition. Estimates of the relative 

activity of TFs using the time-series RNA-seq data revealed escalating activity of MITF, SOX9, 

and SOX10 under VEM, alongside diminishing activity of E2F4, HIF1A, MYC, TP53, and ETS2, 

aligning with an augmented melanocytic signature, attenuated ERK1/2 activity, and cell cycle 
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arrest upon short-term BRAF inhibition (Figure 3.3C).12,21 We further discerned increased TF 

activities of NFκB and JUN/AP1, corroborating previous reports.16,22,23 Construction of a TF 

regulatory network, using the correlative interactions among TFs whose activities changed 

significantly within the three days of drug exposure, spotlighted the known mutually activating 

interactions among the melanocytic lineage TFs MITF, SOX9, and SOX10, in addition to mutually 

inhibitory interactions between MYC and JUN, and between MYC and NFκB/RelA (Figure 

3.4),16,22,24,25,26 further validating our measurements of the early drug-altered transcriptome. 

 

 
Figure 3.4. Remodeling of gene regulation by VEM, related to Figure 3.3 

Inferred transcription factor regulatory network under VEM treatment for 72 hours, with representative zoomed-in 
sections. Blue lines and arrowheads signify gene activation; red lines and blunt heads signify gene inhibition. 
 

 

Integrative analysis reveals the concerted signaling and transcriptional responses to BRAF 

inhibition 

In general, signaling and transcription constitute tightly interconnected processes. 

Leveraging the time resolution of our multimodal data, we performed an integrative, correlation-

based analysis to examine the coordinated network responses to BRAF inhibition. We subjected 

the phosphoproteomics and transcriptomics data separately to pairwise correlation analysis 

followed by hierarchical clustering, resulting in data-driven groupings of phosphosites (Figure 
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3.5A) and genes (Figure 3.5B). As each module consists of dozens to hundreds of features which 

share a kinetically similar response to VEM treatment and removal (Figures 3.6A and 3.6B), this 

analysis served as a form of dimensionality reduction, projecting both datasets into an interpretable 

kinetically-defined space. Upon examining meta-correlations between inferred signaling and 

transcriptional modules (Figure 3.6C), we found our approach detected known ground-truth 

associations between signaling and transcription; for instance, signaling module A (hereafter, SM-

A), which contained phosphosites important for ERK1/2 signaling, was significantly correlated 

with transcriptional module L (hereafter, TM-L), a growth-enriched module with significant 

overrepresentation of downstream effectors of canonical RAS-ERK signaling (Figure 3.5C). SM-

A was also significantly anticorrelated with transcription module E (TM-E), which was gradually 

induced by VEM and overwhelmingly represented genes associated with metabolic rewiring, 

especially fatty acid and lipid metabolism, consistent with the established role of ERK1/2 in 

repressing expression of fatty acid β-oxidation genes.27,28 Another pair of independently inferred 

modules, SM-I and TM-J, were downregulated by VEM with near-identical kinetics and were both 

strongly associated with cell cycle progression and RNA processing (Figure 3.6D). These findings 

collectively validate our statistical framework for detecting positive and negative functional links 

between signaling networks and gene regulation. 

While many of the proteins in the observed phosphoproteome are known to play important 

functional roles in processes enriched within the correlated transcriptome, most of their 

phosphorylation sites are poorly characterized. For example, EIF3B is a translation initiation factor 

that engages the 40S ribosome and is thought to be required for several of the initial steps of protein 

synthesis, but the precise functional role of the phosphorylation site quantified in SM-I (pS95) is 

unknown. As the vast majority of the phosphoproteome still lacks confidently annotated functional 

roles,29 this time-resolved map between signaling dynamics and transcriptional remodeling under 

a well-controlled perturbation may serve as an information-rich resource to nominate mechanistic 

hypotheses with phosphosite-specific resolution. 

 

BRAF inhibition induces early tyrosine kinase signaling and cytoskeletal remodeling 

While most of the detected protein phosphorylation sites were downregulated by VEM, we 

found two signaling modules, SM-J and SM-K, which were reversibly induced rather than 

inhibited by VEM treatment (Figure 3.7A). Among all phosphosites in these modules, we observed 

significant depletion of the (pS/pT)P phospho-motif, consistent with reduced MAPK and CDK 

activity, and significant overrepresentation of phosphotyrosine, suggesting a net increase in 

tyrosine kinase activity under VEM (Figures 3.7B and 3.7C). 

Upon inspection of the tyrosine-phosphorylated members of SM-J and SM-K, we found 

that many are known substrates of one or more SRC family kinases (SFKs) (Figure 3.7D and Sup- 
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Figure 3.5. Integrative analysis reveals the concerted molecular response to VEM 

A. Inference of kinetically distinct signaling modules from time-series phosphoproteomics data by pairwise 
correlation analysis and hierarchical clustering. 

B. Inference of kinetically distinct transcription modules from time-series transcriptomics data by pairwise 
correlation analysis and hierarchical clustering. 

C. Consensus dynamics of signaling module I and transcription module J under VEM (top left); phosphosites in 
signaling module I related to cell cycle progression and RNA processing (top right); overrepresented gene sets in 
transcription module J related to cell cycle progression and RNA processing (bottom). Shaded regions depict 
standard deviation across all members of the depicted module. P-values were derived from two-sided Fisher’s 
exact test with multiple hypothesis correction by the Benjamini-Hochberg procedure. 
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Figure 3.6. Integrative analysis of signaling and transcriptional response to BRAF 

inhibition, related to Figure 3.5 
A. Consensus dynamics of qualitatively similar but kinetically distinct signaling modules D-G under VEM. Shaded 

regions depict standard deviation across all members of the depicted module. 
B. Consensus dynamics of qualitatively similar but kinetically distinct transcription modules C-F under VEM. 

Shaded regions depict standard deviation across all members of the depicted module. 
C. Pairwise correlation of signaling and transcription modules. * : P < 0.05. P-values indicate the estimated 

probability of uncorrelated modules producing an r value at least as extreme as the observed value, with multiple 
hypothesis correction by the Benjamini-Hochberg procedure. 

D. Consensus dynamics of signaling module A and transcription module E under VEM (top left); phosphosites 
related to ERK1/2 pathway signaling in signaling module A (top right); overrepresented gene sets in transcription 
module E related to metabolic rewiring and fatty acid oxidation (bottom). Shaded regions depict standard 
deviation across all members of the depicted module. P-values were derived from two-sided Fisher’s exact test 
with multiple hypothesis correction by the Benjamini-Hochberg procedure. 
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Figure 3.7. BRAF inhibition leads to an increase in tyrosine phosphorylation, SRC family 

kinase (SFK) signaling, and cytoskeletal remodeling 
A. Consensus dynamics of VEM-induced signaling modules J (top) and K (bottom). Shaded regions depict standard 

deviation across all phosphosites in the depicted module. 
B. Representation of each immunoprecipitated phospho-motif among phosphosites in signaling modules J and K. * 

: P < 0.05; ** : P < 0.01; *** : P < 0.005 by two-sided Fisher’s exact test with multiple hypothesis correction by 
the Benjamini-Hochberg procedure. 

C. Consensus sequence logos flanking all phosphosites in the phosphoproteomics data (top) and phosphosites in 
signaling modules J and K (bottom). Multi-phosphorylated peptides were excluded from the sequence logos. 

D. Abundances of phosphosites on known substrates of SFKs at 72 hours under VEM or DMSO. Error bars depict 
standard error of the mean across three replicates. * : P < 0.05; ** : P < 0.01 by two-sided t-test with multiple 
hypothesis correction by the Benjamini-Hochberg procedure. 

E. Immunoblot of phosphorylated SRC activation loop and total SRC under VEM alone and in combination with 
SFK inhibitor dasatinib (DAS). 

 

 

plementary Table S3). SFKs constitute a group of non-receptor tyrosine kinases that coordinate 

important signaling events regulating cell morphology, survival, and metabolism, among many 
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other biological processes, and have been linked to adaptation and resistance to targeted 

therapy.30,31,32,33 Many of these phosphosites, in addition to other known SFK substrates which 

were not in SM-J or SM-K, were upregulated under VEM treatment after 72 hours compared to 

DMSO-treated cells, suggesting their induction was not a consequence of sustained culture. 

Notably, some of these sites did not show corresponding increases in transcript abundance, 

indicating that VEM treatment modulates SFK signaling by mechanisms that are at least partly 

uncoupled from transcriptional upregulation (Figure 3.8A). 

By western blot, we observed increased phosphorylation of the SRC activation loop at 

Y419 after treatment with VEM (3 μM) for 72 hours, which was prevented by co-treatment with 

the SFK inhibitor dasatinib (DAS) (Figure 3.7E). Consistent with the critical role of SFK signaling 

in regulation of the cytoskeleton and focal adhesions, cells showed marked changes in morphology 

under VEM treatment (Figure 3.8B). These results, together with our observation of SFK substrate 

kinetics, suggest that VEM treatment drives a gradual increase in SFK activity within the first three 

days of treatment. 

 

 
Figure 3.8. Transcriptional dynamics of SFK substrates and morphological characteristics 

under BRAF inhibition, related to Figure 3.7 
A. mRNA dynamics of SFK substrate genes shown in Figure 3.7D. 
B. Morphology of M397 cells under DMSO or VEM for 72 hours. 
 

 

Accumulation of reactive oxygen species under BRAF inhibition promotes SFK signaling 

Signaling through SFKs is complex and is known to be driven by many possible cell-

intrinsic and extrinsic factors. One known mechanism for SFK activation under cell stress is 

through accumulation of reactive oxygen species (ROS), such as hydrogen peroxide (H2O2), 

which can oxidize catalytic cysteine residues in tyrosine kinase domains, resulting in increased 

kinase activity.34,35,36 ROS can also alter cysteine residues on protein tyrosine phosphatases 
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(PTPs), leading to inactivation of PTPs and a net increase in phosphotyrosine signaling.37,38 

Targeted therapies often promote intracellular accumulation of ROS due to the disruption of redox 

homeostasis;39,40 the resulting oxidative stress can be detrimental to cellular function and thereby 

contribute to the efficacy of therapy, but when maintained at sub-lethal levels ROS can serve as a 

second messenger to promote cellular adaptation in the face of external stressors by activating 

survival-promoting pathways. Within the inferred transcriptional module TM-J, which was 

significantly anticorrelated with the SFK-associated signaling module SM-K, we found significant 

overrepresentation of genes associated with NRF2 (NFE2L2), NRF1 (NFE2L1), and maintenance 

of oxidative stress, suggesting cells had undergone a reduced antioxidant response under VEM 

(Figure 3.9A). NRF2 is a TF that promotes cytoprotection from ROS by binding to antioxidant 

response elements (AREs) in the promoters of target genes including those encoding 

oxidoreductases and other detoxifying enzymes.41 Direct examination of NRF2 transcript levels 

showed reduced expression under VEM and recovery with VEM removal, and nearly identical 

transcriptional kinetics of the NRF2 binding partner MAFG (Figure 3.9B). Additionally, VEM 

treatment prompted a concomitant gradual increase in expression of the E3 ubiquitin ligase β-TrCP 

(BTRC), which promotes NRF2 turnover,42 and of MAF, a transcriptional repressor that targets 

AREs for suppression,43 throughout the time course. These nearly-synchronized transcriptional 

events suggest VEM-treated cells undergo gradual dysregulation of redox homeostasis over the 

first three days of treatment. 

We next subjected cells to direct measurement of intracellular ROS levels. In concordance 

with the observed transcriptional signature suggesting gradual oxidative stress, VEM-treated cells 

showed nearly 2.5-fold higher levels of ROS after 72 hours compared to control cells, and 1.5-fold 

higher levels compared to cells treated directly with 30 μM exogenous H2O2 (Figure 3.9C). ROS 

levels were restored to baseline or sub-baseline levels by one-hour treatment with N-acetylcysteine 

(NAC), an antioxidant prodrug and ROS scavenger. These results confirm that BRAF inhibition 

by VEM promotes significant yet sub-cytotoxic ROS accumulation. 

To probe the relationship between VEM treatment, SFK signaling, and ROS accumulation, 

we treated cells with VEM, DAS, or the combination for 72 hours, with or without addition of 

NAC for one hour prior to harvesting, and subjected lysates to targeted MS, specifically aiming to 

quantify SFK phosphorylation and well-characterized SFK substrates (Figure 3.9D and 

Supplementary Table S4). We also quantified phosphorylated ERK1/2 to confirm successful VEM 

target engagement. The identity and quantitation of each phosphopeptide target was manually 

validated (Figures 3.10A and 3.10B). Targeted MS showed increased tyrosine phosphorylation on 

the SFK activation loop and on established SFK substrates under VEM treatment, which was 

reduced or fully prevented by addition of DAS (Figure 3.9E). Most substrates were downregulated  

by NAC treatment alone but to a lesser extent in combination with VEM, suggesting one hour of  
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Figure 3.9. Reactive oxygen species (ROS) accumulation under BRAF inhibition promotes 

SFK signaling 
A. Consensus dynamics of signaling module K (SM-K) and transcription module J (TM-J) (left); overrepresented 

gene sets in TM-J related to maintenance of oxidative stress (right). P-values were derived from two-sided 
Fisher’s exact test with multiple hypothesis correction by the Benjamini-Hochberg procedure. 

B. Transcriptional dynamics of antioxidant-promoting transcription factor NRF2 (NFE2L2) and related redox 
homeostasis genes. 

C. Abundance of ROS in M397 cells treated with VEM (3 μM), antioxidant prodrug N-acetylcysteine (NAC) (10 
mM), hydrogen peroxide (H2O2) (30 μM), and combinations thereof. All treatments were delivered for 72 hours 
except NAC, which was delivered one hour before measurement. Error bars depict standard error of the mean 
across three replicates. ** : P < 0.01; *** : P < 0.005 by two-sided t-test. 

D. Workflow schematic for targeted mass spectrometry (MS) analysis of SFK signaling. The ion chromatogram 
depicts MS intensity of the phosphotyrosine immonium ion (fragments with m/z = 216.04, ±10 ppm). 

E. Phosphosite abundances under VEM (3 μM), DAS (50 nM), NAC (10 mM), and combinations thereof, measured 
by targeted MS. All treatments were delivered for 72 hours except NAC, which was delivered one hour before 
cell lysis. 

F. Immunoblot of phosphorylated SRC activation loop and total SRC under VEM (3 μM), NAC (5 mM, + and 10 
mM, ++), and combinations thereof. 

G. Immunoblot of phosphorylated SRC activation loop and total SRC under H2O2 (30 μM) alone and in combination 
with NAC (10 mM). 
†The tryptic phosphopeptide supporting SRC-pY419 also maps to activation loops on three other paralogous SFKs 
(FYN-pY420, LCK-pY394, and YES1-pY426). 
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Figure 3.10. Manually validated targeted MS data, related to Figure 3.9 

A. Fragment ion chromatograms of the phosphopeptides quantified in Figure 3.9E. 
B. MS/MS spectra of the phosphopeptides quantified in Figure 3.9E, acquired at the elution apex where sensitivity 

is maximal. Tandem mass tag reporter ions used for quantitation are not shown. 
†The tryptic phosphopeptide supporting SRC-pY419 also maps to activation loops on three other paralogous SFKs 
(FYN-pY420, LCK-pY394, and YES1-pY426). 
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NAC treatment may not be sufficient time for PTPs to return aberrant phosphorylation to baseline 

levels. 

We confirmed significantly increased SRC phosphorylation under VEM by western blot, 

which was prevented by combination treatment with DAS and with NAC in a dose-dependent 

manner (Figure 3.9F). Compared to MS-based quantitation, western blot showed NAC treatment 

had a greater effect on SRC phosphorylation, potentially due to ambiguity introduced by the non-

unique mapping of the tryptic SFK phosphopeptide (LIEDNE(pY)TAR maps to human SRC, 

FYN, LCK, and YES1). Finally, we observed that direct exposure of cells to exogenous H2O2 

drove an increase in SRC phosphorylation that was prevented by NAC (Figure 3.9G). Together, 

these results establish a causal association between VEM treatment, intracellular ROS levels, and 

net SFK activity. 

 

SFK-mediated adaptation to BRAF inhibition sensitizes cells to dasatinib 

We sought to test whether early SFK induction by VEM would render cells susceptible to 

combination treatment with DAS. We observed pronounced and sustained cell growth inhibition 

under the drug combination across a panel of patient-derived BRAFV600E melanoma cell lines, all 

of which eventually expanded under VEM alone (Figure 3.11A) and were unresponsive to DAS 

alone (Figure 3.11B). Two cell lines in particular, M233 and M381, were durably suppressed 

despite previous evidence of intrinsic resistance to VEM.12 These findings suggest some degree of 

generality of the SFK-mediated response to BRAF inhibition and confirm that this response can 

confer a strong mitogenic and survival dependency. 

We verified the efficacy of this combination in an orthotopic xenograft mouse model of 

the M397 line and observed significant tumor stasis with the drug combination compared to VEM 

and DAS monotherapy (Figure 3.11C and 6D). Notably, tumors were more responsive to DAS in 

vivo than the M397 line was in vitro; this is likely due to the higher dose of DAS delivered in vivo 

and also may indicate the presence of additional microenvironmental and physiological 

determinants of drug sensitivity that weren’t captured in simpler in vitro models.31 Taken together, 

our results support a time-resolved model where adaptation to BRAF inhibition leads to a gradual 

loss of redox homeostasis, accumulation of ROS, and resultant SFK activation, likely accompanied 

by PTP inhibition, and together leading to a pro-survival response that potently sensitizes cells to 

SFK inhibition (Figure 3.11E). 

 

Discussion 
 

 The systems-level intracellular molecular response to oncoprotein inhibition can dictate 

whether an exposed tumor cell will survive or die. In pursuing improved targeted therapies and 
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therapy combinations for cancer, it has become crucial to map and better understand the complex 

and multifactorial systems that encode robustness to oncoprotein disruption. To elucidate the early 

temporal stages that precede and potentially lead to complete therapy resistance, we conducted a 

comprehensive analysis of the kinetic changes in cell signaling networks over minutes, hours, and 

days following the administration of vemurafenib (VEM), a BRAFV600E inhibitor, using a 

melanoma cell line with partial responsiveness to BRAF inhibition as a model system. Given the 

importance of tumor cell-intrinsic signaling mechanisms in mediating responses to kinase 

inhibitors – including feedback inhibition, pathway cross-talk, and kinase redundancy, among 

others – we reasoned that a hypothesis-free time-resolved characterization of signaling events that 

unfold early under drug treatment would provide deep insights into cellular adaptation to targeted 

therapy. 

 

 
Figure 3.11. Adaptive response to BRAF inhibition confers sensitivity to SFK inhibitor 

dasatinib in vitro and in vivo 
A. Clonogenic assays of a panel of patient-derived melanoma cell lines treated with VEM (3 μM) alone or in 

combination with DAS (50 nM). 
B. Clonogenic assays of a panel of patient-derived melanoma cell lines treated with DMSO (0.1%) or DAS (50 nM). 
C. Tumor growth curves of the M397-derived orthotopic xenograft mouse model treated with vehicle, VEM (100 

mg/kg), DAS (30 mg/kg), or VEM combined with DAS. Error bars depict standard error of the mean across five 
replicates. P-values were calculated by two-sided Welch’s t-test. 

D. Resected tumors from cell line xenograft mouse models after 27 days of treatment with the indicated drugs. 
E. Timeline schematic of the dynamics of SFK activity and other selected critical regulatory events driven by BRAF 

inhibition by VEM. 
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We observed multiple distinct stages of signaling network remodeling in the drug-altered 

phosphoproteome, corresponding to early, intermediate, and late pathway alterations. Treatment 

with VEM lead to rapid and sustained inhibition of the BRAF-ERK axis and gradual 

downregulation of RB1 phosphorylation. These observations indicate reduced mitotic activity and 

were consistent with corresponding dynamic measurements of cell viability. We observed distinct 

kinetics of phosphorylation loss on canonical ERK1/2 substrates in response to VEM treatment, 

including ERF, MAP2K2 (MEK2), and STMN1, suggesting that their phospho-regulation may be 

controlled by other kinases besides ERK1/2 or by distinct serine/threonine phosphatases. 

 The marked suppression of ERK1/2 activity during VEM treatment suggests that cell 

survival was not dependent on reactivation of BRAF or ERK1/2 during the measured time course. 

We speculate that the absence of ERK1/2 reactivation within our model system may be attributed 

to the efficient blockade of both mutant and wild-type BRAF by VEM at 3 μM, such that the RAF-

ERK pathway is durably inhibited even in the presence of possible upstream RTK/RAS activation. 

Through the kinetic profiling of mRNA transcript levels, we found strong agreement in 

cell state dynamics with the time-resolved phosphoproteome. Both classes of biomolecules 

demonstrated an early response to VEM and a near-complete reversal of remodeling following six 

days of VEM removal. These melanoma cells are known to exhibit significant molecular and 

phenotypic plasticity under BRAF inhibition;12 our results confirm that maintenance of the early 

drug-adapted cell state depends on sustained BRAF inhibition. 

Inference of kinetically-defined signaling and transcriptional modules recovered known 

associations while also revealing many examples of new signaling-gene regulatory associations. 

Although it is currently intractable to individually examine and experimentally test the 

relationships between all possible pairs of observed phosphosites and genes (>17M), we believe 

this time-resolved multimodal dataset serves as a valuable resource to investigate new lines of 

inquiry into the concerted molecular processes that follow oncoprotein inhibition and tumor cell 

stress within a well-characterized model system of adaptive drug response. 

SFK induction during targeted therapy treatment has been described in multiple cancers, 

including melanoma;30,31,32 our study sheds light on the kinetics associated with this response, 

revealing that signs of SFK induction can emerge as early as 3-6 hours of oncoprotein inhibition. 

This onset is markedly earlier than previously appreciated, suggesting a more immediate cellular 

adaptation to targeted therapy via this axis than previously appreciated. Intriguingly, similar to the 

distinct phosphorylation patterns of different canonical ERK1/2 substrates, our analysis revealed 

distinct patterns of phosphorylation on canonical SFK substrates – for instance, after 72 hours 

PXN-pY118 was upregulated 1.8-fold, CTTN-pY421 was upregulated 4.1-fold, and TNS1-

pY1427 was upregulated over 5.2-fold on average compared to control cells. This variation in 

signaling magnitude may suggest the engagement of distinct sets of tyrosine phosphatases and 
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kinases, including but not limited to SFKs, in modulating the phosphorylation states of these 

crucial substrates. 

We observed a substantial increase in intracellular ROS levels following oncogenic BRAF 

inhibition. By perturbing cells with ROS with or without NAC as a competitive antioxidant, we 

were able to isolate the effect of ROS on SFK activity and found that increased ROS level leads 

to increased SFK activation loop phosphorylation. In addition to their established role in directly 

activating SFKs by oxidizing catalytic cysteine residues,34,35,36 ROS are known to modulate 

signaling networks by inhibiting the action of PTPs, similarly by oxidizing the free thiol groups 

on catalytically essential cysteines.37,38,44 While our study did not directly identify PTP oxidation 

as an explanatory mechanism for the net increase in tyrosine phosphorylation under VEM, it is 

likely that PTP inhibition contributed to this observation. We note that while acute treatment of 

NAC was sufficient to reduce SFK phosphorylation after VEM exposure, this effect did not extend 

to many canonical SFK substrates when we profiled by targeted mass spectrometry (MS), perhaps 

indicating that one hour of NAC exposure is not enough time to fully recover the catalytic activity 

of PTPs. 

Our observations reveal a strong degree of synergy between VEM and the SFK inhibitor 

dasatinib (DAS) in vitro, and we observed tumor stasis with the combination in vivo despite 

inability of either monotherapy to control tumor burden. The therapeutic potential of DAS as a 

monotherapy for melanoma has been explored in multiple clinical trials, which have generally 

failed to demonstrate a clinically meaningful response within a tolerable dose range.45,46 DAS is 

currently approved only for the treatment of chronic myeloid leukemia and a subset of other 

Philadelphia chromosome-positive leukemias due to its potent activity against BCR-ABL1. 

Consistent with the expectation of low sensitivity to SFK inhibition alone, we observed little to no 

effect of DAS across a panel of five patient-derived melanoma cell lines. However, the potent and 

sustained inhibition of cell growth when combined with VEM suggests that induction of SFK 

signaling by VEM reveals an underlying synthetic lethal interaction between mutant BRAF and 

the SRC family, which may be exploited therapeutically. Additional preclinical studies would be 

needed to verify the generality of this drug combination’s efficacy and to identify potential 

biomarkers identifying the subset of patients most likely to benefit from low-dose SFK inhibition 

combined with BRAF/MEK blockade. 

This study underscores the significant potential of quantitatively characterizing the 

dynamics of early alterations in cell signaling and transcriptional networks under targeted therapy 

treatment. Such analysis provides powerful insights into multiple aspects of cell state: the 

dynamics of drug-target engagement, the downstream molecular processes regulated by the target, 

and the induction of compensatory pro-survival signaling pathways that should be considered for 

co-targeting. 
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Chapter 4: 

Conclusions 
 

 

“The 325,000 patients with cancer who are going to die this year cannot wait; nor is it 
necessary, in order to make great progress in the cure of cancer, for us to have the full solution 
of all the problems of basic research… the history of Medicine is replete with examples of cures 
obtained years, decades, and even centuries before the mechanism of action was understood for 

these cures.” 
Sidney Farber, M.D., 1971 

 

 

 This thesis describes two efforts to further our understanding of the signaling basis for poor 

tumor cell sensitivity to oncogenic kinase inhibition, a key therapeutic modality in the management 

of cancer. In Chapter 1, I outlined some of the known fundamental biology and methodologies 

underlying this work. In Chapter 2, I reported a set of model-specific and consensus signals 

promoting tolerance to tyrosine kinase inhibitors (TKIs) in cell line models of non-small cell lung 

cancer. In Chapter 3, I detailed a collaborative effort to profile the signaling and transcriptional 

dynamics associated with drug-induced tumor cell adaptation to oncogenic BRAF inhibition. The 

work outlined in this thesis relied on careful selection of model systems which, though not without 

limitations, were shown to recapitulate clinically relevant phenomena. In addition, many of the 

discoveries reported here were enabled by mass spectrometry (MS)-based phosphoproteomics, a 

powerful analytical approach that allows for direct measurement of subcellular kinase signaling 

networks at proteome-scale. In this concluding chapter, I will outline some of the present 

challenges and opportunities researchers and clinicians face in the development, application, and 

evaluation of molecular targeted therapy in oncology. In particular, I will call attention to key 

challenges related to attaining durable responses to targeted therapy, and to the opportunities for 

systems-level molecular profiling and the rational use of combination therapy in cancer treatment. 
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To achieve durable responses to targeted therapy, proper drug target selection is critical. In 

nearly all clinical cases today in which targeted therapy may be appropriate, drug targets are 

selected either by tumor tissue histology, such as with hormone therapy or HER2-directed therapy 

in breast cancer, or by tumor genotyping, which is performed most commonly in the treatment of 

particular malignancies of the lung, skin, and blood, among others.1 In the two to three decades 

since the first genotype-directed targeted therapies were approved, it is now clear that new 

approaches are needed to uncover actionable drug targets. Systems-level or “omics” technologies, 

including MS-based proteomics and phosphoproteomics, RNA sequencing, metabolomics, and 

epigenomic profiling, offer the promise of measuring as many potentially relevant molecules and 

pathways within tumor tissue as possible to identify possible points for therapeutic intervention. 

These approaches are agnostic to prior knowledge of the relevant tumor biology, allowing for a 

direct readout of biochemical pathway activity and thereby circumventing the need to infer 

oncogenic drivers solely from tumor genome sequence. In addition, systems-level approaches are 

revealing new molecular subtypes that describe tumor tissue in terms of the abundances of relevant 

biomolecules present, rather than of the histology or oncogenic mutations harbored;2,3,4 these new 

subtyping efforts, in addition to patient-specific profiling using many of the same technologies,5,6 

may prove to hold high value for drug target selection in the oncology clinic. 

As discussed earlier in this thesis, achieving a strong initial response to therapy is highly 

dependent on effective blockade of oncogenic pathways and signaling. Biochemical complexity 

endows our cells with considerable robustness to stress and the capability to adapt to new 

circumstances; unfortunately, this very capability often thwarts our best attempts to durably arrest 

or kill cancer cells. As a result, many patients may need more than one targeted therapy to 

effectively block multiple oncogenic pathways or to target distinct subclones of cancer cells within 

a tumor. This challenge has motivated the use of rational combination therapy, and there is much 

enthusiasm among cancer researchers in developing methods and models to find effective 

solutions among the combinatorially vast space of candidates. Combining targeted therapies with 

other modalities, such as immunotherapy, cytotoxic chemotherapy, or radiotherapy, also holds 

great promise.7,8,9,10,11,12,13 Predicting which patients are most likely to benefit from any particular 

combination therapy is a significant challenge, but one where systems-level approaches, once 

again, will likely play an outsized role by stratifying patient populations or determining optimal 

patient-specific combinations and regimens. 

 Tumors are ecosystems composed of diverse populations of neoplastic and non-neoplastic 

cells, and as such are subject to the laws of evolution by natural selection. Indeed, evolutionary 

pressures are recognized to play an important role in sculpting the biology of cancer starting with 

the earliest (epi)genetic alteration in the cell of origin.14,15 Anti-cancer therapy acts as a negative 

selective pressure, under which surviving tumor cells will continue to evolve toward the fittest 
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state attainable in a process called acquired resistance, often resulting in complete loss of drug 

sensitivity and aggressive disease. Rational combination therapy can play an important role in 

delaying or preventing acquired resistance; by ensuring more complete blockade of oncogenic 

signaling, or by targeting distinct subclones within a tumor harboring distinct dependencies, 

carefully selected drug combinations may leave fewer residual tumor cells behind, minimizing the 

size of the reservoir from which acquired resistance spills. Additionally, we now know that some 

targeted therapies inadvertently accelerate this evolutionary process by inducing hypermutagenic 

pathways that increase the probability of the emergence of resistance-driving mutations, thereby 

promoting the evolvability of tumors. A more complete understanding of these drug-induced 

molecular responses, and how they might be antagonized, may pay dividends in our ability to 

durably suppress tumors and maximize patient survival time. 

 When two drugs are paired together and show greater effect than expected given their 

individual effects, the drugs are said to be synergistic. Finding synergistic pairs of agents has been 

a priority in experimental cancer research for decades; however, there is debate among researchers 

and clinicians about whether drug synergy is a useful measure of success of any given combination 

therapy in the clinic. Recent retrospective analyses of clinical outcomes data has revealed that most 

of today’s effective combination therapies in the oncology clinic are additive or even sub-additive, 

and derive their efficacy from independent mechanisms of action and non-overlapping toxicity 

profiles, or by covering a wider spectrum of possible oncogenic drivers and thereby increasing the 

likelihood of achieving an effect.16,17,18 Given these findings, it is crucial to interpret drug synergy 

results with care. In Chapter 2 of this thesis, synergy assays are used on lung cancer cell lines, 

which reveal that SRC family kinase (SFK) inhibition is synergistic with oncogenic tyrosine kinase 

inhibition across several drug-tolerant model systems; these results are corroborated by clonogenic 

assays which test for the durability of these combination effects. Performing orthogonal pairs of 

assays, I argue, is essential in nominating effective drug combinations from work done in 

experimental model systems. In the effort to find optimal combination therapies for cancer 

treatment, our field should achieve consensus on the precise role, if any, drug synergy will play. 

 There is much cause to be optimistic about the future of targeted cancer therapy. New 

technologies are enabling new biological insight, and new therapeutic modalities are opening the 

doors to a more complete toolbox for the clinical management of malignancy. This thesis 

contributes new links between tumor cell-intrinsic signaling and sensitivity to targeted therapy, 

emphasizing the importance of this particular aspect of cancer biology and hopefully bringing us 

one step closer to durable and effective strategies for cancer treatment. 
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Appendix A: 

Methods for chapter 2 
 

Cell lines and drug treatment 

 H1993, H2228, H1975, and HCC4006 cell lines were purchased from ATCC. EBC-1 cells 

were purchased from JCRB Cell Bank. H3122 cells were provided by the Pasi Jänne lab (DFCI). 

Cell lines were selected on the basis of their MET, ALK, and EGFR mutation status according to 

the Cancer Dependency Map.1 All cell lines were cultured in RPMI-1640 supplemented with 10% 

FBS and were regularly tested for mycoplasma contamination. All drugs used in this study were 

purchased from Selleck Chemicals and were dissolved in dimethyl sulfoxide (DMSO). All 

experiments involving drug treatment were controlled for 0.1% DMSO exposure, and control cells 

were treated with 0.1% DMSO. 

 

Cell viability dose-response assay 

Cells were seeded in a 384-well plate (500 cells/well, 3 drugs/plate, n = 6 replicates per 

drug dose and n = 18 replicates for control cells) and incubated for 24 hours, followed by treatment 

with drug at the designated doses for 72 hours. Cell viability was quantified using CellTiter-Glo 

(Promega, catalog # G7572) according to the manufacturer protocol. All luminescence values were 

normalized to the average of the drug-free control wells. Outlier values were removed according 

to the 1.5×IQR rule. Monophasic or biphasic dose-response curves were fitted to the data 

according to the following viability equations: 

 

𝑉௠௢௡௢(𝑑) = (1 − 𝛾) ൮
1
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where 𝑉(𝑑) ∈ [0,1] is the fraction of viable cells under dose 𝑑 (in nM). Under the monophasic 

model, 𝐸𝐶ହ଴ provides an estimate of the dose at which there is a half-maximal effect, 𝛾 provides 

an estimate of the minimum viability, and 𝑛 is a measure of the steepness of the response. Under 

the biphasic model,  𝐸𝐶ହ଴,ଵ and 𝐸𝐶ହ଴,ଶ are estimates of the doses at which there is a half-maximal 

effect for the first and second dose-response phases, respectively. 𝛼 provides an estimate of the 
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intermediate viability of cells treated with doses between 𝐸𝐶ହ଴,ଵ and 𝐸𝐶ହ଴,ଶ. 𝑛ଵ and 𝑛ଶ are 

measures of the steepness of the first and second dose-response phases, respectively. Model fitting 

was performed using the curve_fit function in the SciPy scientific computing python package.2 

 

Clonogenic assays 

 Cells were seeded in 24-well plates (20,000 cells/well) and incubated for 24 hours prior to 

drug treatment. Drugged media was replenished every three days until drug washout, at which 

point all drugged media was removed and the cells were rinsed and replenished with drug-free 

media. From this point on, drug-free media was replenished every three days. At each indicated 

timepoint, plates were removed from culture and media was removed. Cells were fixed with 50% 

methanol in double-distilled water for 10 minutes and stained with 0.5% crystal violet in 25% 

methanol for 30 minutes. 

 

Checkerboard assays 

 Cells were seeded in a 384-well plate (500 cells/well, n = 6 replicates per dose) and 

incubated for 24 hours prior, followed by treatment with drug pairs at the designated doses for 72 

hours. Cell viability was quantified using CellTiter-Glo (Promega, catalog # G7572) according to 

the manufacturer protocol. All luminescence values were normalized to the average of the drug-

free control wells. Outlier values were removed according to the 1.5×IQR rule. 

 For assessing drug synergy and antagonism, the Bliss independence model was used, which 

assumes that independent drug-drug interactions are multiplicative.3 The model is summarized as 

follows: if exposure of cells to drug A at dose dA results in effect 𝑒஺ ∈ [0,1], and exposure to drug 

B at dose dB results in effect 𝑒஻, then the expected effect of combining A and B (at doses dA and 

dB, respectively) if A and B are independent is given by 

 

𝑒஺஻ෞ = 1 − (1 − 𝑒஺)(1 − 𝑒஻) 

= 𝑒஺ + 𝑒஻ − 𝑒஺𝑒஻ 

 

If the observed effect 𝑒஺஻ of combining A and B (at doses dA and dB, respectively) is greater than 

the expected effect, A and B are classified as synergistic; alternatively, if the observed effect is 

less than the expected effect, A and B are classified as antagonistic. The degree of synergy or 

antagonism is given by the Bliss score: 

 

𝑠஺஻ = 𝑒஺஻ − 𝑒஺஻ෞ  

= 𝑒஺஻ + 𝑒஺𝑒஻ − (𝑒஺ + 𝑒஻) 
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In experiments where relative cell viability at a fixed endpoint is measured, drug effect 𝑒 at a fixed 

dose is related to viability 𝑣 ∈ [0,1] as 𝑒 = 1 − 𝑣. The Bliss score then simplifies to 

 

𝑠஺஻ = 𝑣஺𝑣஻ − 𝑣஺஻  

 

For each drug pair, Bliss scores were calculated and reported for each of 47 total combinations of 

doses (7×7 grid). 

 

Phosphoproteomics sample preparation 

Cells were lysed in 8M urea and total protein was quantified by bicinchoninic acid assay 

(Pierce, catalog # 23225). For each sample, 1 mg of protein was subjected to reduction in 10 mM 

dithiothreitol at 56°C for one hour, followed by cysteine alkylation in 55 mM iodoacetamide at 

room temperature for one hour in the dark. Samples were diluted 5X in 100 mM ammonium acetate 

to decrease the urea concentration prior to protein digestion, then samples were incubated with 

sequencing-grade modified trypsin (Promega, catalog # V5113) for 18 hours at a trypsin:protein 

ratio of 1:50 (w/w). Digestion was halted with 10% acetic acid, and samples were desalted by solid 

phase extraction using Sep-Pak C18 Plus Light cartridges (Waters, catalog # WAT023501) and 

eluted in 40% acetonitrile. All samples were concentrated in a vacuum centrifuge. Peptide 

concentration was quantified by bicinchoninic acid assay (Pierce), and 190 μg of peptide from 

each sample was freeze-dried by lyophilization. Samples were resuspended in 50 mM HEPES and 

labeled with TMTpro isobaric mass tags (Thermo Fisher Scientific, catalog # A52045) at a 

TMT:peptide ratio of 2.5:1 (w/w) for five hours at room temperature. Unreacted TMT was 

quenched with 3.2 μL of 5% hydroxylamine, then samples within each plex were pooled and dried 

by vacuum centrifugation. 

 

Two-stage enrichment of tyrosine-phosphorylated peptides 

TMT-labeled samples were resuspended in immunoprecipitation (IP) buffer (100 mM Tris-

HCl, 1% NP-40, pH 7.4). For IP of tyrosine phosphorylated peptides, samples were incubated with 

24 μg of anti-phosphotyrosine 4G10 antibody (BioXCell, catalog # BE0194) and 12 μg of anti-

phosphotyrosine PT-66 antibody (Sigma-Aldrich, catalog # P3300) conjugated to protein G 

agarose beads (Sigma-Aldrich, catalog # IP04). Immunoprecipitation was carried out over 18-24 

hours at 4°C. Peptides were eluted with 0.2% trifluoroacetic acid for 10 minutes and subjected to 

an additional phosphopeptide enrichment step using High-Select™ Fe-NTA spin columns 

(Thermo Fisher Scientific, catalog # A32992) to reduce the abundance of non-phosphorylated 

peptides which may have bound nonspecifically to the IP beads. Phosphopeptides were eluted 
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according to the manufacturer’s instructions, dried by vacuum centrifugation, and resuspended in 

5% acetonitrile in 0.1% formic acid. 

 

Liquid chromatography and mass spectrometry 

TMT-labeled phosphopeptides were loaded directly onto a chromatography column using 

a helium packing device in order to minimize sample loss. Columns were constructed in-house; 

fused silica capillary with inner diameter 50 μm and outer diameter 200 μm (Molex, catalog # 

1068150017) was cut to a length of 25 cm and pulled using a micropipette laser puller to create an 

integrated emitter tip with 1-2 μm inner diameter, then was packed with 10 cm of 3 μm C18 beads 

(YMC Co, catalog # AM12S03) and conditioned and tested using a tryptic digest of bovine serum 

albumin. Liquid chromatography-tandem mass spectrometry was performed using an Agilent 

(1100-Series) chromatograph coupled to a Thermo Scientific™ Orbitrap Exploris™ 480 mass 

spectrometer. Peptides were separated using 0.2M acetic acid (solvent A) and 70% acetonitrile in 

0.2M acetic acid (solvent B) over the following 140-minute gradient profile: (min:%B) 0:0, 10:11, 

115:32, 125:60, 130:100, 133:100, 140:0. Electrospray ionization was carried out at 2.5 kV and at 

a flow rate of approximately 100 nL/min (200 μL/min through a flow splitter achieving a ~1:2000 

split). The mass spectrometer was operated in data-dependent acquisition mode as follows: in each 

cycle, a full MS scan of precursor ions with m/z between 380-1800 was acquired with a resolution 

of 120,000 at 200 m/z and AGC target of 3e6, followed by a maximum of 20 MS/MS scans per 

cycle. For MS/MS scans, precursors with charge state between 2-5 were isolated with an isolation 

width of 0.4 Th and accumulated until the AGC target of 1e6 was reached, or until 247 ms had 

elapsed. Fragmentation was performed using a normalized collision energy of 33%, and fragment 

ions were scanned with a resolution of 120,000 at 200 m/z. For the targeted analysis, the mass 

spectrometer was restricted to selecting ions for MS/MS based on an inclusion list of mass-to-

charge ratios of peptides of interest (see the text accompanying Figures 2.4A – 2.4C in Chapter 2 

for details). The mass tolerance for the inclusion list was set to 5 parts per million (ppm). For 

untargeted analyses, each precursor was allowed to be selected for MS/MS four times before being 

dynamically excluded for 3 minutes. 

 

Phosphopeptide identification and quantitation 

Raw files containing phosphopeptide mass spectra were processed using Proteome 

Discoverer version 3.0 (Thermo Fisher Scientific) and searched using Mascot version 2.4 (Matrix 

Science). For the targeted analysis, spectra were searched against a custom database containing 

the phosphopeptide sequences that were specifically targeted for acquisition, with no enzymatic 

digestion, and with a precursor ion mass tolerance of 5 ppm. For the untargeted analyses, spectra 

were searched against the canonical human proteome (SwissProt reviewed sequences, version 
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2023_04) with trypsin digestion allowing for up to one missed cleavage, and with a precursor ion 

mass tolerance of 5 ppm. For both the targeted and untargeted analyses, MS/MS spectra were 

searched with a fragment ion mass tolerance of 20 mmu. Precursor ions and TMT reporter ions 

were removed from MS/MS spectra prior to searching using the non-fragment filter node in 

Proteome Discoverer. Cysteine carbamidomethylation, TMT-labeled lysine, and TMT-labeled 

peptide N-termini were set as static modifications; phosphorylation of tyrosine, serine, and 

threonine, and oxidation of methionine were set as dynamic modifications. Phosphorylation site 

localization was performed using ptmRS4 within Proteome Discoverer. For peptide quantitation, 

TMT reporter ion intensities were extracted with an integration tolerance of 10 ppm and were 

isotope-corrected using Proteome Discoverer according to the manufacturer-provided batch-

specific isotopic impurities of each TMT channel. 

Peptide-spectrum matches (PSM) were exported from Proteome Discoverer and filtered by 

match quality (expectation value < 0.05) and phosphosite localization confidence (probability > 

0.9 for all phosphosites on the peptide). Any PSM corresponding to a spectrum that matched to 

more than one amino acid sequence with equal expectation value was removed. For the targeted 

analysis, PSMs with more than 12 missing TMT values (out of 18 total channels) were discarded. 

For the untargeted analyses, PSMs with more than 6 missing TMT values (out of 12 total channels) 

were discarded. All remaining PSMs were subjected to replacement of missing TMT reporter ion 

intensities with a value equivalent to half the intensity of the least-intense fragment ion observed 

in the corresponding MS/MS spectrum (see the text accompanying Figure 2.10B in Chapter 2 for 

details). TMT reporter ion intensities were then summed across PSMs sharing a common modified 

peptide sequence. To correct for technical variation in the total amount of peptide labeled in each 

TMT channel, peptide from the phosphotyrosine IP supernatant (approximately 50 ng) was 

analyzed by mass spectrometry according to the procedure above, and the resulting data – 

containing quantitative information for peptides derived from the most abundant proteins in the 

cell, assumed on average to be biologically invariant – were used to derive a correction factor for 

each TMT channel. Phosphopeptides derived from the same source protein(s) with shared 

phosphorylation site pattern (for example, two phosphopeptides covering the same phosphosite 

but with different tryptic cleavage pattern) were aggregated to eliminate phosphosite redundancy 

in the resulting data matrix. 

 

Data visualization 

Results were visualized using the matplotlib and seaborn python packages. The schematics 

depicted in Figures 2.4A, 2.6A, 2.6B, 2.8B, and 2.10A were created using BioRender. 
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Appendix B: 

Methods for chapter 3 
 

Cell lines and drug treatment 

M-series patient-derived cell lines were generated under UCLA institutional review board 

approval # 11–003254 and transferred to Institute for Systems Biology under established materials 

transfer agreement (MTA). Cells were cultured in a water-saturated incubator at 37 °C with 5% 

CO2 in RPMI-1640 containing L-glutamine (Gibco, catalog # 11875093) supplemented with 10% 

fetal bovine serum (ATCC) and 0.2% MycoZap Plus-CL antibiotics (Lonza, catalog # 195261). 

Cell lines were routinely tested for mycoplasma and were periodically authenticated to its early 

passage using the GenePrint 10 System (Promega, catalog # B9510). VEM and DAS (Selleck 

Chemicals, catalog #s S1267 and 1021, respectively) were dissolved in DMSO at designated 

concentrations before applying to cell culture media at a final DMSO concentration of 0.1% (v/v). 

Control cells were treated with 0.1% DMSO. NAC (Sigma-Aldrich, catalog # A7250) was 

dissolved in phosphate-buffered saline. For phosphoproteomics and RNA-seq experiments, M397 

cells were grown in 10 cm tissue culture plates, plated at 60% confluency, and treated for the 

specified amount of time before being harvested from culture. 

 

Cell viability dose-response assay 

M397 cells were seeded in a 96-well plate (3000 cells/well) in triplicate and incubated for 

24 hours, followed by treatment with VEM in 0.1% DMSO at the designated doses for 72 hours. 

Cell viability was then quantified using CellTiter-Glo (Promega, catalog # G7572) according to 

the manufacturer protocol. All luminescence values were normalized to the average of the three 

drug-free control wells. Conventional monophasic dose-response models achieved poor fit to the 

data due to the clear biphasic nature of the M397 response to VEM; therefore, the following 

modified viability model was derived to accommodate the biphasic dose response: 

 

𝑉(𝑑) = (1 − 𝛼)൮
1

1 + ൬
𝑑
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where 𝑉(𝑑) ∈ [0,1] is the fraction of viable cells under dose 𝑑 (in nM). Under this model 

specification, once fitted to the data, 𝐸𝐶ହ଴,ଵ and 𝐸𝐶ହ଴,ଶ are estimates of the doses at which there is 

a half-maximal effect for the first and second dose-response phases, respectively. Similarly, 𝑛ଵ 

and 𝑛ଶ are measures of the steepness of the first and second dose-response phases, respectively. 𝛼 
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provides an estimate of the intermediate viability of cells treated with doses between 𝐸𝐶ହ଴,ଵ and 

𝐸𝐶ହ଴,ଶ. Model fitting was performed using the curve_fit function in the SciPy scientific computing 

python package.1 

 

Dead cell quantitation and time-resolved viability assay 

M397 cells were seeded in 6 cm plates (0.2M/plate), incubated for 24 hours, and treated 

with 0, 3, or 100 μM VEM in 0.1% DMSO for 72 hours. Six biological replicates were seeded per 

condition. 100 μM VEM was used as a positive control for cell death. Media was collected from 

each plate, and cells adhered to the plate were trypsinized and added to the collected media. Cells 

were pelleted, resuspended in PBS, and stained with trypan blue. Dead (trypan blue-positive) and 

live (negative) cells were quantified using a hemocytometer. For quantifying cell viability kinetics, 

M397 cells were plated onto six-well plates (0.1M/well), incubated for 24 hours, and treated with 

3 μM VEM or 0.1% DMSO. Three biological replicates were seeded per condition. Cell viability 

was monitored by an Incucyte S3 Live-Cell Analysis System (Sartorius). Phase contrast images 

were taken every six hours throughout a 72-hour period. Cell numbers were quantified using 

Incucyte classic confluence analysis workflow. 

 

Phosphoproteomics sample preparation 

M397 cells were lysed in 8M urea and total protein was quantified by bicinchoninic acid 

assay (Pierce, catalog # 23225). For each sample, 700 μg of protein was subjected to reduction in 

10 mM dithiothreitol at 56°C for one hour, followed by cysteine alkylation in 55 mM 

iodoacetamide at room temperature for one hour in the dark. Samples were diluted 5X in 100 mM 

ammonium acetate to decrease the urea concentration prior to protein digestion, then samples were 

incubated with sequencing-grade modified trypsin (Promega, catalog # V5113) for 18 hours at a 

trypsin:protein ratio of 1:50 (w/w). Digestion was halted with 10% acetic acid, and samples were 

desalted by solid phase extraction using Sep-Pak C18 Plus Light cartridges (Waters, catalog # 

WAT023501) and eluted in 40% acetonitrile. All samples were concentrated in a vacuum 

centrifuge. Peptide concentration was quantified by bicinchoninic acid assay (Pierce), and 120 μg 

of peptide from each sample was freeze-dried by lyophilization. Samples were resuspended in 50 

mM HEPES and labeled with TMTpro isobaric mass tags (Thermo Fisher Scientific, catalog # 

A52045) at a TMT:peptide ratio of 4:1 (w/w) for five hours at room temperature. Unreacted TMT 

was quenched with 3.2 μL of 5% hydroxylamine, then samples within each plex were pooled and 

dried by vacuum centrifugation. 
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Phospho-motif immunoprecipitation and phosphopeptide enrichment 

TMT-labeled samples were resuspended in immunoprecipitation (IP) buffer (100 mM Tris-

HCl, 1% NP-40, pH 7.4). For IP of tyrosine phosphorylated peptides, samples were incubated with 

24 μg of anti-phosphotyrosine 4G10 antibody (BioXCell, catalog # BE0194) and 12 μg of anti-

phosphotyrosine PT-66 antibody (Sigma-Aldrich, catalog # P3300) conjugated to protein G 

agarose beads (Sigma-Aldrich, catalog # IP04). For IP of phosphopeptides containing the 

(pS/pT)Q and (pS/pT)P phospho-motifs, supernatant from the phosphotyrosine IP was incubated 

with 40 μL of anti-(pS/pT)Q and anti-(pS/pT)P antibody pre-conjugated to agarose beads (Cell 

Signaling Technologies, catalog #s 12267 and 14378S, respectively). Immunoprecipitation was 

carried out over 18-24 hours at 4°C. Peptides were eluted with 0.2% trifluoroacetic acid for 10 

minutes and subjected to an additional phosphopeptide enrichment step using High-Select™ Fe-

NTA spin columns (Thermo Fisher Scientific, catalog # A32992) to reduce the abundance of non-

phosphorylated peptides which may have bound nonspecifically to the IP beads. For 

phosphoserine/threonine enrichment (with no phospho-motif enrichment), 2 μL of peptide from 

the IP supernatant was diluted in 50 μL of 0.2% trifluoroacetic acid and transferred to an Fe-NTA 

spin column. All phosphopeptide samples were eluted according to the manufacturer’s 

instructions, dried by vacuum centrifugation, and resuspended in 5% acetonitrile in 0.1% formic 

acid. 

 

Liquid chromatography and mass spectrometry 

Each phosphopeptide mixture corresponding to a single TMT plex was loaded directly onto 

a chromatography column using a helium packing device in order to minimize sample loss. 

Columns were constructed in-house; fused silica capillary with inner diameter 50 μm and outer 

diameter 200 μm (Molex, catalog # 1068150017) was cut to a length of 25 cm and pulled using a 

micropipette laser puller to create an integrated emitter tip with 1-2 μm inner diameter, then was 

packed with 10 cm of 5 μm C18 beads (YMC Co, catalog # AQ12S05) and conditioned and tested 

using a tryptic digest of bovine serum albumin. Liquid chromatography-tandem mass spectrometry 

was performed using an Agilent (1100-Series) chromatograph coupled to a Thermo Scientific™ 

Orbitrap Exploris™ 480 mass spectrometer. Peptides were separated using 0.2M acetic acid 

(solvent A) and 70% acetonitrile in 0.2M acetic acid (solvent B) over the following 140-minute 

gradient profile: (min:%B) 0:0, 10:11, 115:32, 125:60, 130:100, 133:100, 140:0. Electrospray 

ionization was carried out at 2.5 kV and at a flow rate of approximately 100 nL/min (200 μL/min 

through a flow splitter achieving a ~1:2000 split). For the time-resolved phosphoproteomics 

experiment, the mass spectrometer was operated in data-dependent acquisition mode as follows: 

in each cycle, a full MS scan of precursor ions with m/z between 380-2000 was acquired with a 

resolution of 60,000 at 200 m/z and AGC target of 3e6, followed by a series of MS/MS scans for 
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a total cycle duration of 3 s. For MS/MS scans, precursors with charge state between 2-6 and 

intensity greater than 1e4 were isolated with an isolation width of 0.4 Th and accumulated until 

the AGC target of 1e5 was reached, or until 250 ms had elapsed. Fragmentation was performed 

using a normalized collision energy of 33%, and fragment ions were scanned with a resolution of 

60,000 at 200 m/z. Each precursor was allowed to be selected for MS/MS twice before being 

dynamically excluded for 45 s. For the targeted phosphoproteomics experiment, the mass 

spectrometer was restricted to selecting ions for MS/MS based on an inclusion list of mass-to-

charge ratios of peptides of interest from the time-resolved phosphoproteomics data 

(Supplementary Table S4). The mass tolerance for the inclusion list was set to 3 parts per million 

(ppm). Given the relatively limited set of monitored phosphopeptide targets, the acquisition 

sensitivity was boosted by increasing the resolution (full MS and MS/MS) to 120,000, increasing 

the AGC target for MS/MS to 1e6, and disabling the intensity threshold and dynamic exclusion. 

 

Phosphopeptide identification and quantitation 

Raw files containing phosphopeptide mass spectra were processed using Proteome 

Discoverer version 3.0 (Thermo Fisher Scientific) and searched using Mascot version 2.4 (Matrix 

Science). For the time-resolved phosphoproteome experiment, spectra were searched against the 

canonical human proteome (SwissProt reviewed sequences, version 2023_01) with trypsin 

digestion allowing for up to one missed cleavage, and with a precursor ion mass tolerance of 5 

ppm. For the targeted phosphoproteomics experiment, spectra were searched against a custom 

database containing the phosphopeptide sequences that were specifically targeted for acquisition, 

with no enzymatic digestion, and with a precursor ion mass tolerance of 3 ppm. For both 

phosphoproteomics experiments, MS/MS spectra were searched with a fragment ion mass 

tolerance of 20 mmu. Precursor ions and TMT reporter ions were removed from MS/MS spectra 

prior to searching using the non-fragment filter node in Proteome Discoverer. Cysteine 

carbamidomethylation, TMT-labeled lysine, and TMT-labeled peptide N-termini were set as static 

modifications; phosphorylation of tyrosine, serine, and threonine, and oxidation of methionine 

were set as dynamic modifications. Phosphorylation site localization was performed using ptmRS2 

within Proteome Discoverer. For peptide quantitation, TMT reporter ion intensities were extracted 

with an integration tolerance of 10 ppm and were isotope-corrected using Proteome Discoverer 

according to the manufacturer-provided batch-specific isotopic impurities of each TMT channel. 

Peptide-spectrum matches (PSM) were exported from Proteome Discoverer and filtered by 

match quality (expectation value < 0.05) and phosphosite localization confidence (probability > 

0.9 for all phosphosites on the peptide). Any PSM corresponding to a spectrum that matched to 

more than one amino acid sequence with equal expectation value was removed. PSMs with more 

than four missing TMT values were discarded. For the remaining PSMs, missing TMT reporter 
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ion intensities were replaced with a value equivalent to half the intensity of the least-intense 

fragment ion observed in the corresponding MS/MS spectrum; this approach assumes that an 

absent reporter ion would have been detected and recorded into the raw file had its intensity been 

greater than the least-intense fragment in the spectrum. Under this assumption, the intensity of the 

absent reporter lies between zero (“true absence”) and the intensity of the minimal fragment, with 

uniform probability. TMT reporter ion intensities were then summed across PSMs sharing a 

common modified peptide sequence. Phosphopeptides derived from the same source protein(s) 

with shared phosphorylation site pattern (for example, two phosphopeptides covering the same 

phosphosite but with different tryptic cleavage pattern) were aggregated to eliminate phosphosite 

redundancy in the resulting data matrix. 

 

RNA-seq 

M397 cell pellets were snap frozen at the designated timepoints after treatment with 3 μM 

VEM or 0.1% DMSO. Total RNA was extracted from cell pellets using AllPrep DNA/RNA kit 

(Qiagen, catalog # 80204). The mRNA library was constructed with TruSeq RNA Sample 

Preparation Kit (Illumina, catalog # RS-122-2001) and sequenced on an Illumina HiSeq 2500 

System with paired-end 150-base-pair reads following the manufacturer's recommendations by 

Novogene. 

 

Immunoblotting 

Antibodies against phospho-SRC (Y416), total SRC, and GAPDH (Cell Signaling 

Technology, catalog #s 2101S, 2109T, and 5174S, respectively) were used. The Invitrogen precast 

gel system NuPAGE was used for running the western blot. The 4–12% Bis-Tris gels were loaded 

with samples. After blotting, the membranes were blocked in 5% BSA with TBS + 0.1% Tween-

20 (TBST) mix for at least one hour at room temperature. Membranes were then incubated 

overnight with the primary antibody in 5% BSA with TBST at 4°C. The next day, membranes 

were washed three times for five minutes in TBST, incubated with a suitable HRP-coupled 

secondary antibody for one hour at room temperature, and washed three times. Proteins were 

visualized with SuperSignal™ West Pico PLUS Chemiluminescent Substrate (Thermo Fisher 

Scientific, catalog # 34577) using the ChemiDoc™ XRS+ System. 

 

Clonogenic assay 

Cells were seeded onto six-well plates at an optimal seeding density determined from each 

cell line’s specific growth rate. For the VEM plus DAS experiment (Figure 3.11A), cells were 

treated with VEM monotherapy or VEM plus 50 nM DAS for the same amount of time. The dose 

of VEM used was 2-fold the cell line-specific EC50 which was previously determined.3 The media 
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(with drug or DMSO) was replenished every two days. For the combinatorial treatment, the 

treatment was stopped followed by staining when the VEM-treated cells displayed clear regrowth. 

For the toxicity assessment (Figure 3.11B), cells were treated with 50 nM DAS or DMSO and the 

treatment was stopped followed by staining after five days. Upon the time of staining, 4% 

paraformaldehyde was applied onto colonies to fix the cells and 0.05% crystal violet solution was 

used for staining the colonies. ColonyArea, an ImageJ plugin, was used to perform standard 

analysis of colony formation assays. 

 

ROS production assay 

M397 cells were split into six groups and treated as follows: 0.1% DMSO; 3 μM VEM; 3 

μM VEM plus 10 mM NAC; 30 μM H2O2; 30 μM H2O2 plus 10 mM NAC; 0.1% DMSO plus 

10mM NAC. All treatments were given for three days except NAC, which was given one hour 

prior to ROS quantitation. ROS levels were quantified by ROS-Glo™ H2O2 Assay (Promega, 

catalog # G8820) according to the manufacturer’s protocol. The luminescence signals were 

measured by the Synergy H4 Plate Reader. 

 

Melanoma mouse xenograft experiments 

Mice were maintained in a specific pathogen-free (SPF), temperature-controlled (21-23°C) 

animal facility on a reverse 12-hour light, 12-hour dark cycle at the University of Washington. 

Food and water were given ad libitum. Mice were kept under animal bio-safety level (ABSL-2) 

conditions and handled under protocols approved by the Institutional Animal Care and Use 

Committee (IACUC) of the University of Washington (PROTO201900025) in accordance with 

international guidelines. To generate xenograft mouse tumor models, 6 to 7-week-old NOD. Cg-

Prkdcscid Il2rgtm1Wjl/SzJ (NSG) female mice were purchased from the Jackson Laboratory (catalog 

# 005557). NSG mice were inoculated with M397 cells (106 cells per mouse) in Matrigel mixture 

(Corning, catalog # 354234) via a subcutaneous injection into the right flank. When the average 

tumor volume reached ~200 mm3, the mice were randomized into four groups: control, 100 mg/kg 

VEM, 30 mg/kg DAS, and 100 mg/kg VEM plus 30 mg/kg DAS, with five mice per group. VEM 

and DAS were formulated as 5% DMSO in 0.5% methyl cellulose and given once daily by oral 

gavage. Tumor length and width were measured once every three days using calipers. Tumor 

volume was calculated using the equation Volume (mm3) = Length (mm) × Width (mm2) / 2. Mice 

were euthanized and tumors were excised at day 27, except for the mice in the control group that 

were sacrificed earlier when the average tumor volume reached 1500 mm3.  
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Statistical analysis software 

Statistical testing, principal components analysis, and hierarchical clustering of the 

phosphoproteomics data was performed using the SciPy, scikit-learn, and seaborn python 

packages. For principal components analysis (Figure 3.1E) and pairwise sample correlation 

analysis (Figure 3.2C), phosphopeptide abundance values were mean-normalized. 

 

RNA-seq analysis 

Reads were aligned against the human genome (hg19) using STAR (v2.7.3a). Read counts 

were quantified using htseq-count4 with known gene annotations from UCSC.5 Transcript level 

was calculated as fragments per kilobase of transcript per million mapped reads (FPKM). 

Transcript levels (FPKM+1) were centralized and scaled prior to principal components analysis 

(Figure 3.3A) using scikit-learn. Gene-set enrichment analysis (GSEA) was conducted using 

GSEA v4.1.0 software with 1000 permutations and weighted enrichment statistics. Normalized 

enrichment score was computed across the curated Molecular Signatures Database (MSigDB) 

Hallmark, C2, and C5 GO:BP gene sets. 

 

Transcription factory regulatory network analysis 

The NetAct6 R package was used for constructing the TF regulatory network using time-

series transcriptome data, depicted in Figure 3.4. Specifically, each RNA-seq sample was 

randomly downsampled to 3 replicates by seqtk. Each replicate recapitulates 50% of the original 

RNA-seq reads. Read counts quantified by htseq-count were used as the input for NetAct to 

construct core TF regulatory networks using inferred gene activities. NetAct uniquely integrates 

both generic TF-target relationships from literature-based databases and context-specific gene 

expression data to construct an optimized TF-target gene set database. NetAct takes the following 

steps to construct TF networks from raw read counts: (1) A pre-processing function called 

preprocess_counts() was used to filter out lowly expressed genes and retrieve associated gene 

symbols for raw count data. (2) Pairwise comparisons were defined to extract differentially 

expressed genes at each time point over the 3-day drug treatment procedure, resulting in a total of 

15 group comparisons across six time points: control, and post-drug treatment at 12h, 24h, 36h, 

48h, and 72h. Differentially expressed genes are subsequently identified using the limma package7 

with q-value ≤ 0.05. The resulting normalized expression data is saved alongside the phenoData 

metadata into the standard ExpressionSet object for downstream analysis. (3) A permutation 

approach was adopted to select TFs with significantly altered activities across the drug treatment 

by using the gene set enrichment analysis against literature-based TF-target databases. The TFs 

are aggregated from the multiple comparisons with q-value ≤0.01. The activities of enriched TFs 

were further calculated from the standardized expression levels of their target genes with weighting 
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factors defined as a Hill function. (4) The TF regulatory networks were constructed by using both 

the TF-TF regulatory interactions from the TF-target database and the activity values. The link 

interactions were filtered out based on mutual information and entropy. The plot_network() 

function was used to interact with the network topology. 

 

Regulatory module inference 

 The signaling and transcriptional module inference depicted in Figure 3.5 was performed 

as follows: TMT intensity values were averaged across the three replicates for each phosphosite 

in the time-series phosphoproteomic data, and the DMSO control samples were dropped. Data 

were z-score normalized (phosphosite-wise) and a pairwise Pearson correlation matrix was 

computed. Euclidean distances were calculated between each pair of phosphosites and used for 

hierarchical clustering, which was applied to the correlation matrix. A threshold on the cophenetic 

distance proportional to the total number of phosphosites was applied to the dendrograms, resulting 

in discrete clusters of phosphosites. The gene IDs within each cluster were queried for over- and 

under-representation of gene sets using Fisher’s exact test and the following libraries of gene sets 

downloaded from MSigDB (all version 2023_1): BioCarta, GObp, GOcc, GOmf, Hallmarks, 

KEGG, PID, Reactome, TFT, WikiPathways. P-values were corrected for multiple hypotheses by 

the Benjamini-Hochberg procedure. These steps were also applied to the RNA-seq data, after 

transcripts where quantitation (FPKM) was 0 in any sample were filtered out. For each module, 

the consensus dynamics were calculated as the mean z-score-normalized abundance across all 

members of the module. Consensus dynamics were then used to calculate meta-correlations 

between every pair of inferred signaling and transcriptional modules, as depicted in Figure 3.5C. 

P-values for meta-correlation were determined based on how frequently two randomly-sampled 

multivariate normally-distributed random variables achieve a Pearson correlation coefficient at 

least as extreme as the observed meta-correlation, followed by multiple hypothesis correction by 

the Benjamini-Hochberg procedure. 

 

Data visualization 

Results were visualized using the following python packages: matplotlib, seaborn, 

holoviews. The schematics depicted in Figures 3.1C, 3.9D, and 3.11E were created using 

BioRender. 
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