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Abstract

In recent years, the field of systems biology rapidly expanded in both basic and

translational science. This method of investigation revolves around an iterative cycle of

observing a system, making predictions about its behavior using a model, and testing

these hypotheses with further experiments. Though computational approaches have

achieved astonishing sophistication, these models are fundamentally limited in their

predictive power by the quality of data they are given. Thus, the lack of tools to capture

information-rich data has become a bottleneck for our ability to predict and perturb

biological systems. This thesis focuses on developing tools to collect data that

captures the complexity of signaling networks to deepen our understanding of the

mechanistic processes occurring inside the cell. In particular, we present a method

capable of measuring phosphorylation changes in the cell with 10-second resolution.

One of the best-characterized proteins in biology is the Epidermal Growth

Factor Receptor (EGFR), which has long been associated with diseases including

cancer. Despite development of several EGFR inhibitors, the clinical efficacy of

targeting this receptor has been minimal. This shortcoming is attributable primarily to

the incredible complexity of the EGFR signaling network, which includes hundreds of

proteins throughout the cell. In this thesis, we use EGFR as a model to demonstrate the

utility of measuring phosphorylation dynamics with high temporal resolution.
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We present an extensive characterization of EGFR signaling behavior across a

range of growth factor concentrations, exposing distinct regimes of network activation.

Bioinformatic analysis uncovers unexpected relationships within the data that uncover

previously obscured biological distinctions within the system. This information is used

to generate and test specific mechanistic hypotheses using broad and targeted

perturbations. We explore the relationship between phosphorylation and complex

formation of receptors and adaptors, finding evidence for distinct recruitment

mechanisms for Shc and Gab1. Inhibition of phosphatase activity in the system shows

unexpected behaviors in the form of specific phosphatase activity against sites on

EGFR and Gab1 and ligand-independent activation of ERK. Examination of the data

suggests a connection with Src family kinases as contributors to EGFR signaling.

Further exploration with targeted inhibition of Src and P13K create a quantitative

mechanistic explanation for EGFR signaling. Lastly, inhibition of the network with

clinically relevant tyrosines kinase inhibitors reveals temporally distinct effects of

inhibitors in early signaling. Combination of broad kinase and phosphatase inhibition

produces unusual results that raise further questions of EGFR signaling. Together, the

tools presented here for studying early signaling events at the systems level will

contribute to our understanding of complex biological systems.

Thesis supervisor: Forest White

Title: Professor of Biological Engineering
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Chapter 1: Introduction
Raven Reddy
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1.1 Introduction to Systems Biology

One of the most important events in the history of science occurred on February

15, 2001, when the first report was published reporting the sequence of the human

genome (1). Deservedly, the unprecedented collaborative achievement of the Human

Genome Project lent itself to optimistic predictions for the future; President Clinton

declared, "It will revolutionize diagnosis, prevention, and treatment of most, if not all,

human diseases." In the decade that has followed, the genomic revolution has

delivered mixed returns on this lofty promise.

Perhaps the most successful application of the human reference genome has

been in Mendelian diseases, where nucleotide and copy-number variants have been

linked to human disease phenotypes for 2,937 genes as of February 2015 (2). In these

studies, whole exome sequencing can uncover conserved genetic alterations between

families exhibiting Mendelian disorders when compared to the reference genome to

identify a deficient gene. Identification of defective gene products can sometimes lead

to a clinical benefit if the absence of gene function can be replaced or circumvented.

In the case of Marfan Syndrome, examination of the mutated gene FBN1 led to the

identification of TGF-s inhibitors as a therapeutic strategy (3).

While monogenic diseases provide the most straightforward implementation of

the human genome sequence, successes with more widespread diseases have been

more subdued. The 'common disease-common variant' paradigm has attempted to

link genetic variations at the population scale with the prevalence of disease

phenotypes through genome-wide association studies (GWAS) (4, 5). A common

theme of the genetic basis for complex traits is that they are driven by large numbers

of loci each contributing partially to the observed outcome. These associations have

been thoroughly characterized for conditions such as diabetes, inflammatory bowel

disease, and multiple sclerosis (6).

12



However, the by far the most challenging disease for the genomic revolution has

been cancer. As a disease of evolution, sequencing technologies have confirmed that

cancer is caused by lots of mutations. However, despite the extraordinary number of

tumors that have been sequenced, the majority of identified genes were already known

to be important in oncogenesis (7-9). Drugging each of these targets individually is

currently intractable, but analyzing the results as a whole reveals that many of these

targets fall in signaling pathways that govern cell behavior (10). Thus, understanding

systems at the level of these interconnected networks appears necessary for functional

understanding of tumor behavior (11).

Systems biology has emerged as a field that develops tools for understanding

cellular signaling networks (12). Its approach is built on collecting data on a large

number of components of the system using '-omic' technologies, organizing the

information using computational models, and making predictions about the system.

Systems biology emphasizes understanding at the level of dynamic protein operations,

which integrates transcriptional and translational processes. The level of regulation

most proximal to phenotypic behavior occurs beyond the central dogma of biology:

post-translational modification (PTM). There are over 200 types of PTMs, but one in

particular, phosphorylation, has an important role in signaling due to its control over

protein stability, cellular localization, protein-protein interactions, and enzymatic activity

(13). The status of protein phosphorylation is dictated by the balance of enzymatic

activity between kinases, which add phosphate groups to serine, threonine, or tyrosine

residues, and phosphatases, which remove them. Multiple phosphorylation events on

the same protein can result in distinct functions, creating an astonishing complexity to

fully understanding signaling at this level. However, several therapeutic molecules

targeting dysregulated phosphorylation signaling have been developed against a

variety of different targets, including sorafenib against Raf, crizotinib against ALK, and

erlotinib against EGFR, that have resulted in significant clinical impact (14). A deeper
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understanding of cellular systems at the level of protein phosphorylation holds the

promise of improved drug discovery process.

1.2 Phosphoproteomic Measurement in Systems Biology

The foundation of all efforts to understand cellular signaling is experimental

data. Though genomic information provides some degree of relevant information to

understanding behavior, the functional consequence of any individual genetic

alteration are difficult to interpret due to regulation at the transcriptional, translational,

and post-translational levels (15). Meanwhile, the abundance and modification state of

proteins within the cell contain the most directly relevant information related to

phenotype. For purposes of functionally understanding how cellular systems operate,

systems biology has prioritized analysis of the protein and posttranslational level. The

myriad proteomics technologies designed for the task of quantifying protein levels in

the cell can be fundamentally divided into two categories: recognition and physical

measurement.

1.2.1 Affinity-Based Assays

The core component of nearly all affinity-based assays are antibodies, which

have been produced against a fantastic array of targets and can be used to capture or

directly detect analytes of interest. Basic immunoblotting has been the standard

proteomics approach for decades, and more recent approaches including protein

arrays, reverse-phase protein arrays, and bead-based assays such as xMAP have

increased the throughput of this technique (16-18). Each of these methods is

comprised of an identification system to know the identity of the molecule being

probed for, a method to capture the analyte of interest, and a detection scheme to

report the presence of the target (19).

Despite the utility of these platforms, recognition-based assays face a few

fundamental challenges. First is the requirement for a pre-defined set of targets, which
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prohibits identification of new targets. This is especially limiting in the context of PTMs;

though potential sites of modification can be predicted by bioinformatics approaches,

PTMs are reversible and not encoded in the genome, and therefore must first be

identified experimentally (20). Another significant limitation lies in the bottleneck for

developing high quality antibodies. Many of the high-throughput genomic technologies

on which affinity-based proteomics pipelines are based leverage deterministic features

of DNA, including optimal capture sequences (the complementary nucleotide

sequence) and highly accurate in vitro oligonucleotide synthesis. Antibodies,

meanwhile, are generated through classical hybridoma or phage display techniques

(21-23). These techniques are cost and labor intensive, and validation of antibody

specificity is an intensive process that should include signal depletion through RNA

interference or chemical inhibition and epitope mapping (24, 25). Validation becomes

even more challenging for development of modification-specific reagents (including

antibodies against specific phosphorylation sites), which must use specific immnogens

of either a recombinant phosphoprotein or a synthetic phosphorylated peptide, and

require more stringent cellular validation strategies (an immunoblot, for example, is

insufficient to distinguish site-specificity) (26). Ideally, assays would be run with pairs

of validated antibodies that bind to non-overlapping epitopes to cross-validate results

(27). The shortage of high-quality, validated reagents represents "the largest hurdle in

developing microarray-based assays" (28).

An example of the challenges of utilizing antibodies is reported by Sevecka &

MacBeath, where they attempted to analyze antibodies for targets associated with

EGFR signaling (29). Of the 61 initial antibodies tested, only 34 passed preliminary

tests for producing a single band on immunoblots, which themselves do not ensure

phosphorylation-site specificity. Further characterization revealed that 22 antibodies in

the microarray format could not at all reproduce results observed in immunoblotting

(attributed to off-target binding of the antibodies), while 8 more showed compressed
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dynamic range. The 4 out of 61 success rate compared to an imperfect control

demonstrates the significant challenge that antibodies in these platforms can present.

1.2.2 Mass Spectrometry

Mass spectrometry has emerged as a leading tool for studying phosphorylation

of cellular proteins. As a reversible, non-genetically encoded event, phosphorylated

peptides must be determined experimentally. Approaches based on recognition have

several drawbacks, discussed above, while mass spectrometry offers an unbiased

way to directly detect phosphorylation of hundreds of proteins in a sample. Coupled to

enrichment and separation techniques, mass spectrometry has become a standard

method for studying tyrosine phosphorylation. Recent advances in analytical

chemistry, biochemistry, instrumentation and computational search algorithms have

been combined into robust pipelines capable of detecting hundreds to thousands of

unique phosphorylated peptides from a sample. As a tool, mass spectrometry is

incredibly versatile, but this thesis will emphasize a common approach for systems

biology applications: shotgun proteomics performed with liquid chromatography

coupled to tandem mass spectrometry (30).

Compared to recognition-based approaches, mass spectrometry offers several

advantages. First, mass spectrometry does not require a priori knowledge about

targets of interest. Because mass spectrometry measures intrinsic physical properties

of a peptide and its fragments, any soluble peptide with any pattern of modifications

can be detected. This feature is a particular strength when analyzing post-translational

modifications. Another strength of mass spectrometry is the precision of measurement

for a given molecule, which affords it two specific advantages. First, the purity of the

peptide being measured can be tightly controlled: in tandem mass spectrometry, the

MS2 scan containing fragment ions can be manually validated to ensure that all

observed masses can be generated by the precursor peptide (31). Presence of

additional peaks provides a clear indication that multiple precursors were isolated, and
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measurement cannot be trusted (32). Second, fragment ion patterns allow for precise

assignment of modifications to specific amino acids. This includes determining singly

versus multiply phosphorylated versions of the same peptide, and distinguishing

between peptides with the same precursor mass that have modifications on different

sites (20). These features of mass spectrometry-based measurement are among the

most pressing challenges for detection-based methods.

1.2.2.1 Types of Mass Spectrometers

Mass spectrometry is an incredibly versatile tool due to its ability to measure the

mass-to-charge (m/z) ratio of any analyte. At their core, all mass spectrometers contain

three parts: an ion source, a mass analyzer, and a detector. Different versions of each

component have been developed to prioritize sensitivity, speed, resolution, and

dynamic range.

In order for a mass spectrometer to make an m/z measurement, the analyte in

question must be transformed into charged ions that respond to magnetic and electric

fields. The two primary methods for ionization are electrospray ionization (ESI) and

matrix assisted laser desorption/ionization (MALDI) (33-35). ESI applies a high voltage

to a liquid to create an aerosol, preserving covalent and non-covalent bonds within the

analyte. MALDI, meanwhile, pulses UV laser light to vaporize analytes that are co-

crystallized with a matrix.

Once the molecules of interest have been ionized, their m/z ratio is measured in

a mass analyzer. Mass analyzers come in a variety of forms, including quadrupoles,

orbitraps, and time of flight (TOF) analyzers. Quadrupoles apply radio frequency fields

to ions as they travel between two pairs of rods such that only ions of a particular m/z

ratio are transmitted (36). Quadrupoles are often implemented in triplicate to create a

triple quadrupole (TQ), in which the first quadrupole isolates a single precursor m/z

range into a second quadrupole, where it is fragmented and passed to the third

quadrupole, which analyzes the fragments. These systems are known for their ability to
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make measurements across a large dynamic range, as presence of other abundant

ions does not impact the detection of those that fall within the selected m/z window.

Conversely, this same property makes these instruments poorly suited to measuring

across a wide range of m/z values, as full scans are comprised of concatenating

several scans over smaller windows. For these reasons, quadrupoles are most often

implemented in single reaction monitoring (SRM), or multiple reaction monitoring

(MRM) analyses in which the instrument collects data on precise m/z ranges at

particular times (37).

TOF analyzers apply electric fields to measure ions in a manner distinct from

quadrupoles (38). A uniform voltage applied to a batch of ions causes them to move

with a velocity proportional to the square of their masses. These ions travel a defined

distance and based on the amount of time they take to reach a detector, the initial m/z

ratio can be calculated. Because the electric field moves ions independently, TOFs

can simultaneously measure all ions in a batch, resulting in high cycling speed.

Additionally, detection of each ion is independent, resulting in high sensitivity and

excellent dynamic range. However, their accuracy is highly dependent on the length of

the path, which can vary slightly with environmental changes over time. Often internal

reference ions must be incorporated to account for this variability.

The newest type of mass analyzer, particularly popular for proteomic analysis, is

called the orbitrap. The orbitrap is an evolution of the Fourier transform mass analyzers

that operates by injecting ions into a trap consisting of inner and outer electrodes

where they oscillate around the central electrode to generate a current detected on a

receiver (39). This device allows simultaneous measurement of a full mass spectrum,

which is useful for detecting multiple peptide fragments. These instruments are

characterized by high mass accuracy, which allows for definitive assignment of

peptide fragment peaks. However, their resolution correlates inversely with their speed,

as ions must cycle longer to generate precise measurement (40). Furthermore,
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simultaneous ion injection can impair measurement for low-abundance ions as their

signal contributes relatively less than the most abundance ions.

1.2.2.2 Peptide Measurement and Quantification

Each of the previously described instrument types has been used to

characterize proteins present in biological samples. These proteins are presented to

the instrument in the form of charged peptides, with a characteristic m/z ratio. The

most commonly used approach for peptide identification is tandem mass

spectrometry. This process begins with an MS1 scan, in which the instrument samples

a wide m/z range to determine analytes present. From this scan, peptides can be

identified by the presence of a series of uniformly spaced peaks, representative of

naturally occurring isotope variants (41). In data-dependent analysis, the most

abundant peptides are selected for further analysis by collecting all ions that fall within

a defined window around the peptide precursor ion. Isolated peptides are activated by

collision with an inert gas that break the peptide into fragments generally on the labile

peptide backbone (42). These fragments are measured in an MS2 scan and can

subsequently used to reconstruct the original peptide sequence from the C- or N-

terminus with the y- or b-ion series, including the specific site of any post-translational

modifications (43). Computational algorithms are employed to search peptide fragment

patterns against protein sequence databases (44).

Though the identification of peptides by tandem mass spectrometry is useful,

the ability to quantify peptide levels between different samples has transformed mass

spectrometry into one of the most powerful tools in proteomics. Two main strategies for

quantification are stable isotope labeling in cell culture (SILAC) and stable-isotope

chemical labeling. SILAC analysis involves growing one set of cells in media

containing heavy-labeled versions of specific amino acids, which result in a

subsequent shift of their peptides in the m/z spectrum (45). The relative intensities

between peptide precursors in the MS1 scan reflect the amount of the peptide present
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in each condition. Though SILAC can quantify up to three conditions simultaneously

(with the use of heavy, medium, and light media), isobaric mass tagging techniques

allow for quantification of up to 10 samples at once (46). Each sample tag has an

identical mass when covalently linked to the peptide, but generates a unique reporter

ion mass based on chemically localized isotopes upon fragmentation. These reporter

ions appear in a specific region of the m/z range that contains few other peptide-

derived ions, and demonstrate the relative abundance of a given precursor peptide in

each sample.

1.2.2.3 Reducing Complexity of Biological Samples

Across the various instrument types, the information collected about the analyte

is fundamentally the same. However, a central challenge for any mass spectrometry

analysis is the complexity of biological samples, which can contain thousands of

different proteins, each in multiple modified forms. Even the most powerful instruments

would be incapable of generating meaningful data on these mixtures as a whole.

To reduce sample complexity, two simplification procedures are commonly

used: enrichment and separation. The most commonly used separation technique for

proteomic analyses is liquid chromatography (LC), which segregates the peptides in

the mixtures temporally. Typically, peptides are bound to C-18 conjugated beads

within a fused silica column. Each peptide has a unique affinity for the hydrophobic

carbon chain defined by its peptide backbone and the functional groups of its

constituent amino acids. Altering the organic content of a mobile phase over time

causes these peptides to dissociate from the column during a specific elution window.

Thus, LC systems allow introduction of complex mixtures into the mass spectrometer

sequentially over time.

Despite the temporal separation provided by LC, a complete analysis of all

peptides in the cell would be dominated by the most abundant proteins, which are

associated with transcription, translation and metabolism (47). However, most systems
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biology applications focus on proteins involved with signaling, which make up a

vanishingly small fraction of the total peptide content of the cell. Despite their low

abundance, many signaling proteins are characterized by phosphorylation

modifications to serine, threonine, or tyrosine residues (48). One powerful tool for

enriching for phosphorylated peptides, in particular for tyrosine-phosphorylated

peptides, is immunoprecipitation, which involves coupling antibodies to beads to

selectively bind peptides of interest (49). Antibodies derived against phosphotyrosine

tend to be uniquely specific because of the aryl side-chain of tyrosine, which creates a

large, unique structure for the binding site (50). Because the binding patterns of each

individual antibody may include biases towards or against certain sequences, a

cocktail of multiple phosphotyrosine-binding antibodies can be used to increase

coverage of tyrosine-phosphorylated peptides in the cell (51). Peptides eluted from

immunoprecipitation can be further enriched for phosphorylation using immobilized

metal affinity chromatography (IMAC) (52). This technique leverages the interaction

between negatively charged phosphate group and positively charged iron to remove

non-phosphorylated peptides carried through the immunoprecipitation step. Together,

these enrichment techniques can achieve >90% specificity for tyrosine-phosphorylated

peptides.

1.3 Computational Modeling of Phosphoproteomics Data

The challenge of converting large sets of experimental data into functional

knowledge is a complicated task. Though traditional molecular biology results can

often be understood by inspection and intuition, the quantity of data in systems biology

renders manual interpretation useless. Instead, scientists rely on computational

models, which serve as quantitative frameworks to represent our understanding of the

system. Two broad classifications of models can be drawn between "descriptive" and

"predictive" models (53). In the former, statistical and machine learning approaches
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are implemented to organize data and generate hypotheses without prior knowledge

(54). The latter approach uses experimental data to build on prior knowledge of the

architecture of the system to relate input and output behaviors of the system. The

model should then be capable of predicting the output behavior of the system in a new

setting given new data.

1.3.1 Descriptive Modeling Approaches

Most approaches to investigating mass spectrometry data fall into the

descriptive category due to its emphasis on high information content in each

experiment, as opposed to high throughput experiments that prioritize making many

measurements under different conditions. Though each experiment produces a wealth

of information, the functions of many observed sites measured have not been

experimentally characterized, creating a data set of uneven utility. Furthermore, the

"data-dependent" peptide selection process creates an variable sampling of the

proteome between runs. Thus, the stochasticity and quantity of mass spectrometry

data make them most suitable for descriptive approaches. Analysis tools for organizing

this type of phosphoproteomic data include PTMscout, NetworKIN, and PHOSIDA (55-

57). These tools feature ability to cluster phosphorylation sites based on annotations,

predict kinases and phosphorylation sties, and extract contextual information.

However, beyond global phosphoproteome investigations that attempt to map

the phosphorylation landscape of the cell, two additional types of studies have

emerged, facilitated by quantitative mass spectrometry technologies, to gain insight

into functional signaling characteristics. The first involves comparing phosphorylation

levels in different systems. These studies take single, static measurements of

phosphorylation levels in multiple biologically distinct systems to uncover different

pathway utilization. One example of this method was performed by Huang et al., who

investigated the effects of overexpression of mutant EGFRvllI (58). By titrating

expression of mutant receptors levels and measuring phosphorylation levels in the cell,
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they were able to uncover differential pathway utilization. Often, these approaches are

utilized for in vivo phosphorylation studies, where multiple tumor or tissue samples can

be studied to identify distinct signaling behaviors (59-61). Analyses such as these have

uncovered clinically relevant targets that have translated into novel therapeutic

strategies (62, 63).

In contrast to differential signaling measurement, an alternative design tracks

phosphorylation changes that take place in a single system over time. A characteristic

study of this type was performed by Olsen et al., who measured phosphorylation

levels in HeLa cells in after stimulation with EGF for different times (64). Examining the

proteins activated downstream of receptors can provide useful insight into the types of

biological processes expected to be affected. These studies can identify novel

phosphosites to expand our understanding of the extent of signaling changes.

1.3.2 Predictive Modeling Approaches

Fundamentally, the variety of predictive modeling approaches are all focused

around the problem of extrapolating behaviors observed in one setting to another.

Predictive models are constructed in a series of steps where the model is defined,

trained, and then asked to make predictions about subsets of the original data (cross-

validation), or expected results in new contexts (65). These models exist on a spectrum

of the mechanistic detail they attempt to incorporate. The most abstract tools are

simple regression models, including partial least squares and multiple linear

regression, which divide measurements into inputs and outputs and attempt to find

linear combinations that relate inputs to outputs, without attempting to incorporate any

underlying network structure (19). Though these models are simple to use in a wide

range of contexts, they are limited from faithfully representing nonlinear behaviors such

as bistability, saturation, or cooperativity (66).

On the opposite end of molecular specificity are reaction-based models. These

models are made of systems of differential equations that track amounts of specific
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biomolecular species over time. The levels of each protein in a variety of modification

states are based on initial values and mass action kinetics that describe their

production and consumption. These models require three distinct components, where

the architecture of the system is defined, parameters are estimated, and the model is

validated (67). Critical decisions must be made involving the scope and detail of these

models (68). Increased detail incorporated into these models creates a more faithful

representation of the cellular biochemistry, which might therefore make more accurate

predictions, but comes at a cost of requiring more free parameters. The scope of the

model is often correlated with the degree of biological understanding of the pathways

involved.

One of the most expansive ODE models built to date was designed by Chen et

al., who represented the ErbB network with 28 proteins in 471 species governed by

499 differential equations and 201 reaction constants (68). This model was ultimately

too complex to converge to a single optimal solution, but provided families of

parameters that were equally able to explain the data. However, the model in this form

was able to uncover the most important determinants of the overall network behavior

through sensitivity analysis. Ultimately, the framework they developed was able to

clarify the roles of individual proteins in the network and understand emergent

properties of the system as a whole to drive physiological function. Further analysis of

this model in the context of ErbB inhibitors ultimately uncovered a relationship between

ErbB3 as a novel therapeutic target to inhibit P13K-Akt signaling (69). Ultimately, this

insight lead to the development of MM-121, now known as seribantumab, which is

currently progressing through clinical trials.

1.4 Early Signaling Dynamics

As the sophistication of the computational models used to analyze experimental

data has progressed, the importance of collecting information-rich data has
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heightened. In particular, one area lacking experimental observation has been the

phosphorylation changes that take place in the immediate-early periods of signaling.

The vast majority of studies tracking phosphorylation dynamics measure an

unstimulated basal state and a strongly activated state after some period of

stimulation, but very few are capable to capture the mechanisms of network activation

that occur immediately after ligand binding (64, 70-72). The paucity of data

representing the network activation process is particularly challenging for

computational methods, which are often unable to produce only one set of parameters

that explain the observations. Making measurements during these particularly dynamic

times would constrain models representing the 'path-independent' transition from low

to high by capturing previously obscured relationships between phosphorylation sites.

Improving the resolution of data to input into these models, particularly during early

periods of signaling, would significantly help the identifiability problems.

Recent efforts to measure signaling dynamics on the timescale of seconds have

been reported in HeLa cells and T-cells using a flow-apparatus consisting of three

peristaltic pumps (73, 74). This system mixes suspended cells and growth factor to

initiate treatment and flows stimulated cells through tubing for a defined length of time

before mixing with a quenching reagent, 70% ethanol at -20*C. Though this system

was able to generate measurements as early as 1 second after stimulation, the setup

has several intrinsic drawbacks. First, the system is not readily applicable to adherent

cell types, as the cells are required to be in suspension. Additionally, the shear forces

exerted by the pump system may induce phosphorylation changes that confound

responses to growth factor (75). Though the authors measured no cytotoxic effects of

this system with trypan-blue staining before and after pumping, this control does not

detect changes in sensitive protein modification states important for signaling. Lastly,

the system requires significant expertise to set up, and is not easily implemented in

laboratories without sufficient expertise.
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The goal of this thesis was to develop an alternative method for investigating

early signaling dynamics in adherent cells with improved temporal resolution for the

purpose of understanding the early processes of receptor activation. We brought a

mass spectrometry-based approach to this task not to merely catalogue the proteins

involved in signaling, but instead to capture biological relationships that would be

otherwise obscured using traditional biochemical analyses. By measuring changes

across the tyrosyl phosphoproteome, we would be able to determine the temporal

order in which cellular processes were activated. In addition to understanding broad

network activation patterns, we also expected to capture data on well-characterized

components of the system. We hypothesized that full network measurement in a natural

system could ascribe quantitative values to competing biological explanations of

mechanistic interactions, and uncover previously unexplored relationships between

signaling proteins.

The system we chose to examine is the epidermal growth factor receptor

(EGFR) signaling network. As one of the best-characterized systems in biology, there

remains a great deal that we do not yet understand about its mechanistic behavior.

Though biophysical and biochemical studies have explained many individual features

of EGFR and its interaction with individual proteins, we lack the tools to evaluate

specific biochemical hypotheses in the context of the full signaling network. We have

developed a novel measurement technique that provides systems-level quantitative

measurements with 10-second temporal resolution. Rich sampling of the early period

of network activation yielded mechanistic hypotheses about molecular relationships

within the network. Perturbation of the network with small molecule inhibitors yielded

further insight and provided quantitative validation of network hypotheses. Lastly,

clinically relevant tyrosine kinase inhibitors were analyzed to understand mechanistic

effects of clinically relevant molecules within the network.
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1.5 Eoidermal Growth Factor ReceDtor Sianalina Network

A key component of a partitioned cellular system is the relationship between

inside and outside. Transmission of information between these two spaces is crucial for

adaptation and response to a dynamic environment. The ability of cells to respond to

their environment is central to their survival, and it is evolutionarily favorable for them to

optimize behaviors to thrive in their environment. EGFR occupies one of the most

important positions in this topology as a link between external cues and internal

signals. Physically, EGFR samples the environment for the presence of stimuli, which

occur in the form of small protein growth factors. Detection of these molecules through

physical binding alters the conformation of the receptor such that it is capable of

forming a dimer, where intracellular regions are positioned to allow for phosphorylation

of the receptor by its kinase domain.

The downstream network activated from phosphorylated EGFR dimers is a

complex and incompletely characterized system that includes hundreds of proteins in

the cell. Substrates of tyrosine kinases broadly fall into two categories: adaptor

proteins, which have no enzymatic function but can be phosphorylated to alter their

interaction behaviors with other proteins, and enzymes, whose activities together

converge to activate canonical "signaling cascades" that result in transcriptional

changes in the cell. Much of the systems-level analysis of EGFR signaling is built on a

foundation of intense targeted biochemical studies extensively investigating proteins in

the network individually. While it is likely that the exact function of each of these nodes

is dependent on many particulars of their cellular context, broad descriptions

representing a general consensus on their function are provided below.

1.5.1 Epidermal Growth Factor Receptor

The first encounter with the EGF system occurred in 1962, when Staley Cohen

published a report on a protein termed "tooth-lid" factor with capability to influence
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anatomical development in mice (76). Renamed EGF, the receptor to which this factor

bound was later identified and characterized as a protein tyrosine kinase (77). Over the

next several years, EGFR was more fully described as a protein that occupies a critical

role as a transmitter of information between the extracellular environment and the

intracellular space. Activation of EGFR kinase activity by extracellular cues initiates a

complex cascade of events beginning with its own phosphorylation that can alter the

behavior of the cell in a variety of ways. Due to its central role in development and its

association with cancer, today EGFR is one of the most intensely studied systems in

science.

The EGFR protein is a 1186-residue glycosylated protein weighing 170-kDa

consisting of four extracellular domains, a transmembrane domain, a juxtamembrane

region, a kinase domain, and an unstructured carboxy-terminal tail (78, 79). It is one of

four members of the ErbB family of receptor tyrosine kinases, which interact with a

family of ErbB ligands. EGF, TGF-alpha, and amphiregulin (AR) bind to EGFR

specifically, while neuregulins bind to ErbB3 and ErbB4 (NRG-1 and NRG-2) or solely

to ErbB4 (NRG-3 and NRG-4) (80-85). Betacellulin (BTC), heparin-binding EGF (HB-

EGF), and epiregulin (EPR) are capable of interacting with both EGFR and ErbB4 (86-

88). Two members of the ErbB family, ErbB2, also known as HER2, and ErbB3 are

incapable of generating functional homodimers due respectively to lack of ligand

binding capability and defective kinase activity (89, 90). However, their role in

amplifying signaling through other family members has emerged as a central

component of aberrant signaling in cancer (91).

Ligand binding to the ectodomain of EGFR induces a conformational change in

the receptor, exposing a "dimerization arm" which mediates the formation of homo-

and heterodimers (92, 93). Unlike many kinases, which require phosphorylation of the

activation loop for enzymatic activity, the only phosphorylation site on the EGFR

activation loop does not need to be phosphorylated for the kinase to become activated
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(94, 95). Instead, the EGFR kinase function is governed by allosteric interactions

between two kinase domains in an asymmetric dimer pair, potentially mediated by the

juxtamembrane segment (96, 97). These kinase-active receptor dimers are the first

intracellular event in the sequence of ligand-induced EGFR signaling.

Perhaps the most important substrate of EGFR's tyrosine kinase activity is the

receptor itself. Phosphorylation on EGFR has been observed on 13 of the 20 tyrosine

residues of the C-terminal tail, which create docking sites for proteins containing SH2

or PTB domains (98). Many of these binding proteins are themselves phosphorylated

to create spatially organized multicomponent signaling complexes. Though the

proteins involved in these complexes have been extensively characterized,

determining direct substrates of EGFR from those phosphorylated by other kinases

activated by EGFR and proteins which interact directly with the receptor versus those

that have intermediate binding partners remain challenging. Specific proteins of

interest associated with EGFR will be discussed in subsequent sections.

1.5.2 Gab1

Grb2-associated binder 1 (Gab1) is a member of the Grb2-associated Binding

(Gab) family or proteins, which also include Gab1, Gab2, and Gab3 (99). These

proteins have no enzymatic function, but serve as crucial adaptors for recruiting

several key components of growth factor signaling. Gab proteins can interact with

RTKs directly, as Gab1 and c-Met do, or indirectly, through proteins including Grb2.

The Gab family of proteins has a conserved architecture consisting of an N-

terminal pleckstrin homology (PH) domain, a central proline-rich domain and multiple

serine, threonine, and tyrosine phosphorylation sites. The PH domain has been shown

to interact with phosphoinositides in the plasma membrane and is responsible for the

cellular localization of the protein (100). In particular, Gab1 interacts with

phosphatidylinositol 3,4,5-triphosphate (PIP 3), the enzymatic product of

phosphatidylinositol-3-kinase (P13K) (101, 102). Though the PH domain has been
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shown to be dispensable for signaling through the Met, as Gab1 strongly interacts

directly with the receptor through a 13 amino acid Met-binding site, it is necessary for

maximal signaling through EGFR (101, 103, 104).

The proline-rich domain contains several P-X-X-P motifs, which are binding

motifs for proteins containing SH3 domains (105). Two of these sequences, including

one canonical P-X-X-P and one atypical P-X-X-X-R-X-X-X-K-P, mediate the constitutive

interaction with Grb2 by which Gab1 was originally identified in a glial tumor

expression library (103, 106, 107). The interaction between Gab1 and EGFR is

reduced when Gabl-Grb2 or EGFR-Grb2 interactions are disrupted, though other

studies have found evidence of Grb2-independent association (99, 101, 108).

In addition to interactions mediated by the PH and proline-rich domains, growth

factor-induced phosphorylation of Gab1 plays a critical role in its function as a

signaling molecule. Phosphorylation of several tyrosine residues on Gab1 completes

binding motifs for SH2 and PTB domain-containing proteins, including SHP2 and P13K.

Phosphorylation on two residues, Y627 and Y659, comprise a bisphosphoryl tyrosine-

based activation motif (BTAM) which binds and activates SHP2, a necessary

component for full ERK activation (109). Interestingly, the authors of this study further

showed that Gab1 phosphorylation sites could be dephosphorylated by SHP2 in vitro,

and that physical association of SHP2 and Gab1 alone was able to activate

phosphatase activity (109). Another prominent protein associated with Gab1 is the

p85-subunit of P13K, which is necessary for activating the PI3K/Akt and signaling

pathways (110, 111). This interaction is mediated through sites containing a Y-X-X-M

motif, completing the binding sites for the p85 SH2 domain.

1.5.3 Shc

Identification of Src homology and collagen (Shc) closely followed with the

identification of SH2 domains capable of binding specific sequences containing

phosphotyrosine. Three isoforms of Shc (p46, p52, and p66), isolated during a cDNA
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screen for sequences containing SH2 domains, were the first SH2 domain-containing

proteins lacking enzymatic function (112). The three versions have a common

architecture consisting of protein tyrosine binding (PTB), collagen homology (CH), and

SH2 domains, with differences arising from the N-termini. The two phosphotyrosine

binding domains have similar conformation and amino acid composition, but show

affinity for distinct binding motifs (113, 114). Meanwhile, the CH region contains P-X-X-

P motifs for binding proteins with SH3 domains, potentially including Src family

kinases, and several conserved tyrosine residues at Y239, Y240, and Y317 which are

phosphorylated upon RTK activation (115, 116).

Mechanisms of regulation of Shc include localization, target recognition, and

phosphorylation. Basally, Shc is observed in the cytosol and around the rough

endoplasmic reticulum, but translocates to the plasma membrane upon RTK

stimulation (117, 118). Shc has been shown to interact with EGFR through multiple

mechanisms. Binding to EGFR pY1 148 through its PTB domain is the dominant method

of interaction, with secondary interactions between EGFR pY992 and the SH2 domain,

and EGFR pY1 173 with both the PTB and SH2 domains (119-122).

Phosphorylation of Shc upon binding RTK activation controls much of its

function. Phosphorylation sites at Y239 and Y317 contain pY-X-N-X motifs capable of

binding Grb2, though conflicting reports exist regarding the primary binding site (123,

124). Although Grb2 can directly interact with EGFR, Shc-mediated Grb2 signaling to

MAPK appears to be the dominant pathway (120, 125). Instead of merely being a

redundant component, evidence suggests that Shc is capable of sensitizing cells to

low levels of growth factor (126).

In addition to completing binding motifs for interacting proteins, phosphorylation

of Shc has been linked to properties of Shc binding through its SH2 and PTB domains.

One study demonstrates that Shc phosphorylation increases the affinity of interaction

between SH2 domain and phosphopeptide ligands. (127). A molecular dynamics
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simulation revealed that phosphorylation of Shc alters the stability of the PTB and SH2

domains in such a way to disrupt their interactions with their binding sites on EGFR

(128). Although this study did not include the phosphorylation sites at Y239 and Y240,

they suggest a novel mechanism of binding regulation by phosphorylation that may

allow for detachment of Shc from active RTK signaling complexes. As a protein with

generally higher stoichiometry in the cell than the receptor, this property may allow for

signal amplification by creating more phosphorylated Shc molecules.

1.5.4 SHP2

SHP1 and SHP2 are the two vertebral members of the SH2 domain-containing

protein tyrosine phosphatases (PTP) subfamily of PTP superfamily. They are comprised

of two N-terminal SH2 domains (referred to as the N-SH2 and C-SH2 domains), a

classic PTP domain, and a C-terminal tail (129). A proposed model for SHP2 activation

is based on the crystal structure resolved without the C-terminal tail (130). This

structure suggests that in its inactive conformation, the N-SH2 domain interacts with

the PTP domain, occluding the active site of the enzyme, while the exposed C-SH2

domain is capable of binding to tyrosine phosphorylation sites. When the C-SH2

domain binds to an appropriate doubly phosphorylated sequence, the increase in local

concentration of N-SH2 ligand triggers a second binding event, which relieves

inhibition of the PTP domain (131). One such bisphosphoryl tyrosine-based activation

motif (BTAM) was characterized on sites Y627 and Y659 on Gab1 (109). Disruption of

the interface between the N-SH2 and PTP domains create enzymatically active mutants

(132).

Additional regulation of SHP2 activity has been proposed by phosphorylation

events on the C-terminal tail. Two phosphorylation events at Y546 and Y584, have

been demonstrated to engage respectively with the N- and C-SH2 domains of SHP2

(133). Though phosphorylation event on Y584 has also been linked to interaction with

Grb2, experiments with mutated Y546 and Y584 have shown their importance for
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MAPK activation independent of their ability to bind Grb2 (134). Together, these

studies suggest that tyrosine phosphorylation may be an important component of

SHP2's function in MAPK signaling (135).

In the context of RTK signaling, SHP2 is unorthodox phosphatase due to its role

as a positive regulator of MAPK activation (136-138). SHP2-deficient cells have,

impaired Ras activation, suggesting that SHP2 lies upstream of Ras (139). Two primary

hypotheses have been proposed for SHP2's role in signaling. The first, investigated in

the FGF signaling pathway, is associated with the protein Sprouty (Spry), a general

inhibitor of RTK signaling, which binds to Grb2 when phosphorylated, sequestering

Grb2/Sos from FGF signaling complexes (140, 141). Spry is dephosphorylated by

SHP2, preventing its association with Grb2, allowing it to associate with RTKs and

promote MAPK activation (142). The second proposed mechanism has been

characterized directly in the EGFR network. In this role, SHP2 dephosphorylates

binding sites for p120-RasGAP, a GTPase activating protein that opposes Ras

activation in response to RTK activation. Potential binding sites include Y974 on EGFR

and Y317 on Gab1 (143). Together, these studies convincingly demonstrated that

SHP2 activity is necessary for full MAPK activation by prevent recruitment of RasGAP.

More recent work has suggested a role for SHP2 in directly dephosphorylating src-

induced phosphorylation of Ras, preventing association of RasGAP and promoting

Ras-Raf interaction (144).

1.5.5 P13K and Akt

Phosphatidylinositol 3-kinases (PI3Ks) are a family of enzymes that

phosphorylate the 3'-hydroxyl group of phosphatidylinositides. They are grouped into 3

classes based on their substrate preference and sequence homology. Class I P13Ks

are the most extensively studied in mammals and include two subclasses (IA and IB)

of heterodimers consisting of a catalytic and a regulatory subunit. Class IA P13Ks have
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three catalytic isoforms (p1 10a, p110p, and p1 108) which can associate with any of

five regulatory isoforms (p85a, p55a, p50a, p85p, p55y), while Class IB has one p1 1y

catalytic subunit that can pair with either the p87 or p101 regulatory subunits (145).

The regulatory subunits all include two SH2 domains specific for a pY-X-X-M motif that

flank a p110 binding region, while p85a and p85s also contain an N-terminal SH3

domain (146, 147).

In its basal sate, the p85-p1 10 complex is located in the cytosol, with the

regulatory subunit preventing activity of the catalytic subunit (148). Upon activation of

RTKs, P13K accumulates at the plasma membrane where binding of the p85 SH2

domains relieves inhibition of the catalytic subunit (149). Phosphorylation of p85 has

been demonstrated to increase the catalytic activity of p110, suggesting an additional

mechanism of regulation (150).

P13K catalytic activity generates phosphatidylinositol-3,4,5-trisphosphate (PIP 3),

which is a key second messenger that recruits the protein kinase Akt (148). Akt is a key

serine/threonine kinase in the cell capable of phosphorylating hundreds of targets

containing the motif RXRXXS/T (151, 152). Upon receptor activation, Akt is recruited

from the cytosol to PIP3 plasma membrane by its N-terminal PH domain, where a

conformational change upon binding facilitates phosphorylation on two sites: T308 and

S473 (153, 154). Phosphorylation on T380 is primarily controlled by PDK-1, while S473

is governed by other kinases, potentially including ILK (155, 156). Phosphorylation of

both is required for maximal kinase activity.

One of the primary functions of Akt is to promote survival and prevent apoptosis

at both the protein and transcriptional level. Two of the key protein targets implicated in

survival are BAD, which is inactivated upon phosphorylation at S136 by Akt, and

Caspase-9, which is inactivated upon phosphorylation of S196 (157-159). On the

transcriptional level, Akt phosphorylates several transcription governors including the
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Forkhead family of transcription factors, which prevents transcription of pro-apoptotic

genes, Ik-B kinase, which induces pro-survival NF-kB activity, and Mdm2, whose

phosphorylation promotes its ubiquitin ligase activity to oppose p53 activity (160-163).

In addition to activating the Akt pathway, P13K activity has also been implicated

in activation of the MAPK cascade by EGFR. A 2001 study by Yart et al. found that

P13K enzymatic activity was necessary for full pathway activation upstream of Ras

(110). They observed that SHP2 recruitment and association with Gab1 was reduced in

the absence of P13K activity, and that Gab1 was recruited to the membrane through

PIP3 interactions with its PH domain. While these experiments suggest that Gab1 is

downstream of P13K, a separate report demonstrated that Gab1 recruitment to the

plasma membrane and its subsequent binding to p85 was also required for full effector

activation, indicating a more complicated feedback mechanism between Gab1 and

P13K.

A critical component of signal transmission through P13K is its regulation by

phosphatases at both the protein level and the lipid level. At the protein level, evidence

has suggested that SHP2 negatively regulates specifically EGFR-induced P13K activity

by dephosphorylating potential binding sites on Gab1 (164). At the lipid level, PTEN is

an enzyme whose activity directly opposes P13K's. Dephosphorylating PIP3 back to

PIP2 is a critical component of signal termination, and PTEN loss is frequently

associated with oncogenesis (165).

1.5.6 Ras/Raf/MEK/ERK

Perhaps the most canonical pathway activated by EGFR signaling is the

Ras/Raf/MEK/ERK pathway, which can govern diverse processes including growth,

apoptosis, or differentiation (48, 166, 167). The tiered architecture facilitates rapid

signal amplification, as each upstream component is capable of activating several

downstream factors.
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At the top of the signaling cascade lies Ras, which is not a kinase, but a GTPase

with four variants: H-Ras, N-Ras, K-Ras 4A and K-Ras4B (168). These proteins are

frequently mutated in human cancers, often at residues 12, 13, and 61, which allow

constitutive activity and do not require ligand for activation (169). Ras is localized to

the plasma membrane by farnesylation or geranylgeranylation, where interaction with

the Sos/Grb2 complex causes it to exchange GDP for GTP (170-172).

An important consequence of Ras activity is activation of Raf, a serine/threonine

kinase with complex regulatory mechanisms. Direct Raf interaction with GTP-bound

Ras through its Ras-binding domain (RBD) results in membrane localization and

facilitates dimerization to allow enzymatic activity (173-175). One target

phosphorylated by active Raf is Mitogen-activated protein kinase/ERK kinase 1 and 2

(MEK1 and MEK2), a tyrosine, serine, and threonine kinase, which in turn

phosphorylate and activate Extracellular-signal-regulated kinases 1 and 2 (ERK1 and

ERK2) (176, 177). ERKs phosphorylate many proteins containing serine and threonine

sites, including transcription factors Ets-1, c-Jun, c-Fos, and Elk1 that regulate cell

cycle progression (176).

1.5.7 Src

One of the most controversial components in the EGFR signaling network is the

Src family of non-receptor protein tyrosine kinases (SFK) that include Lyn, Hck, Lck,

Blk, Src, Fyn, Yes, and Fgr. Each of these has a conserved architecture of a variable

N-terminal sequence, an SH3, SH2, and SH1 domain (178). The SH3 domain interacts

with the standard P-X-X-P motif, while the SH2 domain is specific for phosphorylated

tyrosine residues, especially those occurring in a pY-E-E-1 motif, and the SH1 domain

is the kinase (179). When active, Src phosphorylates a variety of targets in the cell,

influencing metabolism, viability, proliferation, differentiation, and migration (180).

SFK activity is intricately regulated by a combination of intra- and intermolecular

interactions. Crystal structures of SFKs show an unusual interaction between the SH3
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domain and a P-X 4-P-X12-P portion of the linker between the SH2 and SH1 domains that

stabilize the inactive conformation of the enzyme (181). Meanwhile, the SH2 domain

interacts with a phosphorylation site on the C-terminus of the protein, stabilizing the

inactive conformation, a particularly robust fQrm of regulation due to the fact that SH2

binding renders the phosphorylation site inaccessible to phosphatases (182). Another

mechanism of regulation of SFK activity is phosphorylation of the activation loop, which

can supersede the SH2 and SH3 regulatory mechanisms (183). This phosphorylation

event is a key governor of enzymatic activity, as the unphosphorylated form forms an

a-helix that prevents substrate binding, while the phosphorylated version forms a salt

bridge that stabilizes the active conformation (184).

As a protein whose activity is strongly influenced by phosphorylation

modifications, the proteins that govern Src phosphorylation have also been intensely

studied. Several kinases have been demonstrated to regulate Src phosphorylation.

Notably, a key regulator of the activation loop site is Src itself, which acts in a trans-

autophosphorylation manner (184). Csk and Chk are governors of the C-terminal site

(185, 186). In opposition to the activity of these kinases, many phosphatases have

been demonstrated to interact with Src phosphorylation site in various contexts,

including PEP, TCPTP, SHP1, and CD45 (187-190). Interestingly, these proteins have

been shown to interact with both the C-terminal site as well as the activation loop site,

suggesting a potential role in both activating and inhibiting Src activity depending on

context.

Association of Src with the EGFR signaling pathway was demonstrated by

overexpressing Src and EGFR individually and together, showing strongly synergistic

increases in phosphorylation, proliferation and tumorigenicity of both fibroblasts and

epithelial cells (191, 192). Additionally, inhibition of Src activity through antibody

inhibition or mutation abolished the proliferation response induced by PDGF and EGF

stimulation (193). Investigation into the molecular connection between EGFR and Src
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has revealed a complicated, two-way relationship. EGFR was first shown to be a direct

substrate of Src in vitro on residue Y845 in 1995 (194). Soon after, another Src-

governed phosphorylation site on EGFR, Y1 101, was identified (192). However, a third

study identified two separate phosphorylation sites, Y891 and Y920, but not Y845

(195). Phosphorylation of Y845 sparked particular interest because it sits in the kinase

domain at a site where analogous phosphorylation on the insulin receptor is required

for activation (92). The importance of this phosphorylation site on EGFR is

controversial, having been shown to be both necessary and dispensable for receptor

signaling (95, 196).

Aside from direct phosphorylation of the receptor, Src and EGFR share many

substrates in the downstream network, making it challenging to ascribe specific

function to either one. However, several well-defined SFK substrates appear to be

particularly important for cytoskeletal rearrangements, which are the basis for

behaviors such as migration and invasion. Among these, phosphorylation of p85-

cortactin is promotes actin polymerization through the Arp2/3 complex and stabilizes

lamellipodia (197, 198). Another substrate p130Cas phosphorylation results in

association with Crk at focal adhesions, mediating cellular migration through activation

of Rac and Rap1 (199, 200). A third substrate of interest is catenin, which mediates

cell-cell adhesion and whose phosphorylation by Src disrupts cell adhesion (201).

Together, these and other substrates identified have pointed to a role for Src as a

regulator of cytoskeletal processes that affect cell migration and adhesion behavior

(202).

Investigation into the molecular connection between the two revealed direct

interaction between EGFR and Src, resulting in phosphorylation of two EGFR sites

(Y845 and Y1 101), along with a requirement for residue Y845 for DNA synthesis in

response to EGF stimulation (203). Interestingly, the phosphorylation event at Y845
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occurs in the kinase domain of the receptor, at a position required for phosphorylation

in other kinases including insulin receptor (204).

1.6 Chapter Overview

This thesis is comprised of three chapters that explore features of early EGFR

signaling. In Chapter 2, we outline the development of a novel measurement technique

that improves temporal resolution of phosphorylation dynamics to 10-second

resolution. We implement this method to probe signaling responses in a native system

across a range of treatment conditions. Perturbations include saturating and sub-

saturating doses of EGF, ligand comparisons between EGF, TGFa, and amphiregulin

responses. We use bioinformatics tools to explore relationships between

phosphorylation dynamics and generate novel hypotheses about regulatory

mechanisms within the network.

In Chapter 3, we explore hypotheses generated within the network and analyze

the network in the presence of broad and specific perturbations. General perturbations

include inhibition of phosphatase activity, which generally opposes phosphorylation

signaling, and inhibition of EGFR tyrosine kinase activity. Both of these conditions

reveal unexpected behaviors within the network. Targeted inhibition of select nodes in

the network validate hypotheses about network connectivity.

Lastly, Chapter 4 examines tyrosine kinase inhibitors in cellular systems.

Signaling in MCF-1OA cells was analyzed in the presence of high, medium, and low

concentrations of gefitinib, as well as an intermediate concentration of lapatinib. These

treatments provide insight into the mechanistic differences between their activities.

Additional hypotheses about the network were generated by combining specific kinase

inhibition with broad phosphatase inhibition, which produced unexpected results.

Chapter 5 concludes with insights into the utility of high temporal resolution

measurement, and further ideas for expanding our understanding of EGFR signaling.
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2.1 Introduction

EGFR sits atop a complex signaling network that controls cell behavior in

response to environmental cues. Cascades of posttranslational modifications initiated

from EGFR, notably phosphorylation on tyrosine, serine, and threonine, influence

protein-protein interactions and enzymatic activity to activate transcriptional programs

that regulate proliferation, differentiation, and apoptosis (1). Mutation or overexpression

of EGFR has been identified as an oncogenic driver for many tumor types, making it an

attractive target for anticancer therapies (2).

Building on decades of specific characterization using traditional biochemistry

techniques, platforms such as protein microarrays and mass spectrometry have

allowed systems biology to provide a comprehensive picture of intact and aberrant

network behavior, which can be used to establish design criteria for therapeutic

interventions (3). Manipulating components within the network experimentally and

computationally has uncovered many features of the system that influence behaviors

such as proliferation and survival (4-6). With many phenotypic responses occurring on

the order of hours to days, most phosphorylation measurements to date have been

made on the timescale of minutes to hours, when phosphorylation levels are highest.

However, a second class of responses, such as protrusion and calcium signaling,

occur within a few seconds after stimulation and suggest an important early regime of

signaling activity (7, 8). Although individual, targeted analyses have provided insights

into components of signaling activation, systems-level characterization of network

activity during this period has been lacking.

Recent efforts to measure signaling dynamics on the timescale of seconds have

been reported in HeLa cells and T-cells using a flow-apparatus consisting of three

peristaltic pumps (9, 10). This system mixes suspended cells and growth factor to

initiate treatment and flows stimulated cells through tubing for a defined length of time

before mixing with a quenching reagent, 70% ethanol at -20*C. Though this system
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was able to generate measurements as early as 1 second after stimulation, the setup

has several intrinsic drawbacks. First, the system is not readily applicable to adherent

cell types, as the cells are required to be in suspension. Additionally, the shear forces

exerted by the pump system may induce phosphorylation changes that confound

responses to growth factor (11). Though the authors measured no cytotoxic effects of

this system with trypan-blue staining before and after pumping, this control does not

detect changes in sensitive protein modification states important for signaling. Lastly,

the system requires significant expertise to set up, and is not easily implemented in

laboratories without sufficient expertise.

Here, we present a novel method for investigating early phosphorylation

dynamics in adherent mammary epithelial cells on the timescale of 10 seconds. We

first discuss the development of a technique to precisely control of temporal stimulation

duration using a snap-freezing setup. With the procedure established, we turn to

characterize the growth response of MCF-10A cells to a variety of ligand treatment

conditions. We used phenotypic responses to define the relevant range of growth

factor conditions, and measured early signaling dynamics with 8 concentrations of

ligand. These responses are analyzed using bioinformatic tools to reveal patterns in

peptide and treatment responses. Lastly, we further explore how the identity of ligand

influences signaling behavior. Together, the comprehensive data set we have

assembled has generated several hypotheses about EGFR signaling mechanisms.

2.2 Methods

2.2.1 Proliferation Assay

10,000 cells were seeded in 100 pL complete media in a 96-well plate. After 24

hours, complete media was replaced with serum free media, in which the cells were

incubated for an additional 24 hours. Finally, starve media was replaced with serum
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free media containing BRDU and growth factor. After 24 hours, BRDU incorporation

was measured according to manufacturer protocols (Roche 11647229001).

2.2.2 Cell Culture and Stimulation

MCF-10A cells were originally a kind gift from Joan Brugge at passage 17. Cells

were maintained in complete media: DMEM:F12 media (Thermo) supplemented with

5% horse serum (Invitrogen), 20 ng/mL EGF (Peprotech), 0.5 mg/mL hydrocortisone

(Sigma Aldrich), 100 ng/mL cholera toxin (Sigma Aldrich) and 10 pg/mL insulin. Cells in

10 cm plates were passaged 1:4 ever 3 days. Cells were washed with PBS and

incubated in serum free media (complete media without horse serum, EGF, and

insulin) for 24 hours. Cells collected in biological triplicate were stimulated by direct

addition of EGF at 100 mg/mL for 0, 10, 20, 30, 40, 50, 60, 70, or 80 seconds, mixed

immediately by gently swirling the plate. To terminate stimulation, media was rapidly

discarded by inversion of cell culture plates, and plates were immediately placed on a

bath of liquid nitrogen. Normalization lysates, stimulated with 20 nM EGF for 60 s, were

collected separately for each round of experiments. Three 10 cm dishes per treatment

condition were lysed, pooled, and divided into 1 mL aliquots to process independently

with each condition. Samples were stored at -800C until processing.

2.2.3 Sample Processing

Protein content form lysates were quantified by BCA assay (Pierce) in order to

confirm consistent protein content. Samples were centrifuged at 12,100 xg to pellet

cellular debris, and 250 pL lysate (containing -400 pg protein) was drawn from the

supernatant. Samples were reduced with 10 mM DTT in ammonium acetate pH 8.9 for

1 hour at 560C, alkylated with 55 mM iodoacetamide in ammonium acetate pH 8.9 for 1

hour at room temperature, and diluted to a final volume of 935 pL with 100 mM

ammonium acetate pH 8.9. Each sample received 25 pg of sequencing-grade trypsin

(Promega) and was digested overnight at room temperature. Samples were acidified
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with 100 pL 98% TFA prior to desalting. Peptides were desalted by reversed phase

solid phase extraction using C18 SpinTips (Protea). Commercial tips were extended

with an additional reservoir to accommodate -1 mL sample volume for loading and

inserted into caps of 15 mL conical tubes for centrifugation. C18 beads were initially

hydrated with 200 pL 0.1% TFA, and solvated with 200 pL 90% acetonitrile in 0.1%

TFA. Residual organic solvent was removed with 200 pL 0.1 % TFA, after which

samples were loaded. Unbound debris was washed with 200 pL 0.1% TFA, and

peptides were eluted in 2 rounds of 100 pL 40% acetonitrile in 0.1% TFA, lyophilized,

and stored at -800C.

2.2.4 TMT Labeling and Peptide IP

Lyophilized peptides were labeled with TMT10plex Mass Tag Labeling Kits

(Thermo). Initial lyophilized TMT label was hydrated with 250 pL anhydrous acetonitrile,

split into 6 aliquots of 40 pL, and lyophilized to dryness. Lyophilized peptides from nine

experimental conditions (0 to 80 s) and one normalization channel (from pooled

sample) were resuspended in 100 pL of 70% ethanol, 30% 0.5 M

triethylammoniumbicarbonate pH 8.5, and incubated with TMT reagent resuspended in

40 pL anhydrous acetonitrile at room temperature for 1 h. The samples were

concentrated to -40 pL in a vacuum concentrator and combined. Residual peptide

was collected from each tube by twice with 40 pL 40% acetonitrile in 0.1% acetic acid.

Combined samples were concentrated to dryness and stored at -80'C until analysis.

Dried labeled samples were resuspended in 400 pL IP buffer (100 mM Tris-HCI, 1%

NP-40, pH 7.4) and added to 60 pL protein G agarose beads conjugated with 12 pg

4G10 (Millipore), 12 pg PY-100 (Cell Signaling Technologies) and 12 pg PT-66 (Sigma)

overnight at 40C. Beads were spun down for 60 s at 4000 xg for supernatant collection,

washed once with 400pL IP buffer, and washed three times with 400 pL wash buffer

(100 mM Tris-HCI, pH 7.4). Peptides were eluted with 70 pL 100 mM glycine, pH 2.5 for

30 min at room temperature, and acidified with 10 pL 98% TFA.
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2.2.5 Immobilized Metal Affinity Chromatography Purification

200 pL NTA Agarose beads were rinsed with 800 pL 100 mM EDTA pH 8.9 for

30 min, washed three times with 800 pL ultrapure water, and charged with iron by

incubating in 800 pL 100 mM FeC1 3 for 45 minutes. Excess iron was removed by three

washes with ultrapure water, followed by acidification with two washes of 0.1 % TFA

prior to loading the IP elution for 1 h at room temperature. Nonspecific peptides were

removed with two 400 pL washes with 0.1% TFA and two washes of 0.1% acetic acid.

Bound peptides were eluted with 250 mM NaH 2PO4, and loaded onto a pre-column

(100 pm ID x 10 cm packed with 10 pm C18 beads (YMC gel, ODS-A, 12 nm, S-10 pm,

AA1 2S1 1)), which was rinsed with 0.2 M acetic acid for 10 min prior to LC-MS analysis.

2.2.6 LC-MS/MS

The washed precolumn was connected in series with a self-packed analytical capillary

column (50 pm ID x 12 cm packed with 5 ptm C18 beads (YMC gel, ODS-AQ, 12 nm, S-

5 tm, A012SO5)) with an integrated electrospray tip (-1 tm orifice) (See 2.5 Appendix

for details). Peptides were eluted using a gradient from aqueous (0.2 M acetic acid) to

organic (0.2 M acetic acid, 70% MeCN) at a flow rate of 0.1 pL/min with a flow split

>99%. The gradient was 0-13% organic from 0 to 10 minutes, 13-42% from 10 to 105

minutes, 42-60% from 105 to 115 minutes, 60-100% from 115 to 120 minutes, constant

at 100% from 120 to 128 minutes, and washed indefinitely with aqueous solvent until

peptides stopped eluting. Peptides were ionized with a spray voltage of 2 kV and

injected directly into a Thermo Q Exactive Hybrid Quadrupole-Orbitrap Mass

Spectrometer. The 15 most abundant precursor peaks were selected in information-

dependent acquisition mode with an isolation width of 2 m/z, an AGC target of 3e6, a

maximum injection time of 350 ms, and previously selected peaks excluded for 30 s.
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2.2.7 Phosphotyrosine Data Analysis

Raw mass spectral data files were searched against SwissProt database containing

Homo sapiens protein sequences (20,199 sequences) using Mascot version 2.4

(Matrix Science). MS/MS spectra of tyrosine phosphorylated peptides seen in multiple

biological replicates were validated using CAMV. TMT reporter quantification was

extracted and isotope corrected using Proteome Discoverer software (Thermo), and

further normalized based on median relative protein quantification ratios obtained from

total protein expression analysis. For each peptide, relative quantification was

represented as a ratio between ion intensities for experimental conditions and

normalization channel.

2.2.8 Self Organizing Maps

The SOM clustering method was used to identify peptides that showed similar

phosphorylation dynamics. The analysis was performed in MATLAB with the Neural

Network Toolbox (Mathworks). Each analysis clustered 93 peptides seen in 10 nM, 20

nM, and 100 nM EGF stimulated conditions into a 7x7 hexagonal pattern of neurons.

This process was repeated 10,000 times, and the frequency with which all pairs of

peptides appeared in the same cluster was analyzed.

2.3 Results

2.3.1 Early Signaling Method Development

The key challenge for accurately measuring early signaling events was gaining

precise control over stimulation duration. Though 8 M urea is capable of lysing cells

and denaturing proteins, standard lysis protocols do not uniformly inactivate enzymes.

During particularly dynamic periods of signaling, quantifying phosphorylation in a

population of cells lysed at different times would confound the measured average

output. The precision required for early signaling measurement was expected to be

much more exact than those required for later measurements. Beyond denaturing
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protein structure, an orthogonal approach to control enzymatic activity is modulation of

temperature (12). Rapid temperature shift, unlike lysis, is not diffusion limited and can

be applied to the entire cell population virtually simultaneously. A sufficient

temperature drop would stop all biological activity, preventing phosphorylated proteins

from further modification. To achieve such a rapid temperature change, cell culture

dishes were directly placed on a bath of liquid nitrogen, which boils at -196*C at

atmospheric pressure, causing immediate freezing. Once frozen, the samples could

be lysed in urea, denaturing proteins while still below temperatures for kinases and

phosphatase activity, thus preventing enzymatic peptide modification once samples

returned to room temperature.

Two key questions were addressed to validate the temporal precision of this

stimulation procedure. First, we demonstrated that there is no residual enzymatic

activity while the cells were on liquid nitrogen. Second, we showed that peptides in

urea lysis buffer did not undergo subsequent PTM changes. To demonstrate the time

independence of phosphorylation levels in these two conditions, cells with or without

EGF stimulation were and frozen on liquid nitrogen for 1 min, 5 min, or 15 min followed

by a 1 min urea lysis, or frozen on liquid nitrogen for 1 min followed by a 1 min, 5 min,

or 15 min incubation in urea (Figure 2-1). In both of these conditions, tyrosine

phosphorylation levels were not significantly altered by incubation time.
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Figure 2-1: MCF1 CA cells were serum starved for 24 hours, then stimulated with 20 nM
EGF for 60 s (grey) or left untreated (black). Residual signaling during liquid nitrogen
freezing was assessed by leaving plates on liquid nitrogen (LN2) for 1, 5, or 15 min, then
lysing with urea for 1 min prior to processing. Residual signaling during lysis was assessed

by leaving plates in urea lysis buffer for 1, 15, or 30 min after freezing on LN2 for 1 min.

Average phosphorylation levels and standard deviations for 32 peptides relative to mean of

10 conditions are plotted.

2.3.2 Measuring the MCF-10A Response to EGF

For this study, we have chosen to evaluate EGFR signaling in a relatively

'normal" system, free of extensive genetic alterations present in many cancer systems.

The MCF-10A cell line is a spontaneously immortalized, non-transformed mammary

epithelial cell line (13). They are known to express high levels of EGFR (approximately

100,000 copies per cell), and show differential response to EGF-related ligands (14).

The MCF-10A system was selected in part due to its minimal expression of other

ErbB family members. The reduction in complexity allowed us to analyze mechanistic

hypotheses from a single initiator, without having to deconvolute contributions from

different combinations of receptor dimers to network activation. An initial

comprehensive data set describing the behavior of EGFR is a foundation for
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understanding data from a more complex system-for example MCF-10A cells

overexpressing HER2.

Once control of the early stimulation procedure had been established, we

explored the phenotypic response of the MCF-1OA system to EGF stimulation. Though

we wish to apply our understanding of RTK signaling to physiological systems, we

cannot yet measure the local concentration of growth factors experienced by cells in

the body. Instead, we expose our in vitro systems to exogenous ligand to understand

their response to growth factor in a tightly controlled setting. To gauge the relevant

concentrations of growth factor treatment for phosphoproteomic analysis, serum

starved cells were incubated in serum free media containing EGF at 0.05, 0.25, 1, 5,

20, 100, and 500 nM EGF along with BRDU for 24 hours (Figure 2-2). As a positive

control, complete media was used. BRDU incorporation measured DNA synthesis, a

proxy for proliferative response in cells. Growth rates showed a minimal proliferative

response in the absence of growth factor, with a small sensitization as low as 0.05 nM

EGF. A large increase in proliferation was observed at 0.25 nM EGF, while

concentrations beyond 1 nM showed no additional effect on growth rate. The complete

media condition provided evidence that even at extreme concentrations of ligand, an

individual growth factor alone is insufficient to induce maximum growth.
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Figure 2-2: MCF-1 OA proliferation responses to EGF stimulation. Proliferation rates were
measured with BRDU assay after 24 h treatment with serum free media (SFM) plus
indicated concentrations of EGF compared to SFM alone and complete media (CM).

Based on cellular growth response, 8 concentrations of EGF were chosen for

treatment: 0.2, 0.4, 1, 2.5, 5, 10, 20, and 100 nM. For each condition, samples would

be collected at 0, 10, 20, 30, 40, 50, 60, 70, and 80 seconds after stimulation. One of

the 10 TMT channels was reserved for a fraction of a pooled lysate common to all runs,

which provided a normalization value to facilitate comparison between multiple runs.

Treatment for the normalization condition was chosen to be 20 nM EGF for 60 seconds,

which induced a strong phosphorylation response that would boost the total peptide

signal for higher quality fragmentation spectra. The normalization lysate was collected

separately during each batch of experiments to account for potential variation in cell

culture conditions. To further control for effects of growing multiple batches of cells
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analyzed on different days, the unstimulated (0 second) condition was also collected

independently for each measurement. This condition ensured that the cells were serum

starved to the same basal state, and provided an internal control: observing similar

levels of initial phosphorylation between conditions provided additional confidence in

the differences observed at later time points.
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Figure 2-3: Schematic of experimental workflow. MCF-1 A cells were serum-starved for 24
h and treated with growth factor for 0, 10, 20, 30, 40, 50, 60, 70, and 80 s. Pooled
normalization lysate was stimulated with EGF for 60 s. Proteins were processed to peptides,
desalted, enriched for phosphotyrosine, and analyzed on a QExactive mass spectrometer.
Sample secondary fragmentation spectrum used for sequence assignment and reporter ion
quantification

Urea lysates were processed to peptides, labeled with isotope mass tags, and

combined. Tyrosine-phosphorylated peptides were enriched by sequential
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immunoprecipitation and IMAC before analysis by data-dependent LC-MS/MS (Figure

2-3). Secondary fragmentation spectra provided peptide sequence information and

precisely localized phosphorylation modifications on each peptide, while reporter ion

intensities, representing the relative amount of peptide in each of the 10 channels,

were extracted to quantify temporal dynamics of phosphorylation. Raw values were

normalized to median relative expression levels of non-phosphorylated peptides in the

immunoprecipitation supernatant. This approach yielded data on several hundred

phosphorylation sites that occur on tryptic peptides amenable to LC-MS/MS analysis.

Although not a complete list of all phosphorylation events in the network, they make up

a representative fraction of many proteins implicated in EGFR signaling. Heat maps

were used to visualize phosphorylation dynamics of peptides seen in multiple

replicates for all eight of the ligand concentrations (Figure 2-4).
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E) EGF 5 nM

- -4

00 0 0 0 0 0

G) EGF 20 nM H) EGF 100 nM

Figure 2-4: Heat map visualizaiton of peptide dynamics. Peptides seen in (A) 0.2 nM, (B) 0.4
nM, (C) 1 nM, (D) 2.5 nM, (E) 5 nM, (F) 10 nM, (G) 20 nM, and (H) 100 nM EGF stimulation.
Unique peptide dynamics are represented by individual rows, clustered by Pearson
correlation. Columns represent relative intensity at indicated times compared with a pooled
normalization channel

To attain a high-level picture of the signaling response, we identified the set of

peptides that were quantified in all 8 data set, which contained 48 phosphorylated

peptides. Though not all of these peptides were implicated in growth factor signaling

(and thus did not show significant changes over the time course), a large fraction was

on proteins associated with the EGFR network. Thus, the average relative level of these

peptides provided a general metric of the phosphorylation response in the cells (Figure
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2-5 A). Interestingly, the average phosphorylation response of these conditions shows

a range of responses distinct from those of the proliferation response. While additional

ligand beyond 1 nM does not induce significantly more cell growth, the early

phosphorylation response demonstrates concentration-dependent changes up to 20

nM. We believe that this discrepancy stems from the fact that these processes occur

during distinct regimes of signaling. The proliferation measured at 24 hours reflects not

only early signaling, but also processes such as receptor downregulation and ligand

depletion, which are known to happen at high growth factor concentration. Negative

feedback mechanisms would function to essentially buffer the dynamic range of the

proliferation response compared to the initial ligand-induced network activation.

Conversely, the level of proliferation induced from the lowest growth factor conditions

might not have been expected from their early phosphorylation dynamics. The 0.2 nM

condition shows almost no network activation, but 0.25 nM EGF creates 64% of the

maximum EGF induced proliferation response. These data suggest functional

phosphorylation changes do not necessarily appear instantly, and may accumulate

over time. Together, our results show that the level of initial phosphorylation response

exhibits a dynamic range that is not linearly correlated to behavioral output.

Beyond the dynamic range of ligand response, hierarchical clustering of the

average phosphorylation response revealed 2 distinct classes of signaling (Figure 2-5

B). The two clusters grouped the 0.2, 0.4, and 1 nM conditions together, while the 2.5,

5, 10, 20 and 100 nM treatments were more closely related. We further examined the

signaling patterns in each of these conditions.
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Figure 2-5: (A) Phosphorylation responses of sites quantified in all 8 growth factor treatment
conditions relative to common normalization channel. Average phosphorylation level of 48
peptides represented t SEM. (B) Dendrogram showing euclidean distance between average
phosphorylation responses for each treatment condition

2.3.3 Low EGF Concentrations Elicit Weak Phosphorylation Responses

The average phosphorylation responses to 0.2, 0.4, and 1 nM EGF clustered

together, showing distinct patterns of activation from higher treatment conditions.

Between these three, 0.2 and 0.4 nM EGF were almost indistinguishable, while 1 nM
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EGF showed trends of increases by the later time points. To quantitatively asses the

sites that were most altered by these low ligand stimulations, the peptides were ranked

by the fraction of total signal 0-80 second signal contributed from the last third of the

measurements (the 60, 70, and 80 second time points), where a uniform signal would

be expected to have 33% of the signal contributed from these time points. Those with

the highest contribution from the latest third of the response indicate the largest

change from basal levels, while combining three time points mitigated the effects of

noise for any one measurement. The top 10 peptides with increases at later time points

are indicated in Table 2-1. Several of the sites with the strongest phosphorylation

responses in these conditions were associated with adaptor proteins and the receptor

(Figure 2-6 A-C). Even the sites that respond most strongly exhibit barely

distinguishable changes in the 0.2 nM and 0.4 nM treatments. However, the responses

for EGFR, Gab1, and Shc are more apparent in the 1 nM EGF condition.

Phosphorylation on these proteins increases linearly over time, indicating a constant

phosphorylation accumulation over the first 80 seconds. This rate of relative

accumulation on adaptors is approximately 2-fold faster than phosphorylation on the

receptor; Shc and Gab1 go from -0.1 to -0.4 compared to -0.05 to -0.2 for EGFR.

Interestingly, though the upstream phosphorylation changes are not striking, levels of

ERK phosphorylation begin to increase towards the later time points measured (Figure

2-6 D). This effector activation may be indicative of the future proliferative responses,

which were saturated with 1 nM stimulation. Though no ERK changes appear in the 0.2

and 0.4 nM treatments over the first 80 seconds, the proliferative response compared

to SFM for these ligand conditions suggests that later measurement might reveal

changes in phosphorylation.
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EGE 0.2 nM EGF 0.4 nM EGF 1 nM

HanK site H-raction bite 1raction site -raCtion

1 GAHEM pY453 49.6% GAREM pY 453 47.4% Gabl pY627 57.7%

2 Ga** py*nb 49.2%alpub -uHpy11 44.bo uab pY4Ub b7f.2%

3 Gabl pY627 49.0% Gab1 pY406 43.3% Gab1 pY659 54.5%

SnC pY2Tz -7.=Yo SRC pY237J 4T.3o UaD1 pYobb -770

5 Shc pY317 45.8% Shc pY317 40.9% Gabl pY627 51.9%

0 snC pY239 -75.o I ensin 3p PYi3/pYbb4 .7= s p6 Y l 5 Y.11

7 Gabi pY659 44.7% Gab1 pY627 40.2% EGFR pY1173 5-0.%

8 SiH2 pYb84 3.S 96 hH2 pYb84 3. .T aKOpnlin 3 pYb4 W.37/

9 Gabi pY627 41.3% IRS2 pY823 39.6% ERK2 pY187 50.2%

IW Iensin 3pY 33-3/pYbb4 47U NFM 1 pSlT2 *33.=o 6H pY54 5

Table 2-1: Top 10 phosphorylaiton sites for 0.2, 0.4, and 1 nM EGF stimulation ranked by
fraction of total signal contributed by 60, 70, and 80 second measurements.
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Figure 2-6: Phosphorylation responses for select proteins in response to low ligand
stimulation. (A) EGFR pY1148 (black) and pY1173 (red); (B) Gab1 pY627 (black) and pY659
(red); (C) Shc pY239 (black) and pY317 (red); and (D) ERK1 pY204 (red) and ERK2 pY187
(black) are shown. Dotted lines with triangles are 0.2 nM, Dashed lines with squares are 0.4
nM, and solid lines with circles are 1 nM EGF. Mean responses plotted, error bars indicate
SEM

2.3.4 High EGF Concentrations Strongly and Rapidly Activate Signaling

In contrast to the phosphorylation responses measured in response to low

ligand stimulation, more drastic and immediate changes were observed for 2.5, 5, 10,

20, and 100 nM EGF treatment. In addition to rapid responses seen on EGFR and

proximal adaptor proteins, we observed phosphorylation changes within 10 s on
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proteins such as cortactin, plakophilin, and tensin, all proteins not known to be directly

regulated by the receptor. Early phosphorylation on these cytoskeletal components

may explain the rapid phenotypic responses observed in membrane protrusion (7).

Rapid downstream phosphorylation changes challenge the preconceived timing of

signaling, where receptors and adaptor proteins are phosphorylated and initiate

signaling cascades that occur on the timeframe of minutes, and instead indicate a

system capable of disseminating information almost immediately across many regions

of the network, with specific regulatory mechanisms that tightly control the dynamics of

protein phosphorylation. Phosphorylation sites that were quantified across all 8 ligand

treatment conditions are listed in Appendix 2.5.2.

Though manual inspection of phosphorylation responses revealed general

trends of early signaling, many of the observed responses appeared similar, which

prevented identification of more subtle trends within the data. To uncover specific

features in the network, bioinformatic methods were utilized.

2.3.5 Self-Organizing Map Clustering Reveals Distinct Signaling Modules

One advantage of a mass spectrometry-based approach to collecting

phosphoproteomic data is the abundance of information extracted from a sample. In

our data set, we measured 1,277 time course dynamics of 501 phosphorylation sites

on 268 proteins. The observed sites ranged from canonical, well-studied peptides (e.g.

phosphorylation sites on EGFR and ERK), while others occurred on less characterized

proteins (e.g. Annexin). Though manual inspection yielded some insight into network

behaviors, much of this insight was biased by prior knowledge about the network.

Therefore, we used clustering as an unbiased method to identify peptides with similar

dynamics across the variety of treatment conditions. The hypothesis was that peptides

with similar responses under multiple conditions might be regulated by common

mechanisms.

76



The tool we used for this bioinformatics analysis was a Self-Organizing Map

(SOM), a type of artificial neural network trained by unsupervised competitive learning

meant to uncover underlying structures in multidimensional data by representing

relationships in two dimensions (15). The process of vector quantization in this method

preserves the topological relationships within the data. In particular, this approach

excels at separating subtle distinctions between largely self-similar data, such as

phosphorylation increases observed in growth factor treatments (16).

The map itself is comprised of nodes, also known as neurons, which have an

associated weight vector and a position in the 2-dimensional hexagonal map space.

After the nodes are initialized to random values, the algorithm calculates the distance

between each example input vector and the node weight vectors. The most similar

neuron, known as the best matching unit (BMU), and its surrounding neurons are

updated towards the input vector with a Gaussian function, where the closest neurons

are altered more by the training examples, while further removed nodes are changed

less. This process is repeated for a large number of cycles, which equilibrate to

represent unique patterns in the input data set with particular nodes.

Because the initial node weights are random, this clustering method is

stochastic in its final grouping-though each round of clustering provides groupings of

peptides, multiple iterations provide distinct organizations. To create a quantitative

metric with better resolution than binary cluster inclusion, the data were clustered by

SOMs multiple times, and the frequency with which peptides appeared in the same

cluster was recorded. Over 10,000 iterations, this approach smoothed out the

stochasticity of each analysis, and the resulting peptide co-clustering frequency matrix

could be used to identify peptides that commonly cluster together.

Several of the key parameters in SOMs are the number of nodes initialized, the

similarity metric used, and the input feature vectors. The features selected were

chosen to maximize the number of phosphorylation sites seen across multiple
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conditions, while minimizing the effects of variability within each condition. Because the

runs with low EGF-stimulation (0.2, 0.4, and 1 nM) had less total phosphorylated

peptide to detect, these runs tended to contain fewer hits. Furthermore, the changes

observed during these conditions were minimal, adding little power to the separation

between peptides. Meanwhile, conditions of saturating ligand (10, 20, and 100 nM)

had the most peptides detected, and showed the most drastic changes. To strike a

balance between robustness and coverage, the 10, 20, and 100 nM responses were

concatenated into a feature vector of length 27 (9 time points x 3 conditions) for

analysis in SOMs, creating a data set for 93 peptides. Based on the size of the number

of peptides, the size of the grid was chosen to be a 7x7 hexagonal matrix in

accordance with the guideline that the total number of nodes should be

5 x Vnumber of input vectors. Additionally, the correlation metric was selected to be

Pearson correlation. This selection prioritized dynamics that had a linear relationship

over absolute similarity or monotonic correlations of Euclidean distance and Spearman

correlations.
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Figure 2-7: Heat map showing frequency with which individual peptides appeared in the
same cluster in 10,000 iterations of SCM clustering of phosphorylation patterns in response
to 10 nM, 20 nM and 100 nM EGF stimulation. Peptide clusteirng behaviors sorted by
Pearson correlation.
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Several groups of self-similar phosphorylation responses were revealed in the

SOM analysis, highlighted in Figure 2-7. Several biologically identical phosphorylation

sites that appeared on distinct peptides tended to cluster together. Additional post-

translational modifications such as oxidation of methionine are thought to be regulated

by processes independent of signaling, such as metabolism (17). Therefore, the

presence or absence of oxidation created two different versions of the same

biologically regulated peptide. Furthermore, several peptides were incompletely

digested by trypsin, resulting in two different-sized peptides containing the same post-

translational modification. These versions often have distinct physical properties that
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make them elute at different points in the analysis gradient. The quantitative similarities

between phosphorylation sites that are biologically indistinguishable but separated

during processing provided increased confidence in the readouts of other peptides.

The most tightly integrated phosphorylation sites in this analysis were four

autophosphorylation sites on EGFR (pY1 045, pY1 068, pY1 148, and pY1 173) (18, 19).

These peptides all appeared in the same cluster >85% of the time, without once

clustering with any other peptide. Meanwhile, EGFR pY974, which has been shown to

be distinctly regulated from the autophosphorylation sites, clustered separately (20).

The similar phosphorylation responses observed on EGFR make intuitive sense, as

sites on the same protein could reasonably be regulated by common mechanisms:

they are all phosphorylated EGFR kinase domain, and would also interact with a similar

set of proteins.

Two additional groups that emerged contained many phosphorylation sites

canonically implicated in the EGFR network. The first contained sites on the adaptor

proteins Shc, GAREM, and Shb, which serve to recruit additional proteins including

Grb2, a site on p85a (P13KR1), whose phosphorylation is thought to relieve inhibition of

P13K enzymatic activity, and the nucleotide exchange factor Arhgef5 (21). The

abundance of these phosphopeptides is strongly increased at 10 s after stimulation,

but plateau by 30 s and remains relatively constant thereafter. Interestingly, these sites

show a stronger relative increase from 0 to 10 s than sites on EGFR. Two potential

hypotheses might explain relative rates of phosphorylation between these two clusters.

First, EGFR phosphorylation sites are inherently linked to the complexes that form

around the receptor, while adaptor proteins are capable of dissociating from the

receptor. This may subject sites on the proteins to different interacting partners-while

receptor phosphorylation sites may be limited by the presence of phosphatases,

adaptor proteins may not be subjected to such negative regulation activity if they

diffuse away from the receptor. Alternatively, each active receptor kinase may only be
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able to phosphorylate a small number of other receptor sites due to the dimerization

process, but could potentially phosphorylate many copies of each adaptor, which can

bind, become phosphorylated, and then dissociate to allow phosphorylation of another

protein. A second potential explanation relates to the limits of the relative quantification

measurement. For example, absolute quantification shows that the Shc

phosphorylation site is more abundant than the EGFR phosphorylation sites, but this

information is of limited utility without the total protein amount. Changes in the fraction

of phosphorylated protein would be a more informative measurement to answer the

question of receptor versus adaptor phosphorylation kinetics.

The second cluster included Gab1 pY627 and pY659, SHP2 pY584, tensin 3

pY802, and ANKS1A pY455. The functions of tensin 3 phosphorylation are not well

characterized, while ANKS1A has been implicated in regulating EGFR recycling (22).

However, the phosphorylation sites on Gab1 and SHP2 have been more extensively

studied. When phosphorylated, the two sites observed on Gabi form a binding motif

for SHP2, a necessary component for ERK activation (23). The minimal delay between

the appearance of this binding motif and phosphorylation of SHP2 on Y584, a site

associated with activation, suggests that phosphorylation of these sites is the limiting

step in SHP2 activation. Compared to the other clusters, these peptides show a more

gradual change in phosphorylation at the earliest times measured, but continue

increasing until they reach similar relative levels as EGFR and Shc by 60 s. It is exactly

this type of distinction that the early signaling technique was meant to uncover. Though

previous measurements of phosphorylation on the minute timescale might suggest that

Shc and Gab1 are adaptors that interact with EGFR in a similar manner, these early

measurements expose a novel difference between the two. One potential explanation

between the different phosphorylation dynamics may be the requirement of Grb2 for

Gab1 recruitment and phosphorylation. However, phosphorylation of GAREM, which

interacts with also associates with Grb2 through its SH3 domain, increases rapidly,
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suggesting that Grb2 is not the limiting factor for Gab1 phosphorylation (24).

Alternatively, the rate of phosphorylation on observed Gab1 sites may be limited by

recruitment to the receptor. Previous work has identified P13K activity as an upstream

regulator of Gab1: active P13K initiates a positive feedback loop by generating PIP3,

which localizes Gab1 to the membrane via its PH domain, where it is phosphorylated to

create more P13K binding sites to further amplify signal (25). The immediate changes

observed on P13KR1 followed by the slower, more sustained Gab1 changes support

this explanation. These hypotheses are examples of new mechanistic insights that may

be gained about EGFR signaling by measuring the network phosphorylation response

with increased temporal resolution.

2.3.6 Comparing Signaling Responses between Ligands

Once control of the stimulation procedure had been established, we explored

the effects different natural ligands on network activation. This included testing two

growth factors, EGF and TGF-a, which have high binding affinities and specificity for

EGFR, at receptor saturating and sub-saturating concentrations (26). The main

distinction between these ligands derives from TGF-a's pH sensitive dissociation from

EGFR in endosomes, which promotes receptor recycling over degradation (27). This

contrasts with EGF, which drives receptor degradation, to cause ligand-specific

responses (28). Additionally, amphiregulin (AR), which exhibits a slower on-rate that

results in a Kd approximately 50-fold lower than EGF and TGF-a, was explored at a the

20 nM concentration (14).
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The overall and specific responses of the network to EGF and TGF-a were

remarkably similar between the two doses. At the receptor, adaptor, and effector level,

phosphorylation were similar between the two (Figure 2-9). This was a facet somewhat

expected from previous work by Curran et al., which measured phosphorylation

responses on longer timescales and found similar phosphorylation responses between

the two ligands (29). The difference between these ligands has been posited to be due

primarily to increased dissociation from EGFR in endosomes, which promotes receptor

recycling over degradation. On the timescale of seconds measured here, appreciable

endocytosis was not expected, and the phosphorylation changes were expected

reflect biophysical parameters of interaction with EGFR. Taken together, these results

suggest that the two ligands interact with the receptor in a similar fashion initially, and

that receptor endocytosis does not occur to an appreciable degree on this timescale.

In contrast to EGF and TGF-x, the amphiregulin response to growth factor was

somewhat weaker than the other two ligands. Although the phosphorylation response

was weaker, it did not suggest a 50-fold weaker affinity for the receptor. Again, this

finding corroborates the earlier findings of Curran et al. These factors suggest that AR

distinguishes from the other growth factors at later time points, potentially during other

biological processes.

2.4 Conclusions

To date, poor temporal resolution of response measurement has obscured the

complex initiation of receptor tyrosine kinase signaling that governs cellular response

to stimulation. To address this deficiency, we have performed a systems-level

characterization of the phosphorylation changes that occur in the immediate period

after growth factor stimulation with 10-second resolution. We treated MCF-1OA cells

with 8 concentrations of EGF defined by phenotypic response and measured tyrosine

phosphorylation levels from 0 to 80 seconds on hundreds of sites in the cell. Examining
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phosphorylation dynamics on this timescale reveals a dynamic range of immediate

phosphorylation response that is distinct from phenotypic range. Additionally, two

apparent regimes of signaling appeared at low (0.2, 0.4, and 1 nM) and high (2.5, 5,

10, 20, and 100 nM) stimulation. The phosphorylation response at subsaturating

concentrations, though strong enough to induce proliferation, does not elicit a strong

phosphorylation response on many nodes in the network. In contrast, the network

responds strongly and immediately to higher concentrations of ligand on both sites

closely and distally associated with EGFR. To understand the patterns of activation,

self-organizing maps were used to group phosphorylation responses. This clustering

analysis revealed phosphorylation patterns on receptor and adaptor proteins that

suggest subtle regulatory mechanisms that are obscured at later times.

The measurement techniques developed in this chapter are readily applicable

to any type of adherent cellular system, greatly expanding the possibility of early

signaling measurement into a variety of cellular systems. One interesting component to

compare would be the early signaling response in a separate cell line. A different

system, with different initial expression of network components, would almost certainly

behave differently in response to growth factor. This characterization could be

compared to the data presented here to potentially discover conserved and distinct

biological processes. Additionally, several of the biological hypotheses presented here

would be able to be critically evaluated in other systems.

Lastly, more sophisticated modeling techniques could uncover more biological

insight into the system. For example, Bayesian techniques could generate hypotheses

about the order in which phosphorylation changes occur. Furthermore, the early

signaling measurements here readily complement later measurements taken in this

system. Regressive techniques could reveal patterns in phosphorylation events-say

which early events are necessary for late phosphorylation changes. Together, the
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wealth of biological information present in the data set presented undoubtedly holds

significant novel insight into the mechanisms of EGFR signaling.

2.5 Appendices

2.5.1 Preparing Analytical Columns

Perhaps the most crucial component for collecting good phosphoproteomic

data from mass spectrometry is the chromatographic separation and efficient

ionization of peptides into the instrument. Electrospray ionization theory tells us that the

efficiency of peptide ionization is exponentially proportional to the size of the initial

liquid droplet, which is a function of the effective flow rate of the LC system. Many

laboratories use automated liquid handling systems for liquid chromatography, which

are most often hooked up to commercial analytical columns. These columns flow on

the order of hundreds of nanoliters per minute through analytical columns with an

orifice about 10 pm wide. These systems are robust and amenable to continuous

usage for multiple samples, but make several sacrifices that limit depth of coverage.

First, the wide orifice and high flow rates prevent sufficient ionization of many peptides

to be detected by the mass spectrometer. Additionally, automated LC systems

introduce many additional surfaces that bind peptides in from the sample. While these

can be conditioned to a degree, the vast increase in surface area contacted results in

loss of many peptides.

To address these challenges, the White laboratory has long implemented a

custom LC setup with freshly prepared, manually pulled tips for each analysis.

Peptides loaded onto precolumns are connected directly to analytical columns to

create minimal additional surface contact. To achieve the lowest possible flow rate, a

T-junction diverts >99% of the flow from an Agilent 1100 HPLC system to waste, with

only nanoliters per minute flowing through the precolumn and analytical column. To

create consistent spray with such small flow rates, the analytical columns have
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exceptionally fine openings, less than 1 pm, which provide extreme sensitivity. The

tradeoff for this high performance is that the columns cannot be flowed continuously

over long periods of time, and must be remade after every few runs.

The two components of an analytical column are the orifice and the C18 beads.

The C18 beads provide chromatographic separation by interacting with the

hydrophobic backbone of the peptide. As the organic content of the solvent increases

over the course of the gradient, the peptides elute off of the C18 beads and are carried

by the solvent into the instrument. The C18 beads are necessary for this

chromatographic separation, but their size, approximately 5 pm, can often occlude the

tip of the analytical column, preventing ionization.

The previous solution to this problem was to pull what a "bottleneck" in the

column about 1 cm before the final orifice. This feature would pinch the capillary

diameter to -20 pm, which would prevent beads from flowing to the tip. However,

slight shifts in the beads sometimes permitted beads to flow through the orifice and

clog the tip.

The fickleness of the analytical columns was a challenge for the lab, as

members were hesitant to perform more than one run per day. Occasionally ten or

more columns would have to be tested before a satisfactory analytical column was

found. With the number of runs entailed in the projects previously described, we

sought to redesign the analytical columns to make them more robust to clogging and

allow them to be prepared in advance of a mass spectrometry run.

To address this challenge, we have implemented a novel method for pulling

analytical tips eliminating the bottleneck procedure and implementing a frit to prevent

beads from clogging the tip.

Methods

1. Cut a 25 cm long length of capillary tubing with OD 360 pm and ID 50 pm

(Polymicro Technologies).
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2. Burn off about 3 cm of coating 2 cm from one end of the column with a

lighter

a. Burning thoroughly to ensure all coating is removed, excess heating

does not compromise the integrity of the glass.

3. Remove excess material with methanol and kimwipe

4. Fix the capillary in the laser puller, with the end of the burned coating aligned

with the left closure.

5. Pull the tip using program 58 with desired parameters.

a. Recommended settings include Line 6: Heat 250, Velocity 13

b. The program should not loop to repeat line 1. If the tip does not break

on line 6, the mirror in the puller is dirty and can be cleaned with

methanol.

6. Observe the tip under the microscope

a. Tips that are large tend to have frit material expand out of the end

when they are kept next to the heated capillary for extended time

b. Tips that vanish to an opening not visible under the 20x microscope

will have difficulty sucking in sufficient frit material to flow.

7. Mix 100 pL Lithisil 829 (PQ Corporation) and 50 pL tetramethylammonium

silicate (Sigma-Aldrich), vortex at 12,000 xg for 30 seconds and spin down.

8. Add 10 pL formamide (Sigma-Aldrich) after first two components have been

mixed, vortex and spin down

a. To ensure homogenous frit mixture, add formamide while tube is on

vortexer such that the sample can be mixed immediately. Any delays

cause the frit mix to polymerize.

9. Draw 50 pL into a 200 pL pipette, expel until a droplet is hanging from the

end of the tip
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10. Dip the tip of the column into the suspended frit mix, ensuring not to touch

the plastic pipette tip itself.

a. Excess material on the outside of the column is common and does not

affect performance. Wipe off with kimwipe if desired.

11. Check that sufficient frit material was taken up into the column. Frit should be

visible as a meniscus that appears 1-5 mm from the tip.

12. Let the frit polymerize overnight by taping the column vertically with the tip

pointing up.

13. Load the tip on the bomb with ultrapure water at 1000 psi.

14. Gently flame the tip with a lighter until spray is achieved

a. With no beads in the column, solvent should shoot out in a plume at

1000 psi, or form a sizeable bead -1-2 pL within 3-5 seconds.

b. Start with the tip close to the side (not the top) of the flame. Slowly

move the flame closer to the column, and look for deflection of the

flame away from the tip as the frit opens.

15. Pack 5 pm beads in a glass vial with 80% methanol, 20% chloroform and a

magnetic stir bar.

a. Chloroform prevents beads from aggregating, columns pack much

more quickly.

16. Pack column with beads at 1000 psi until desired length is achieved (usually

12-15 cm)

17. Flush the column with 10 fmol/pL BSA in 0.1 % acetic acid for 15 minutes.

18. Analyze the performance characteristics of the column on an instrument by

running a prep gradient and detecting standard BSA peptides.

a. Reference Set of BSA Peptides is listed below:
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Evaluating Analytical Column Performance

A standard set of peptides measured includes a variety of masses, charge

states, and elution times. When evaluating the performance characteristics of analytical

columns, several parameters must be evaluated. First, the elution profiles of the

peptides are indicative of the chromatographic performance. The time at which the

peptides are detected by the instrument is an indicative of how "fast" the column

flows-a measure of the fractional diversion of solvent from the HPLC through the T-

junction to waste and through the column to the instrument. At 0.2 mL/min, peptides

from the Reference Set of BSA Peptides should begin eluting between 8 and 11

minutes. Columns that flow faster than 8 minutes will not optimize the ionization

efficiency of peptides, and columns that flow slower will have a chance of clogging

during the gradient. Additionally, the chromatographic profile with which the peptides

appear should be evaluated. Peptides should come off in a sharp peak, with maximal

intensity occurring over 5-15 seconds. Detection of peptide at lower abundance after

the main peak has appeared, or "tailing," will most likely result in a few abundant

peptides being repeatedly selected for MS2 fragmentation, reducing the number of

peptides observed in the final analysis. Lastly, the set of peptides presented the

Reference Standard should come off with approximately even intensity-within 1 or 2
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orders of magnitude. Having peptides ionize differentially will also negatively impact

the coverage in the phosphotyrosine analysis. Over time, columns will begin to ionize

the first set of peptides more weakly than the last ones, and should be replaced once

this performance begins to deviate.

2.5.2 Peptides with Complete Phosphorylation Dynamics

Peptides observed across all 8 ligand treatments with EGF were visualized

using surface plots to show phosphorylation dynamics as a function of time and ligand

concentration. 42 peptides were quantified in this analysis, presented below. They

include phosphorylation sites on traditional EGFR signaling proteins such as Gab1,

Shc, SHP2, ERK, Cbl, GAREM, PLCy and ERK, as well as sites on nontraditional

proteins such as tensin, plakophilin, and catenin. Basal levels of phosphorylation (in

the absence of ligand) sometimes showed variation, perhaps due to isotopic

contamination of the TMT labels. Though the mass tags are extremely pure for the

desired isotope, they sometimes contain small amounts from neighboring species.

These confound the reporter ion quantifications to a small degree, causing bleed-over

of signal from one channel into another. Therefore, peptides in sequential rows that

show a large change may cause artificially compressed quantification. Another

consideration is the dynamic range of measurement of the instrument. Orbitrap mass

analyzers do not measure ions independently as a TOF instrument would-instead

they detect currents from each of the resonating ions in the trap. This results in

somewhat limited dynamic range, which may sometimes manifest as compressed ion

signal. This would also biasing of measurement levels that would artificially inflate low

signals.

To address all of these concerns, the unstimulated (0 second) time point was

included as a secondary control in each analysis. Though theoretically redundant (the

level of phosphorylated peptide should be identical in the absence of ligand), this
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condition ensured that multiple batches of cells stimulated on different days were

serum starved to the same basal level. Additional effects arising from factors such as

dynamic range compression of reporter ions were highlighted by this control. Lastly,

repeating the 0 second time point added an additional baseline data point reduce the

effect of individual measurement variance when performing Pearson correlation

analyses.
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Chapter 3: Perturbing the EGFR Signaling
Network to Uncover Mechanistic Insight
Raven Reddy, Aaron Gajadhar, and Forest White
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3.1 Introduction

The power to measure phosphorylation responses with improved temporal

resolution is important for our understanding of signaling mechanisms. The process of

signaling activation is currently understood a broad change induces phosphorylation

of hundreds of components within the cell. Though we can catalogue the proteins

involved, we still lack a detailed characterization of exactly how receptor signaling

begins. To that end, we have developed a novel method for measuring

phosphorylation changes with 10-second resolution in adherent cells across a range of

growth factor concentrations and ligand identities. Immediate phosphorylation

measurement revealed distinct patterns of behavior within the network that were

previously obscured. These included differential phosphorylation profiles of adaptor

proteins Shc and Gab1, which were both thought to interact with the receptor through

similar mechanisms. However, the correlations uncovered in our extensive early

signaling characterization have limited utility in explaining the actual mechanisms that

govern the system.

In this chapter, we test targeted hypotheses about interactions in the network

with experimental techniques and small molecule inhibitors. In particular, we designed

experiments to test a hypothesis generated from SOM clustering regarding adaptor

recruitment patterns. We demonstrate that temporally distributed phosphorylation

responses of adaptor proteins are representative of distinct patterns of physical

association with the receptor, and that Shc is capable of forming complexes with the

receptor faster than Gab1. Furthermore, the phosphorylation profiles match the

recruitment patterns almost perfectly, suggesting that spatial distribution of signaling

components may be the primary determinant of their activation.

To uncover the roles of phosphatases in regulating early signaling, we

introduced a broad perturbation to the network in the form of sodium orhtovanadate, a

tyrosine phosphatase inhibitor, which revealed several unexpected behaviors in the
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network. These included differential phosphatase activity against phosphorylation sites

on EGFR and Gab1. Additionally, ligand-independent network activation in this setting

allowed us to generate hypotheses about Src family kinases as primed positive

amplifiers of signaling. Targeted inhibition with dasatinib shows that select components

of the EGF response require SFK activity. Further investigation reveals a pathway in

which SFKs allow full activation of ERK signaling by facilitating P13K enzymatic activity

to drive Gab1 recruitment to the plasma membrane.

3.2 Methods

3.2.1 In Situ Proximity Ligation Detection of Protein Phosphorylation and EGFR-Adaptor

Complexes

MCF-10A cells were grown to 80% confluency on glass coverslips placed in 6

cm tissue culture plates. Cells were washed with PBS and incubated with phenol red

free DMEM:F12 starve media for 24 h prior to stimulation with 20 nM EGF for 10 or 60 s.

Stimulation was terminated as described above. Frozen plates were fixed in ice-cold

4% paraformaldehyde for 15 min. Reaction areas of -1 cm 3 were delimited on

coverslips using an ImmEdge wax pen (Vector Laboratories). Cells were permeabilized

with 0.1% Triton X-100 in PBS for 3 min. To minimize non-specific adsorption of

proximity probes, fixed cells were incubated in 1X blocking solution (1X TBS, 10%

sterile filtered goat serum, and 2.5 ng/pL sonicated salmon sperm DNA) for 45 min at

37 0C in a humidified chamber. Cells were then incubated overnight at 4 0C with

primary antibodies diluted in PLA probe solution (1X blocking solution, 0.05% Tween-

20). Mouse anti-EGFR (1:400, clone 13G8, Millipore) and rabbit anti-pEGFR1068

(1:400, Cell Signaling) for EGFR phosphorylation as described previously (20), and

rabbit anti-phosphoERK1/2 (T202/Y204) (1:600, D13.14.4E, Cell Signaling) for pERK1/2

single recognition PLA. Mouse anti-EGFR (1:1000, clone 13G8, Millipore) and rabbit

anti-Gab1 (1:100, catalog SAB4501060, Sigma) for EGFR-Gab1 PLA or rabbit anti-
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EGFR (1:200, clone E235, Millipore) and mouse anti-Shcl (1:200, clone 30, BD

Biosciences) for EGFR-Shcl PLA. Unbound primary antibodies were removed by

washing 3 times for 5 min in TBST (1X TBS with 0.05% Tween-20). Secondary proximity

probes were prepared by hydrazine linkage mediated conjugation of aldehyde-

modified oligonucleotides to either donkey anti-rabbit or donkey anti-mouse affinity

purified antibodies to generate mouse MINUS, mouse PLUS, rabbit MINUS, and rabbit

PLUS probes. Cells were incubated for 60 min at 37 0C with appropriate species-

specific MINUS and PLUS proximity probes diluted 1:500 in PLA probe solution.

Unbound proximity probes were removed by washing 3 times for 5 minutes in TBST. A

circular DNA priming template was generated by addition of 125 nM connector

oligonucleotides (Connector 1: 5'-Phosphate-CTA TTA GCG TCC AGT GAA TGC GAG

TCC GTC TAA GAG AGT AGT ACA GCA GCC GTC AAG AGT GTC TA; Connector 2:

5'-Phosphate-GTT CTG TCA TAT TTA AGC GTC TTA A) in hybridization/ligation

mixture (10 mM Tris acetate pH 7.4, 10 mM magnesium acetate, 50 mM potassium

acetate, 250 mM NaCl, 0.25 pg/pL BSA, 0.05% Tween-20, 1 mM ATP, 0.05 unit/pL T4

DNA ligase) for 30 min at 37*C. Residual hybridization/ligation mixture was removed by

washing 2 times for 5 minutes in TBST. Rolling circle amplification was performed by

addition of 0.125 unit/pL 0-29 DNA polymerase in amplification buffer (33 mM Tris

acetate pH 7.9, 10 mM magnesium acetate, 66 mM potassium acetate, 0.25 pg/pL

BSA, 0.1% Tween-20, 1 mM DTT, 250 pM dNTP) for 100 min at 370C. Residual

amplification mixture was removed by washing 2 times for 5 minutes in TBST. PLA

products were detected by hybridization of 25 nM fluorescence-labeled detection

probe (5'-Alexa 488-CAG TGA ATG CGA GTC CGT CT) in detection buffer (1X SSC

pH 7, 0.25 pg/pL BSA, 0.05% Tween-20, 1 pM Hoechst 33342) for 60 min at 37'C.

Lastly, the cover slips were washed 2 times for 5 min in TBST and 5 min in TBS before

mounting on microscope slides with Vectashield (Vector Laboratories).
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3.2.2 Quantitative image analysis of EGFR-adaptor complexes

Samples were examined on an Olympus IX-71 epifluorescent microscope with

an automated NanoMotion stage equipped with a CoolSnapHQ CCD camera

(DeltaVision, GE Life Sciences) using a 60X 1.4 NA Plan Apochromat oil-immersion

objective and a computer-controlled filter wheel with excitation and emission filters for

visualization of DAPI, and FITC. Z-stack (1.0 pm slices) images were collected from

several fields of view per condition per experiment and maximum intensity projections

were generated using softWoRx acquisition software (version 6.1.3, GE Life Sciences).

Image analysis and PLA quantitation was performed using a custom CellProfiler2.0

semiautomated analysis pipeline. Briefly, cells were identified from the Hoechst nuclear

stain channel and used to delineate approximate cellular quantification boundaries.

Images underwent enhancement of point-like PLA signals using the

EnhanceOrSuppressFeatures module and identification of PLA signals using Otsu

Global 3-class thresholding with the IdentifyPrimaryObjects module. Typically, >100

cells per condition were quantified. Mean values SEM are presented from

quantitation of independent replicate experiments. Merged fluorescent images were

created by pseudocoloring of captured channels and overlaying in CellProfiler2.0.

3.2.3 Phosphorylation Site Enrichment Analysis

Phosphorylation site enrichment analysis was performed using GSEA desktop

software package. Phosphorylation responses for 50, 60, 70, and 80 seconds were

input as expression data features. Proteins interacting with SFKs were compiled

manually by literature review.

3.3 Results

3.3.1 Validation of Proximity Ligation Assay

After clustering analysis of the phosphorylation dynamics after treatment with

10, 20, and 100 nM EGF, two types of adaptor protein behavior were observed. One
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response, characterized by adaptors Shc and GAREM, showed phosphorylation

increasing rapidly in the first 20 s after stimulation, but with minimal increases

thereafter. In contrast, multiple sites on Gab1 showed small changes at 10 s, but

continued increasing almost linearly for the first 60 s of signaling. The difference in

early phosphorylation dynamics raised the possibility that these proteins were being

regulated by separate mechanisms. One candidate mechanism for the slower

phosphorylation kinetics of Gab1 versus Shc is a difference in kinetics of recruitment to

the receptor. To investigate the relationship between spatial association with the

receptor and phosphorylation responses on adaptors, proximity ligation assays (PLA)

were used to verify select immediate early phosphorylation events in situ and quantify

receptor-adaptor interaction with low nanometer resolution in intact cells (1, 2).

To measure early association events, cells seeded on glass coverslips were

stimulated with 20 nM EGF for 0, 10, or 60 s, frozen on liquid nitrogen, and fixed in 4%

PFA for analysis. As an initial control to ensure that the fixing procedure preserved

phosphorylation modifications to the same extent as the urea lysis treatment,

phosphorylation responses were measured for EGFR and ERK. These were conducted

with anti-EGFR and anti-EGFR pY1068 antibodies and anti-phosphoERK1/2

(T202/Y204) for pERK1/2 single recognition PLA, as have been implemented

previously (1). These measurements corroborate previous observations of near

immediate phosphorylation of EGFR at 10 s, while ERK phosphorylation shows no

increase at 10 s following stimulation. In contrast, both EGFR and ERK show strong

responses at 60 s (Figure 3-1). Additionally, this imaging technique provided

information about activation patterns across the dish. While analysis by mass

spectrometry gives an average readout of phosphorylation in all cells, heterogeneity of

the phosphorylation response between individual cells is obscured. However, PLA as

an imaging-based method is capable of providing information about receptor

activation patterns within individual cells. Inspection of multiple cells in each captured
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image as well as multiple fields captured across the dish show consistent

phosphorylation patterns. Overall, PLA as an orthogonal measurement technique

validated previous phosphorylation measurements and provided additional insight into

the activation behavior of the system.

PLA Validation with EGFR and ERK

T)

01

(DC
pEGFR
pERK

0 10 20 30 40 50 60

Time (s)

I
Figure 3-1: Proximity ligation assay was validated using phospho-specific antibodies
against EGFR and ERK to measure phosphorylation responses at 10 and 60 seconds.
EGFR shows immediate phosphorylation response, while ERK does not increase at 10
seconds.

3.3.2 Measurement of Receptor-Adaptor Complex Formation

Once PLA was established as a feasible measurement strategy, we then

investigated pairwise interactions between EGFR-Shc and EGFR-Gabl at 10 and 60

seconds after 20 nM EGF stimulation. Early complex formation was quantified by

comparison to the number of complexes formed at 60 s. By 10 s, EGFR-Shc

interactions had reached 74% of the level observed at 60 s, while EGFR-Gabl
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complexes had reached a corresponding level of 34% (Figure 3-2). These results

indicate that the physical recruitment patterns between the two substrates are different,

perhaps indicative of different recruitment mechanisms. Intriguingly, receptor-adaptor

proximity almost identically matched phosphorylation dynamics. Together, these

experiments suggest that recruitment mechanisms may be the dominant component

governing early phosphorylation behaviors.
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Figure 3-2: (A) Early dynamics of EGFR-adaptor complex formation monitored with in situ
PLA after 20 nM EGF treatment. Cells were identified with nuclear stain (DNA) and
individual complexes were detected as distinct spots (green). Images are representative of
replicate experiments (Scale bars, 5 pm). (B) Quantification of complex formation
expressed as a fraction of 60-s measurement (solid) plotted with relative phosphorylation
levels (dashed) for Gab1 (red) and Shc (black). Complex values represent mean t SEM.
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3.3.3 EGF Response in the Absence of Phosphatase Activity

Treatment with various ligands across a range of concentrations created a

comprehensive picture of the natural MCF10A phosphorylation response. These data

allowed generation of hypotheses such as the adaptor-receptor recruitment

differences. However, truly mechanistic insight about the network requires perturbation

of the endogenous state to understand how components of the system are connected.

Instead of testing the role of a specific molecule, we chose to broadly manipulate the

network by inhibiting phosphatase activity. Sodium orhtovanadate is a commonly used

inhibitor of protein tyrosine phosphatases, with a structure that is similar to phosphate

intermediates (3). At a concentration of 1 mM, sodium orhtovanadate only allows

minimal residual enzymatic activity of most tyrosine phosphatases (4). To avoid

toxicities associated with long exposure to phosphatase inhibition, cells were treated

with 1 mM activated sodium orhtovanadate for 15 minutes prior to stimulation with 20

nM EGF for 0 to 80 seconds (5).

Overall, ligand stimulation in the presence of vanadate increased the magnitude

of phosphorylation changes in the cell-of the 195 peptides quantified in both

treatments, 185 had a stronger phosphorylation response measured by total area

under the curve from 0 to 80 seconds, suggesting a widespread role for phosphatases

in network regulation (Figure 3-3A). Intriguingly, the strength of phosphatase activity

remained relatively constant over time. Omitting basal phosphorylation changes that

occurred in the absence of ligand, the median fold change across all peptides at each

time point fell between 1.5 and 2.0 from 0 to 80 seconds (Figure 3-3B). This result

suggests that phosphatase activity is constant over time, rather than phosphatases

becoming activated in response to ligand stimulation, which would have resulted in a

larger fold change for the later time points. An overall constant level of phosphatase

activity throughout the first 80 seconds of signaling was an unexpected feature of the

network response.
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Figure 3-3: (A) Fold change in area under the curve (AUC) measurement with vanadate
treatment. 185 of 195 phosphorylation sites showed an AUC ratio greater than 1. (B) Each
time point was normalized to basal level with or without vanadate by dividing level at each
time point by basal value. Fold change represents ratio between vanadate-treated divided
by untreated. Median plotted with 95% Cl at each time point with vanadate treatment
shows generally constant strenght of phosphatase activity

Examination of specific phosphorylation sites in these data yielded unexpected

results. Some of the most interesting phosphorylation changes were observed on the

four autophosphorylation sites of EGFR: pY1 045, pY1 068, pY1 148, and pY1 173 (Figure

3-4). Without growth factor treatment, the basal phosphorylation levels measured on

EGFR were indistinguishable for these sites with and without vanadate treatment,

suggesting minimal basal receptor kinase activity. This result rules out the possibility

that the endogenous receptor system had some receptor kinase activity in the absence

of ligand that was sufficiently opposed by phosphatases to prevent any appreciable

signaling; in this case, inhibiting phosphatases would have allowed basal kinase

activity to accumulate. However, the similarity between the treated and untreated basal

levels compared to the normalization channel suggests that ligand-independent kinase

activity is minimal in these cells.
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In contrast to the similarity between basal states, the site dynamics in response

to EGF stimulation were strongly affected by vanadate. As discussed previously, the

phosphorylation changes on four autophosphorylation sites on EGFR in the absence of

vanadate tracked closely together, emerging as one of the most tightly connected
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clusters in clustering analysis. However, in the presence of vanadate inhibiting

phosphatase activity, the individual site responses diverged significantly.

Phosphorylation of pY1 173 was increased by approximately 2-fold as early as 10

seconds after stimulation. While the amplitude of the response was increased, the

overall shape of the curve remained relatively unchanged, with a Pearson correlation

coefficient of 0.982. These changes in the absence of phosphatase activity suggest an

immediate, temporally constant role for phosphatases in regulating the phosphorylation

level of this site on the receptor.

Two other phosphorylation events, pY1045 and pY1068 are more complicated

to interpret. The pY1068 site shows a similar vanadate effect as pY1 173, showing a 2-

fold increase in phosphorylation during the earliest measurements that plateaus at

about 20 seconds, while the pY1045 dynamics show no change without phosphatase

activity. This measurement, however, is confounded by the fact that pY1045 and

pY1 068 appear on the same tryptic peptide. In the untreated condition, the doubly

phosphorylated peptide shows a slower phosphorylation response than the singly

phosphorylated peptides, which makes sense because each of the individually

phosphorylated peptides is a precursor for the doubly phosphorylated form. However,

the doubly phosphorylated peptide shows a larger effect of vanadate than either

pY1045 or pY1068. The smaller phosphatase effect on the singly phosphorylated

pY1 045 response may be a result of some of these peptides transitioning into the

doubly phosphorylated form. This is further supported by the observation that the

doubly phosphorylated form appears earlier in the absence of phosphatase activity-

the 10 s measurement shows very little change in the endogenous network, while there

is a strong increase within 10 s in the absence of phosphatase activity. Due to the

confounding effects of the doubly phosphorylated peptide, the precise magnitude of

the vanadate treatment is challenging to quantify, but the results clearly demonstrate a

role for phosphatases in immediately regulating both pY1045 and pY1 068 on EGFR.
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In contrast to pY1 045, pY1068, and pY1 173, the most striking difference of the

vanadate-treated condition is the pY1 148 peptide. This site shows a 6-fold increase

from 10 to 80 seconds without phosphatase activity-a much larger change than the

other sites experienced. This result raises a few significant questions about EGFR

phosphorylation behavior. First, it indicates that phosphatases selectively oppose

phosphorylation more strongly for pY1 148 compared to other sites on the receptor. The

biological consequence of this selectivity, and the specific phosphatase (or

phosphatases) responsible, are both questions worth investigating. Another interesting

implication of this result relates to the fraction of phosphorylated receptor. Because the

level of phosphorylated peptide is observed to increase by 6-fold, the maximum total

fraction of the receptor that can be represented by the endogenous phosphorylation

level is 1/6th of the total receptor, or 16%. The fact that EGFR phosphorylation

appeared to plateau around 60 seconds after stimulation combined with this fraction

suggests that the maximum level observed in the endogenous condition is not due to a

lack of unphosphorylated receptor. This maximum endogenous level is also not due to

submaximal ligand binding, as a 5-fold increase to 100 nM EGF does not increase this

relative maximum. Together, these indicate that the maximum induced receptor

phosphorylation by growth factor stimulation is limited intracellularly by phosphatases,

potentially with other mechanisms. Furthermore, recent work implementing synthetic

heavy-labeled standards to quantify the absolute number of phosphorylation events in

the cell has revealed that in the endogenous MCF1OA system, the level of pY1 148

peptide is stoichiometrically 2-3 fold higher than other sites on the receptor (including

pY1 173, pY1045, and pY1068). Together, these data suggest that the maximum

fraction of the receptor containing pY1 173 may be less than 10% of the total receptor

pool in MCF10A cells. This stoichiometry of phosphorylated receptor is surprising, and

opposes fractional EGFR phosphorylation measurements made in other systems (6, 7).
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The mechanisms preventing higher fractional receptor phosphorylation are an

important area for future investigation.

Another protein with similar site-specific phosphatase regulation is Gab1 (Figure

3-5). Of the four phosphorylation sites observed, three of the four increased by

approximately 2-fold. The similarity in the magnitude of phosphorylation increase for

Gab1 and EGFR with vanadate treatment suggests that most of the sites are subjected

to the same background of phosphatase activity. However, one site, pY373, exhibits a

much larger increase (-4-fold) in phosphorylation response in the presence of

vanadate, most apparent in the earlier time points (10, 20, and 30 s), again indicating

selective phosphatase activity against this phosphorylation site. Interesting, this is also

the only of the four phosphorylation sites that contains a pY-X-X-P motif. This motif has

been described as a binding site for RasGAPs, which oppose full MAPK signaling (8).

One hypothesis for this data is that pY373 serves as a potential binding site for

RasGAPs and is therefore more strongly reduced by phosphatases to allow full ERK

signaling upon ligand stimulation. An experiment to test this explanation could be to

mutate that phosphorylation site to a phenylalanine and look for increased MAPK

phosphorylation in response to growth factor. Additionally, a pulldown experiment for

Gab1 with and without mutated Y373 could show interaction partners that are specific

to that phosphorylation site.
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Figure 3-5: Site-specific phosphorylation responses of Gab1 on (A) pY259, (B) pY373, (C)
pY627, and (D) pY659 with (red) and without (black) 15 min Na 3VO 4 treatment

In contrast to site-specific responses for some proteins near the top of the

network, phosphorylation responses of downstream effectors showed different results

of phosphatase inhibition. While EGFR and its related adaptor proteins showed no

significant differences with and without vanadate in the absence of growth factor,

several proteins showed significant increases in phosphorylation in response to

vanadate treatment (Figure 3-6). Included in this set of basally activated proteins were

ERK1 and ERK2, canonical members of the EGFR signaling pathway activated in

response to growth factor stimulation. Though these sites still demonstrated

responsiveness to EGF stimulation without phosphatase activity, they showed high

118



basal levels of phosphorylation indicative of ligand-independent activation. Insight into

potential mechanisms causing this ERK activation was found by analyzing other

phosphorylation sites that showed increased activity. Many of the other basally

increased phosphorylation sites were on Src family kinases. Phosphorylation on SFKs

have been reported to have potentially opposing effects, but a clear indication of Src

activity was found in phosphorylation of its substrates (9). Two of the highest basal

phosphorylation levels were observed on well-characterized Src substrates: p130Cas

and delta catenin (10, 11). Accumulation of phosphorylation on Src substrates in the

presence of vanadate suggests a basal activity for the kinase that is constitutively

repressed by phosphatases. When these phosphatases are active, they oppose

phosphorylation of Src substrates, preventing ligand-in dependent activation. However,

basal SFK activity raises the possibility that these kinases are primed positive

amplifiers of signaling-once ligand binding activates the network through the

receptor, Src activity may help to fully activate signaling.
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Figure 3-6: Phosphorylation changes in the absence of EGF stimulation with (red) and
without (black) 15 min Na3 VO4 treatment show ligand-independent network signaling to

ERK and increased phoshporylation on Src family kinase sites and substrates.

3.3.4 Effects of Src Inhibition on EGF Stimulation

Based on the results of signaling in the absence of phosphatase activity, we

hypothesized that Src family kinases may be important for network activation in

response to growth factor stimulation. In certain systems, Src has been described

previously as a necessary component of EGFR activation, and its mechanistic role in

the EGFR signaling network is currently debated (12, 13). We observed that inhibition

of phosphatase activity caused phosphorylation on several SFK sites, SFK substrates,

and downstream effectors. To test the role of SFKs in response to growth factor
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stimulation, MCF10A cells were treated with 100 nM dasatinib for 15 minutes prior to 20

nM EGF treatment for 0 to 80 seconds. Dasatinib is a thiazole-derived compound that

inhibits all members of the Src family, as well as BCR-ABL, KIT, and PDGFR (14).

To test that Src family kinases were selectively being inhibited, we performed an

enrichment analysis for substrates that were selectively impacted by dasatinib

treatment. Because many phosphorylation sites did not show differences in basal

phosphorylation levels and several Src substrates did now show significantly increased

phosphorylation at early time points in the endogenous system, the enrichment was

performed on the late measurements of 50, 60, 70, and 80 seconds. The results of the

enrichment showed altered phosphorylation of Src substrate targets with an

enrichment score of 0.41 (Figure 3-7 A). Though the enrichment analysis showed

specificity of dasatinib, it did not provide information about the degree of SFK

inhibition. To measure the level of SFK inhibition, several canonical Src substrates were

individually analyzed. Two substrates, delta catenin and cortactin, had completely

inhibited response to growth factor treatment (Figure 3-7 B, C). These results

combined indicated that our treatment condition selectively and completely inhibited

activity of SFKs in the cells.
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Once suitable inhibition had been validated, we analyzed phosphorylation

responses of several key proteins in the network. One node of particular interest was

EGFR itself. In the absence of Src activity, phosphorylation of EGFR showed minimal

significant effects on the observed autophosphorylation sites on EGFR (Figure 3-8).

The only statistically significant difference between the four sites observed was on the

basal level of phosphorylation on EGFR pY1 173, while all other phosphorylation sites

showed no statistically significant changes across the 80 second time course.

Similarly, Shc phosphorylation did not show statistically significant differences in

phosphorylation on either pY239 or pY317. These two results suggest that EGFR

activation and direct interaction with Shc is independent of Src activity. However, the

receptor site most commonly associated with Src activity, pY845, was not observed in

this analysis.
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Figure 3-8: Phosphorylation responses with (blue) and without (black) 15 min 100 nM
dasatinib pretreatment of EGFR on (A) pY1 045, (B) pY1 068, (C) pY1 148, and (D) pY1 173
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However, other phosphorylation sites in the network showed impaired activity

(Figure 3-9). One of these sites was P13KR1 pY607, a site on the regulatory subunit of

P13K. Phosphorylation of the regulatory subunit relieves inhibition of the catalytic

subunit, allowing P13K to phosphorylate PIP 2 into PIP3 (15). While this phosphorylation

site initially appeared in the cluster that responded strongly within 10 seconds after

stimulation and then plateaued by 20 seconds, in the presence of dasatinib, its change

is slower, occurring over the first 40 seconds, and stabilizes at a lower level than the

untreated condition. These features indicate that SFKs are necessary for full activation

of P13K, especially at early time points. Several of the sites most strongly altered by

dasatinib occurred on Gab1. Though phosphorylation of pY659 and pY627 eventually

reach almost the same level by 80 seconds between the two conditions, its response is

impaired in the early (10, 20, 30, and 40 second) measurements. In accordance with

the mechanism that SHP2 phosphorylation is mediated by binding to these impaired

phosphorylation sites on Gab1 (pY627 and pY659), pY584 on SHP2 shows a similar

effect of dasatinib on its phosphorylation response. The rate at which its

phosphorylation accumulates is significantly slower than in the untreated condition,

although unlike Gab1, by 80 seconds the total phosphorylation change is significantly

lower. As might be expected from impaired SHP2 recruitment, phosphorylation of both

ERKI and ERK2 was also reduced with dasatinib treatment. We hypothesize that the

altered ERK response is a result of insufficient phosphatase activity to dephosphorylate

RasGAP binding sites. One of these potential RasGAP binding sites, Gab1 pY373,

does not show a significantly impacted phosphorylation response across most of the

time points, though the basal level of phosphorylation on this site was observed to be

higher. The more significant impact of dasatinib on sites without the pY-X-X-P motif

may suggest that SFKs play a role in regulating phosphorylation of these sites.
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There are several potential mechanisms by which SFK activity may be required

for full ERK activation. Our data show that the EGFR kinase is capable of

phosphorylating itself and direct binding partners such as without Src activity.

However, other components of signaling, including P13K, Gab1, SHP2, and ERK do

depend on SFK activity. One possible explanation for this dependency is direct

phosphorylation by SFK. Indeed, several studies demonstrate that Src is capable of

phosphorylating Gab1 (16, 17). However, an alternative mechanism may be impaired

recruitment of Gab1 to the plasma membrane. Though Gabi was initially discovered

as a Grb2-binding protein that indirectly associated with EGFR, more recent work has

also demonstrated a role for P13K upstream of Gab1, where generation of PIP3 is

responsible for recruiting Gab1 to the plasma membrane through its PH domain (18,

19). In this model, without P13K activity, Gab1 recruitment is impaired, resulting in

fewer Gab1 docking sites for SHP2 to bind and activate ERK signaling. In support of

this hypothesis, P13K phosphorylation is most impacted during the early periods of

signaling, while Gab1 is most impacted in the middle time points, when the effects of

less initial catalytic activity would be most apparent as PIP3 fails to accumulate. The

dasatinib data alone provide insufficient information to evaluate these potential

hypotheses.

3.3.5 Effects of P13K Inhibition on EGF Stimulation

The results of EGFR network activation in the absence of SFK activity showed

that only select components required impacted by the inhibitor treatment. While the

receptor itself and Shc showed no change, P13K, Gab1, SHP2, and ERK all had

impaired phosphorylation with dasatinib. The molecular mechanism linking Src to each

of these substrates could not be parsed from these data alone. One hypothesis is that

Src is necessary for P13K activity, which in turn recruits Gab1 to the plasma membrane,

where it can be phosphorylated to generate binding sites for SHP2, which can then

exert its positive influence on MAPK activation. To test this hypothesis, MCF-10A cells
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were stimulated with 20 nM EGF in the presence of 1 pM ZSTK474, a highly selective

pan-P13K inhibitor (20).

Overall response to this inhibitor showed that P13K has a role in activating select

components of EGFR signaling (Figure 3-10). Like dasatinib, ZSTK474 did not

significantly alter phosphorylation of EGFR or Shc, suggesting that P13K activity is not

necessary for receptor activation. However, unlike SFK inhibition, P13K inhibition did

not alter the phosphorylation of P13KR1. Therefore, the effect SFKs have on P13KR1

phosphorylation occur upstream of the enzyme itself, but downstream of receptor

kinase activity.

Though P13KR1 phosphorylation increases, the results of several other

phosphorylation sites downstream are impacted by P13K enzymatic inhibition to almost

the extent level that dasatinib inhibition caused. Gab1 phosphorylation on pY659 and

pY627 appear almost identical in the dasatinib and ZSTK474 treatments, as does

SHP2 pY584. Though ERK2 phosphorylation dynamics on pY187 show a slightly

different basal level in the two inhibited conditions, they both exhibit no changes for the

first 50 seconds before showing similar magnitude increases at 60, 70, and 80

seconds. The striking similarity between the responses with SFK inhibition and P13K

inhibition strongly suggest that SFKs do not directly impact the Gabl-SHP2 axis of ERK

signaling, but instead allow for full enzymatic activity of P13K, which then drives a

portion of Gab1 recruitment and phosphorylation. Together, these data highlight a

pathway in which EGFR activation leads to increased SFK activity, resulting in

phosphorylation of P13K within 10 s. Increased P13K activity increases PIP3 levels,

recruiting Gab1 to the plasma membrane, where it can interact with EGFR to be

phosphorylated. SFK inhibition leads to loss of this pathway, decreased

phosphorylation of pY627 and pY659, and SHP2 pY584. Without SHP2 activity to

eliminate RasGAP binding sites, ERK shows significantly impaired activation at 80 s.
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Therefore, both Shc and SFK-mediated PI3K/PIP 3-associated Gab1 recruitment are

necessary for full activation of the ERK MAPKs.

A) EGFR pY1 068

1.2-

0

o 0.8-

0

wD 0.4-

Q)
Cc

0.

B) Shc pY317

1.2-
0

o 0.8-

U)
0
a_

a)0.4-

0 10 20 30 40 50

Time (s)
60 70 80

0.
0 10 20 30 40 50

Time (s)

C) PI3KR1 pY607 D) Gabi pY659

1.2-
0

0-
a)

.0
a-

S0.4-

0.
0 10 20 30 40 50 60 70 80

Time (s)
0 10 20 30 40 50 60 70 80

Time (s)

F) ERK2 pY187

2.0-
0

- 61 5

0 1.-05
U)
o 1.0-
-

0.5

Cc

10 20 30 40 50 60 70
Time (s)

U.U
80 0

-*- EGF 20nM + 1OOnM Dasatinib

10 20 30 40 50 60 70 80
Time (s)

EGF 20nM + luM ZSTK474

Figure 3-10: Phosphorylation responses with 100 nM dasatinib treatment (blue), 1
yM ZSTK474 (green) or untreated (black) of (A) EGFR pY1068, (B) Shc pY317, (C) Pl3KR1
pY607, (D) GabI pY659, (E) SHP2 pY584, and (F) ERK2 pY187

128

60 70 80

1.2-

0 -C

OCA

E) SHP2 pY584

0.8

0.4-

C:
0

0

0-

0

a-

U. Ci,

0

-&- EGF 20nM

0 | 0 7

C i

0 if

I



C D

I

4
4

4
4

4
4

PIP 3

lp 2

4
4

4

RasGAP> *
4

(ERK:

11-11

Figure 3-11: Proposed mechanism for full ERK activation includes SFK-independent
activation through EGFR and Shc. whereas SFKs are necessary for siganling from EGFR to
P13K. Amplified P13K activity is responsible for driving Gabi recruitment to the plasma
membrane via PIP.. Gab1 phosphorylation creates a docking site for SHP2 to
desphosphorylate RasGAP binding sites (blue star). potentially including Y373 on Gabi.
Only combined activation through Shc and dephosphorylation of RasGAP binding sites
through P13K-Gab1 -SHP2 result in full ERK activity.

129

I



3.4 Conclusions

In this chapter we have investigated specific biological hypotheses related to

EGFR signaling activation that were founded by early phosphorylation measurement.

Measurement of receptor-adaptor complex formation with proximity ligation assays

demonstrated that Gab1's slower phosphorylation dynamics compared to Shc are

representative of less spatial association with the receptor. The similarity between

complex formation and phosphorylation profiles further suggests that spatial

organization may be a critical component of regulating network response.

Data collected in the presence of sodium orhtovanadate uncovered a site-

selective role for tyrosine phosphatases in mediating the immediate-early signaling

events after receptor activation. Although inhibition of tyrosine phosphatase has

minimal effect on the basal levels of phosphorylation on EGFR and Gab1, the temporal

response of selected sites on these proteins was differentially altered by vanadate

treatment. Maximum phosphorylation levels of EGFR pY1 148 increased by fivefold in

stimulated, vanadate-treated cells relative to stimulated control cells, while other sites

only showed a twofold increase.

Gab1 pY373 also appears to be more strongly targeted by phosphatase activity

compared with other Gab1 sites. It is also the only observed Gab1 site that contains

the consensus binding motif for RasGAPs, which oppose ERK activation. Previous

work has shown specific phosphatase activity against such binding sites, which may

explain the observed changes (8).

Phosphorylation levels in the absence of phosphatase activity further suggested

a role for Src family kinases in amplifying certain components of receptor activation.

Indeed, coupling our high-temporal resolution measurements with inhibition of Src-

family kinases with dasatinib uncovered a mechanistic connection between SFKs and

ERK activation. In cells treated with dasatinib, Gab1 phosphorylation response to

stimulation was significantly decreased, suggesting its recruitment may be affected by
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SFK activity. We also observed decreased phosphorylation of P13K in stimulated,

dasatinib-treated cells, which suggested a PIP3-mediated recruitment of Gabi to the

membrane. Decreased Gab1 phosphorylation on pY627 and pY659 resulted in less

SHP2 phosphorylation, which corresponded with decreased ERK activation. EGF

stimulation in the presence of ZSTK474, a P13K inhibitor, created an almost identical

change in Gab1 and SHP2 phosphorylation, suggesting a mechanism in which SFKs

lie upstream of P13K, whose activity is necessary for full activation of the ERK MAPKs.

The proposed mechanisms for signaling in this system are derived from

combining improved temporal resolution with select network perturbations. The method

outlined here is an example of examining specific biochemical hypotheses in the

context of the full signaling network, which will provide a more comprehensive,

functional understanding of network behavior. With improved tools for making

measurements that clarify complex biology, this process will improve our

understanding of cellular signaling systems.
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4.1 Introduction

Though EGFR has a prominent physiological role in development, where it

drives organogenesis of mesoderm- and ectoderm-derived organs including the brain,

heart, and lung, it serves no essential function in adult organisms (1). However, given

the importance of receptor tyrosine kinases in controlling processes such as

proliferation, migration and apoptosis, it is not surprising that dysregulation of RTKs is

capable of driving cancer progression. EGFR has been associated with many of the

traditional hallmarks of cancer, including tumor growth, angiogenesis, invasion,

metastasis (2, 3). EGFR has been implicated in driving cancers of both epithelial and

mesenchymal lineages, with high levels of expression observed in a variety of cancers,

including head and neck, ovarian, breast, esophageal, bladder, and cervical cancer

(4, 5). Due to its high prevalence in a plethora of human cancers, strategies for

inhibiting EGFR in clinical settings have been in development for many years.

The two primary strategies for EGFR inhibition have focused on development of

monoclonal antibodies and small molecule chemical inhibitors. Antibodies mainly

function through extracellular binding, preventing dimerization and ligand binding of

EGFR. The most extensively characterized anti-EGFR antibody is cetuximab, which

was first by the FDA for use in metastatic colorectal cancer in 2004 (6).

The other common approach for inhibition of EGFR activity has been with small

molecule tyrosine kinase inhibitors (TKIs) that interact with the intracellular kinase

domain of the receptor and compete with the ATP-binding site (4). The first of these

molecules developed was gefitinib, which inhibits the activity of EGFR with an ICo

around 30 nM and high selectivity (7). Gefitinib exerts a primarily antiproliferative effect

in cell culture models, but has also been associated with cytotoxicity driven through

the Bcl-2 apoptotic pathway (8, 9). Though EGFR expression has long been

associated with malignancy, EGFR activity status has proven to be a better predictor of

response to gefitinib (10). Gefitinib is currently approved for locally advanced or
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metastatic NSCLC (11). In addition to gefitinib, erlotinib is another small molecule

EGFR inhibitor with a higher potency (IC50 = 2 nM) (12). The two molecules share a

similar structure bound to EGFR. In patients treated with either of these two molecules,

resistance eventually occurs within 10-13 months, due to development of a T790M

mutation in the ATP binding site or upregulation of c-Met (13, 14). Meanwhile, lapatinib

is a dual inhibitor of both EGFR and HER2 that has been used in patients with HER2-

positive breast cancer (15).

Despite their efficacy in in vitro systems, the clinical success of these molecules

has been variable (15). Here, we have attempted to understand their role in impacting

network activation from a mechanistic perspective by measuring their impact on early

phosphorylation dynamics. Their results demonstrate temporally-distinct effects of

inhibition, and raise unusual questions about the balance of phosphatase and kinase

activity.

4.2 Methods

4.2.1 Cell Viability Assay

Effects of tyrosine kinase inhibitors were assessed using CellTiter-Glo

Luminescent Cell Viability Assay (Promega). 10,000 MCF-1OA cells were seeded in

100 pL complete media in a 96-well plate. After 24 hours, complete media was

replaced with serum free media, in which the cells were incubated for an additional 24

hours. Finally, starve media was replaced with serum free media containing growth

factor and desired concentration of inhibitor. After 24 hours, 10 mL CellTiter-Glo Buffer

was mixed with lyophilized CellTiter-Glo Substrate and vortexed to create activated

CellTiter-Glo Reagent. 100 pL CellTiter-Glo Reagent was added to each well, the

contents were mixed for 2 minutes on an orbital shaker, incubated for 10 minutes at

room temperature, and luminescence was recorded at 560 nM using a Tecan Plate

Reader.
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4.3 Results

4.3.1 Growth Inhibition with Gefitinib and Lapatinib

To assess the effects of EGFR inhibitors on cell viability, growth of MCF-10A

cells was measured in the presence of increasing concentrations of gefitinib and

lapatinib. Growth assay demonstrates that lapatinib is a less potent inhibitor than

gefitinib. Additionally, growth responses were insensitive to low concentrations of

inhibitor. Based on our characterization of growth inhibition with gefitinib, low, medium,

and high concentrations were assigned to 10 nM, 100 nM, and 1 pM for mass

spectrometric analysis of early signaling dynamics in the presence of inhibitor. The

medium response was also compared between gefitinib and lapatinib inhibition.
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Figure 4-1: Growth response of MCF-10A cells in the presence of (A) gefitinib and (B)
lapatinib inhibition. Cells were serum starved for 24 hours, then grown for 24 hours in serum
free media, complete media with inhibitor, or complete media alone. Cell viability was
quantified with CellTiter-Glo Assay. Values represent mean t SEM.

4.3.2 Early Signaling Dynamics with Gefitinib

Based on the phenotypic responses of growth inhibition of MCF-10A cells with

gefitinib, early signaling dynamics from 0 to 80 seconds were measured in response to
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20 nM EGF stimulation with after a 15 minute incubation with 10 nM, 100 nM, or 1 pM

gefitinib. Based on the 30 nM dissociation constant for the gefitinib-EGFR interaction,

the 10 nM condition was expected to affect only a small fraction of the receptor on the

cell, while the 100 nM condition would inhibit a large fraction, and 1 pM gefitinib was

expected to inhibit the vast majority of the receptor. This was expected to lower the. To

gain a general picture of the impact of gefitinib, the phosphorylation responses were

compared between all peptides observed in both the untreated and drug-treated

conditions. For the 10 nM gefitinib condition, this included 98 peptides, 102 for 100 nM

gefitinib, and 72 for 1 pM gefitinib. Additionally, 55 peptides quantified in all 4

conditions (untreated and three inhibitor concentrations) were analyzed (Figure 4-2).
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Figure 4-2: Phosphorylation response to EGF with gefitinib. (A-C) Average relative
phosphorylation level of peptides seen in 20 nM EGF and individual gefitinib inhibited
condition. (D) Average value of peptides seen in all 4 conditions. Levels show concentration-
dependent, temporally resolved effects of gefitinib over time. Values represent mean SEM.

139

1.2-

0

o 0.8-

0.
0.4

4-.4

0. I

D) EGF 20 nM Gefitinib

III .

.

.

.

.I .



Relative phosphorylation levels showed no significant effects of any gefitinib

treatment in the unstimulated cells. This indicates that the basal level of kinase activity

in these cells is minimal in the absence of ligand, supporting the vanadate-inhibition

experiments discussed in Chapter 3. However, the phosphorylation responses as early

as 10 seconds after stimulation revealed dose-dependent effects of gefitinib on

signaling. At the 10 second time point, the phosphorylation levels in the untreated cells

and the inhibited cells show no effect of 10 nM gefitinib, but strong phosphorylation

inhibition in the 100 nM and 1 pM conditions. Indeed, the phosphorylation patterns in

the presence of10 nM gefitinib show no difference from the uninhibited system until 50

seconds, when the two systems begin to diverge. Interestingly, the average level of

phosphorylation remains relatively constant after the first 20 seconds in the 10 nM

gefitinib condition, while the native system continues to increase until approximately 70

seconds. Similarly, the phosphorylation dynamics with 100 nM gefitinib show a small

increase in the first 10 seconds, but then remain unchanged afterwards. Together,

these results suggest that gefitinib has a time-dependent effect of inhibiting later

phosphorylation events more strongly than early events. Lastly, the 1 pM condition,

which was expected to strongly inhibit signaling, has no indications of network

activation throughout the time course measured.

The results observed here were not readily explained by simple hypotheses

about the inhibitor. For example, gefitinib has been described as a competitive

inhibitor for ATP and a noncompetitive inhibitor for substrate peptides (7). As a

competitive inhibitor for ATP, one might expect the phosphorylation dynamics to

merely be slower than the uninhibited levels, still reaching the same ultimate level.

Alternatively, a noncompetitive inhibitor would create phosphorylation patterns that

would appear as vertically compressed patterns of the original signal-as if only a

smaller fraction of the receptor were being activated. However, the plateauing features

of the 10 nM and 100 nM conditions do not support this explanation, as they stop
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showing increases during a time when the untreated condition continues to rise.

Together, these results show a complex, temporally dynamic, nonlinear effect of

gefitinib on EGFR signaling activation.

To more precisely examine the specific effects on nodes within the network, we

examined phosphorylation patterns on select nodes known to participate in EGFR

signaling, many of which had been characterized across a range of native conditions

previously (Figure 4-3).
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Figure 4-3: Phosphorylatin dynamics observed in response to 20 nM EGF untreated (black)
or with 10 nM (blue), 100 nM (purple), or 1 plM (orange) gefitinib for select peptides. (A)
EGFR pY1 068, (B) EGFR pY1173, (C) Gab1 pY659, (D) SHP2 pY584, (E) Shc pY317, (F)
GAREM pY453, (G) ERK2 pY187, (H) Cortactin pY421, (I) Tensin 3 pY802, (J) PLCG pY771

Phosphorylation dynamics of the receptor exhibited concentration-dependent

inhibitor effects similar to the overall phosphorylation response (Figure 4-3 A,B). For the

10 nM pretreatment, dynamics were initially indistinguishable from the untreated

condition, until they diverged 30 seconds after stimulation. Interestingly, the

phosphorylation level shows a trend for decreasing at the later time points. A similar

pattern is observed to a similar extent with 100 nM gefitinib. Here, the receptor

phosphorylation increases briefly, but reaches a relative maximum at 10 seconds and

trends downwards afterwards. Meanwhile, the phosphorylation level in the presence of
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1 pM gefitinib, which was expected to inactivate the majority of receptor, showed no

appreciable increase.

For adaptor proteins associated with EGFR, phosphorylation dynamics

displayed distinct patterns of inhibition (Figure 4-3 C-F). Shc and GAREM, proteins

previously identified as early responders to EGFR activation, showed no change in

phosphorylation in the presence of 10 nM gefitinib. In the 100 nM treatment, GAREM

phosphorylation showed only a slight impact in magnitude of phosphorylation

response, while still maintaining the same temporal response of remaining constant

after 20 seconds. On the other hand, Shc phosphorylation in the 100 nM condition

increased similarly in the first 10 seconds, but unlike the uninhibited and weakly

inhibited dynamics, did not appreciably increase at 20 seconds. This was followed by

a gradual reduction over the later time points. In the 1 pM condition, both of these

proteins exhibited virtually no change in phosphorylation level. Together, these results

suggest that fast adaptor phosphorylation responses are driven by the initial activation

of the receptor. They appear to be insensitive to the slight decline observed in receptor

phosphorylation in the 10 nM condition. However, their level of phosphorylation is

dependent on reaching full phosphorylation within the first 20 seconds, as differences

in Shc phosphorylation are apparent at this early time point. Interestingly, the

phosphorylation level of GAREM seems to be independent of receptor phosphorylation

level at later times, suggesting that active EGFR is not necessary to maintain its

phosphorylation. One explanation for this behavior could be a lack of phosphatase

activity against GAREM. This could be a function of the motif in which its

phosphorylation sites sit, which may not make them substrates of active phosphatases,

or a lack of physical association with negative regulators-these adaptors may be

phosphorylated quickly but then dissociate from the receptor to free them from

phosphatase inhibition.
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In contrast to GAREM, Shc phosphorylation with intermediate inhibition tracks

receptor phosphorylation patterns more closely. Though Shc shows a larger magnitude

phosphorylation change, their similar temporal patterns suggest that Shc and EGFR

are under the influence of similar promoters. Further, the decrease in Shc

phosphorylation may show that sustained receptor activity is necessary for maintaining

its phosphorylation-with kinase-inhibited EGFR, negative regulators, such as a

phosphatase, are able to reduce its level of phosphorylation.

As presented in Chapter 2, a second class of proteins associated with EGFR

with slower phosphorylation responses showed qualitatively distinct effects of gefitinib

treatment. These proteins, which included Gab1 and SHP2, show different levels of

sensitivity to inhibitor treatment. In the 10 nM condition, Gab1 shows virtually no

change in phosphorylation across multiple phosphorylation sites. Interestingly, SHP2

shows a similar robustness for the first 40 seconds, but begins to diverge around 50

seconds, where the inhibitor-treated response remains constant while the untreated

level continues to rise slightly. Phosphorylation levels maintain a statistically significant

separation from 40 seconds onward, while Gab1 phosphorylation levels do not. This

difference may indicate that SHP2 recruitment and phosphorylation is not solely driven

by appearance of phosphorylation binding motif between Gab1 pY627 and pY659.

Another interesting response occurs in the presence of 100 nM inhibitor. Unlike the

responses of the receptor and the adaptor proteins, these phosphorylation levels

continue to rise throughout the 80 seconds, but at a slower rate. The temporal

independence of their activation from receptor phosphorylation indicates that the

processes driving phosphorylation of SHP2 and Gab1 are not continually driven by the

receptor. Instead, an alternative mechanism may sustain this increase even with

declining receptor phosphorylation. For example, P13K was shown to be rapidly

phosphorylated by EGFR in response to ligand stimulation; early activation of P13K

could sustain Gab1 and SHP2 recruitment. However, the recruitment mechanism in this
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hypothesis does not appear to be fully activated, as the adaptor appears to be

associating to the receptor at a reduced rate. An alternative explanation could be the

lack of activation of a positive amplifier, such as SFKs. Inhibition of SFKs resulted in

reduced phosphorylation similar to the patterns observed here.

Downstream from the receptor and adaptors, effector activation showed

unexpected robustness to inhibition. ERK phosphorylation shows an increase at the

same time in the 10 nM and 100 nM inhibited conditions as in the uninhibited

stimulation (Figure 4-3 G). Given the inhibited ERK response in the presence of

dasatinib, observation of ERK phosphorylation with similar dynamics of SHP2 and

Gabi phosphorylation was surprising. These results suggest that activation of ERK is a

robust component of the system capable of being activated primarily through Shc and

EGFR. However, the results could also be explained by lack of negative regulators

being recruited. The dasatinib inhibition experiment specifically blocked mechanism of

positive feedback, namely P13K-mediated recruitment of Gab1 but in the case of

incomplete network activation, other negative regulators, such as RasGAPs, may also

be differentially activated. Interestingly, the ERK activation patterns for 10 nM and 100

nM gefitinib might be expected to induce proliferation, the lack of activation of ERK in

the 1 pM condition would suggest minimal growth response. However, as in the low

ligand (0.2 and 0.4 nM EGF) stimulation conditions, significant cell growth is observed

over 24 hours in the 1 pM treatment despite minimal initial network activation. Again,

this points to at a possible mechanism for signals to slowly accumulate in order to

change cell behavior.

Unlike many components of the canonical EGFR signaling network, several

downstream nodes that changed within 10 seconds of ligand stimulation in the

uninhibited condition demonstrated increased sensitivity to inhibitors (Figure 4-3 H-J).

These proteins, including cortactin, tensin, and PLCy, showed differing sensitivities to

10 nM gefitinib. While cortactin phosphorylation was inhibited strongly, tensin and
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PLCy phosphorylation showed a commonly observed behavior of showing no changes

for the first 30 seconds before departing from the initial response from 40 seconds

onward. However, what separated these proteins from the other was their sensitivity to

the intermediate concentration of gefitinib. While many proteins at the top of the

network, as well as ERK, had strong, if impacted, phosphorylation changes, these

proteins show almost no phosphorylation changes in this condition. These results

suggest that there are additional components necessary for their activation

independent beyond merely EGFR. The variety of proteins depicted suggest a broad

mechanism of inhibition. For example, inhibited cortactin phosphorylation may suggest

impaired SFK activation, but the phosphorylation response of tensin was only slightly

inhibited in the presence of dasatinib. Therefore, this response is unlikely to be driven

by a single off-target effect. Similarly, PLCy is thought to be directly activated by EGFR

mediated by its SH2 domain, but our inhibition response indicates that even though the

receptor is capable of phosphorylating substrates in the presence of 100 nM gefitinib,

PLCy requires additional components for activation (16).

4.3.3 Early Signaling Dynamics with Gefitinib and Vanadate

The trends observed with gefitinib were interesting in the context of the previous

results of treating with vanadate. The general effects of vanadate were approximately a

2-fold reduction in phosphorylation of each of the levels observed. These

measurements suggested a constant level of phosphatase activity controlling the

observed equilibrium between kinase and phosphatase activity. However, in the

presence of inhibitor, and thus in the absence of kinase activity, we would expect that

same phosphatase activity to drive phosphorylation levels much lower when EGFR was

inhibited. However, instead of observing a rapid drop in phosphorylation, we observed

a slow decrease for many of the phosphorylation sites. To understand the role of

phosphatases in the presence of kinase inhibition, we stimulated cells after a
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pretreatment with 1 pM gefitinib and 1 mM sodium orhtovanadate. Much like the

phosphorylation changes observed in Chapter 3, vanadate treatment increased

observed levels of phosphorylation on almost all of the proteins quantified (Figure 4-4

A). Additionally, the strength of phosphatase inhibition seemed to be constant over

time (Figure 4-4 B). Interestingly, the basal levels of phosphorylation in the absence of

ligand were not as strongly altered with vanadate and gefitinib than in the presence of

vanadate alone.
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Figure 4-4: (A) Fold change in area under the curve (AUC) measurement with getfitinib
and vanadate treatment. 75 of 78 phosphorylation sites showed an AUG ratio greater than
1. (B) Each time point was normalized to basal level with or without vanadate by dividing
level at each time point by basal value. Fold change represents ratio between normalized
vanadate level and normalized untreated level. Median plotted with 95% Cl at each time
point with vanadate treatment shows generally constant strenght of phosphatase activity

To more specifically address the effects of phosphatase inhibition in the

presence of simultaneous kinase inhibition, we evaluated several nodes within the

network (Figure 4-5). Intriguingly, phosphorylation of the receptor was found to

increase strongly in the absence of phosphatase activity even with the presence of

kinase inhibition for the first 10 seconds, after which the receptor phosphorylation

levels began to decrease. Comparison of EGFR phosphorylation dynamics with and

without gefitinib and vanadate show that receptor phosphorylation levels increase to
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about the same level as in cells treated with vanadate alone. This behavior is extremely

unusual because it suggests that the decrease observed on receptor phosphorylation

is not due to phosphatase activity; perhaps receptor degradation, internalization, or

other processes could be responsible for this decline. The fact that the increase

occurs to the same degree in the first 10 seconds also suggests that even at a high

gefitinib concentration, both inhibitor and phosphatases are necessary to prevent

receptor phosphorylation.

Though the dynamics of the receptor provide intriguing results, the downstream

effects are also striking. Despite strong receptor phosphorylation within 10 seconds,

we observed the first instance Shc and GAREM phosphorylation not tracking receptor

levels. Though they show a slight increase with the phosphatase activity, the overall

dynamics suggest that Shc is not being phosphorylated at all in the presence of both

kinase and phosphatase inhibition. The lack of signal propagation between EGFR and

Shc, which is well-characterized to interact with the receptor (17), has a few interesting

hypotheses. First, receptor phosphorylation may occur for a brief window upon

activation that allows for accumulation of phosphorylation on the receptor, but the

kinase activity may be inhibited by the time Shc is recruited to these binding sites.

Another explanation is that Shc translocation to EGFR requires an active transport

mechanism, which for some reason is not fully functional in the presence of gefitinib.

Proximity ligation studies to compare phosphorylation of Shc with its physical

association with EGFR may provide some insight into the mechanisms involved.

Less surprising than the Shc response was the lack of phosphorylation on Gab1

and SHP2. Significant evidence suggests that these components require additional

biological processes beyond merely receptor activation, and it is not surprising that in

the presence of a strong inhibitor (and lack of activation of components such as Shc

and P13K) that not all of these components are functional.
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Lastly, inhibition with vanadate and gefitinib was intriguingly not found to

increase basal phosphorylation of ERK, which was strongly increased in the absence

of ligand with vanadate treatment alone. However, Cortactin phosphorylation, a

canonical substrate of Src family kinases, still showed increased basal

phosphorylation. The overall results of treatment with vanadate and gefitinib raise

additional questions regarding mechanisms of signal propagation and the interplay

between kinase and phosphatase activity in receptor signaling.
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Figure 4-5: Phosphorylatin dynamics observed in response to 20 nM EGF untreated (black)
or with 10 nM (blue), 100 nM (purple), or 1 pM (orange) gefitinib with (dashed lines) or
without (solid lines) for select peptides. (A) EGFR pY1 068, (B) EGFR pY1173, (C) Gab1
pY659, (D) SHP2 pY584, (E) Shc pY317, (F) GAREM pY453, (G) ERK2 pY187, (H)
Cortactin pY421, (1) Tensin 3 pY802, (J) PLCG pY771
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Figure 4-6: Phosphorylatin dynamics of EGFR phosphorylation sites observed in response
to 20 nM EGF in the presence (orange) or absence (black) of 1 tM gefitinib with (dashed) or
without (solid) 1 mM Vanadate pretreatment

4.3.4 Early Signaling Dynamics with Gefitinib and Lapatinib

The last analysis conducted in these inhibition studies was a comparison

between 100 nM treatment with gefitinib and lapatinib. We expected that inhibition with

lapatinib would be weaker than the same concentration of gefitinib based on the

growth assays conducted. Indeed, the results showed that lapatinib was a generally

weaker inhibitor (Figure 4-7). Looking at specific sites within the network further

confirmed that gefitinib and lapatinib did not have significantly different mechanisms of

inhibition. Its inhibition appeared to be an intermediate level of inhibition between

gefitinib at 100 nM and gefitinib at 10 nM across almost all of the phosphorylation sites

examined. Interestingly, the site that showed the least difference between the two

drugs was ERK2 pY187, which showed almost identical dynamics. These results again
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suggest that ERK phosphorylation is one of the more robust components of the

network that does not require sustained or maximal upstream phosphorylation for its

activation.

One implication of the similarity between gefitinib and lapatinib inhibition in

these cells relates to the importance of HER2. The main distinction between the two

molecules is lapatinib's ability to additionally inhibit the HER2 receptor in the network.

Though the MCF-1QA system has been characterized to have minimal HER2

expression, it had not yet been demonstrated that any small level of expression would

be functionally inconsequential in this system. Here, the similarity we observe between

gefitinib and lapatinib inhibition suggests that even if there is some level of HER2

expression in the cells, it has no role in differentially promoting certain phosphorylation

events over others, and instead acts as a uniform contributor to signaling.
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Figure 4-7: Phosphorylatin dynamics observed in response to 20 nM EGF untreated (black)

or with 100 nM gefitinib (purple), or 100 nM lapatinib (green) for select peptides. (A) EGFR

pY1068, (B) EGFR pY1173, (C) Gab1 pY659, (D) SHP2 pY584, (E) Shc pY317, (F) GAREM
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4.4 Conclusions

The results presented here have evaluated the role of tyrosine kinase inhibitors

have in opposing receptor signaling. We quantified the range of relevant inhibitor

concentrations using a growth inhibition assay, and subsequently studied the effects of

inhibition at three different concentrations of gefitinib and one concentration of

lapatinib.

The gefitinib results indicated interesting temporally distinct effects on signaling.

As the concentration of inhibitor increased, the point at which phosphorylation
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dynamics diverged from their uninhibited increase moved earlier. These results

suggest a model where newly activated receptor kinases are uninhibited for a brief

period of time, before they become inactivated by gefitinib.

Closer examination of several phosphorylation sites within the network revealed

unusual behavior. Of note was the tendency for phosphorylation levels on the receptor

and adaptors to decrease at later time points. This behavior was thought to be the

activity of phosphatases, which were no longer sufficiently being opposed by active

receptor kinase. However, inhibition with vanadate demonstrated that this was not the

case. Instead, the receptor phosphorylation patterns appeared insensitive to a high

concentration of inhibitor for the first 10 seconds, after which the inhibitor attenuated

phosphorylation increases. Furthermore, this condition was the first observed where

receptor phosphorylation did not have an accompanying phosphorylation of Shc.
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5.1 Conclusions

The core cycle of engineering follows a simple pattern: "measure, model,

manipulate, make". This process is an implementation of the scientific method, where

hypotheses about the system are evaluated and either accepted or rejected, each new

experiment contributing to our overall understanding. In systems biology, this process

is built with tools that make experimental measurements that contain information at the

"systems" level. Rather than investigating biomolecules in isolation or their interaction

with select partners, hundreds to thousands of components are measured

simultaneously. With the wealth of data, hypotheses about the system cannot be easily

formulated by manual inspection. Instead, a host of computational models serve as a

quantitative framework that expresses the cumulative understanding of the system.

These data are then projected onto that scaffold, supporting or opposing ideas about

relationships within the system. From these models, predictions can be made about

how the system will behave in a new setting, and further experimental observation

begins the cycle anew.

The number of computational approaches has vastly proliferated in the last

decade, ranging from purely statistical relationships to detailed mechanistic models

(1). The complexity and scope of a model must balance specificity with completeness,

which is limited by the extent of prior knowledge and the ability to make measurements

that validate hypotheses. Though relational approaches have been useful in

characterizing and classifying systems, mechanistic models have been able to

generate powerful, specific hypotheses about signaling behavior that have translated

all the way to the clinic (2, 3). The particular power of detailed modeling rests in the

fact that, when properly parameterized, their hypotheses have a better chance of

generalizing from cellular model systems to in vivo organisms and ultimately to patients

because there are no "black box" elements that can alter the output behavior of the

system. As may be expected, the majority of the most detailed models have focused
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on systems that have been the best characterized, and at the forefront of these

systems is the EGFR signaling network (4).

Despite the array of computational models characterizing EGFR, all of them are

fundamentally constrained by the amount of information contained in the data with

which they are built. Though many studies have observed rapid phosphorylation

changes following ligand stimulation, the period of immediate-early signaling dynamics

within the first minute after stimulation remain poorly characterized. The paucity of data

during this dynamic period prevents computational methods from faithfully

representing the complex biological relationships inside a cell, hindering their

predictive power. This thesis presents a systems-level, high-temporal resolution

analysis of the phosphorylation changes that occur over the first 80 seconds following

EGFR stimulation. Measurements on this timescale reveal surprisingly rapid kinetics

within the EGFR signaling network, and clarify previously obscured interactions that

influence signaling behavior. The temporal resolution afforded by this widely

applicable technique allows nuanced biological activity to be examined in the context

of larger signaling networks.

To demonstrate the utility of this approach, we provided an extensive

characterization of the network response of MCF-10A cells. Titrating ligand

concentrations revealed that early signaling behavior has a dynamic range distinct

from that of phenotypic responses. Furthermore, we observed two distinct regimes of

signaling at low and high stimulation conditions that showed drastically different

network responses. Bioinformatic analysis revealed distinct patterns of network

activation that segregated proteins associated with the EGFR signaling network in a

new way. In particular, early measurements uncovered differences between the slow

initial responses of Gab1 and SHP2 and the rapid equilibration of Shc and P13K. These

distinctions would have been missed with a single measurement at the 1-minute time

point, as by that point both have transitioned from low to high. We proposed an
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explanation for this difference in which Shc is recruited to the receptor more quickly

than Gab1, and validated this hypothesis experimentally with proximity ligation

measurement.

Network perturbation with broad and specific inhibitors also provided additional

insight into signaling. Signaling response in the presence of a phosphatase inhibitor

showed several unexpected changes. These included site-specific phosphatase

activity against sites on EGFR and Gab1, suggesting unique biological function for

specific phosphorylation sites. Additionally, ligand-independent activation of

downstream effectors suggested that SFKs are a primed positive amplifier of signaling

that is oppressed by phosphatase activity. Targeted inhibition of Src family kinases

with dasatinib revealed an immediate effect on select components of network

activation: while EGFR and Shc showed no changes in response, P13K, Gab1, SHP2

and ERK all showed a dependency of SFK activity. A further mechanistic hypothesis

proposed a role for P13K upstream of Gab1, SHP2, and ERK activation but downstream

of EGFR and Src. Experiments with a targeted inhibitor, ZSTK474, showed that P13K

does indeed drive some fraction of Gab1, SHP2, and ERK responses. Additionally,

P13K inhibition almost perfectly reproduced the effects of dasatinib, suggesting that

Src's main effect on signaling may happen through modulation of P13K.

Lastly, we explored the effects of tyrosine kinase inhibitors in network activation.

We explored a range of gefitinib concentrations and compared its effect with lapatinib.

Measuring early signaling responses showed distinct temporal effects of inhibition,

where increasing concentrations of drug cause changes in phosphorylation levels at

earlier points. 10 nM inhibition causes phosphorylation to proceed for the first 30

seconds, with only slight effects at later times, while 100 nM treatment allows for

phosphorylation increases in the first 10 seconds, but causes a strong effect soon

after. 1 pM gefitinib abolishes almost all signaling in the network. The phosphorylation

patterns observed on the receptor showed unusual trends, where the levels appeared
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to decrease slowly at later times. To assess whether this behavior was the role of

phosphatases, cells were stimulated in the presence of both phosphatase and

inhibitor. The results here demonstrated a very unexpected response, where

phosphorylation on the receptor was able to accumulate, but was not transmitted to

downstream adaptor proteins.

5.2 Future Directions

The information collected here provides several opportunities for future work,

including specific biological questions and broader areas for investigation. One

specific question is the role of phosphatases in regulating individual phosphorylation

sites. On Gab1 pY373, we have a specific hypothesis about the function of this site as

a binding site for RasGAPs. Meanwhile, the huge response of EGFR pY1 148, already

the stoichiometrically most abundant site on the receptor, suggests a specific

biological role for the site not previously explored. Determining the identity of

phosphatases responsible for this targeted activity and the function of its inhibition

could unlock a novel appreciation for site-specific mechanisms in signaling. These

questions could be explored by inhibiting specific phosphatases, or by mutating these

binding sites in the network and observing their effect.

Beyond the roles of individual phosphorylation sites, another area for future

study relates to the stark differences observed between high and low ligand

stimulation. The initial results suggest that some binary event takes place that

differentiates signaling between 1 nM and 2.5 nM EGF in a switch-like way. One

candidate mechanism for this sharp change is calcium signaling, which has been

measured almost immediately in response to EGF stimulation (5). Previously,

connecting calcium signaling to phosphorylation was prevented by the distinct

timescales of measurement-calcium changes measured in real time using live-cell

imaging techniques were challenging to map to phosphorylation changes that were
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measured on the timescale of minutes. However, the methods described here for

measuring phosphorylation responses with improved temporal resolution now facilitate

examination of this relationship. Specifically, several targeted molecules exist for

perturbing calcium release, including chelators and calcium channel blockers.

Stimulation in the presence of these inhibitors would uncover the components of the

EGFR signaling response that are contributed by intracellular calcium release. This

study in particular would leverage the high-temporal measurement technique to link

RTK signaling with other biological processes previously unrelated.

While the experiments we have conducted here have been exclusively in the

MCF-10A system, another interesting characterization would be to perform signaling

analyses in a modified system. MCF-10A cells were chosen due to their lack of

expression of other ErbB family members, which reduced the complexity of signaling

initiation. However, many native contexts have a more intricate interplay between EGFR

and other family members. By coupling our basic characterization to a more complex

system, say MCF-10A cells overexpressing HER2, we could begin to discern which

components of signaling are influenced by other receptors.

An alternative approach would be to study early signaling in another cell line

entirely. Measurement in a setting where the basic parameters of the network-say

receptor and network expression levels-are very different would undoubtedly

produce a distinct signaling response. Comparing the signaling behavior between our

data set and an orthogonal cell line could reveal which of our insights about signaling

apply more generally to EGFR systems and which are particular artifacts that depend

on specific cellular context.

Lastly, a further dimension for more detailed investigation of EGFR has been

recently made possible by the genetic engineering techniques pioneered by the

Zhang Lab at MIT (6). The CRISPR-Cas9 approach allows for precise editing of

endogenous genes in the cell, which opens a new path for probing EGFR function with
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specific point mutations. Previously, mutant receptor had to be expressed in nonnative

systems such as NIH/3T3 cells, which do not have endogenous receptor expression

(7). However, the ability to mutate the receptor in its native context can provide a new

level of understanding. Specifically, the ability to mutate individual tyrosine residues in

the receptor can demonstrate the function of individual binding sites in receptor

signaling. Previous approaches have used synthetic peptides fishing experiments,

luciferase complementation systems, or purified SH2 binding domains to indirectly

assess the function of phosphorylation sites (8-10). These approaches all have

significant drawbacks, and are incapable of measuring the true in vivo effect of single

phosphorylation sites. Editing the endogenous EGFR gene would allow for systems-

level characterization of functional role for each phosphorylation site in the native

signaling network.

Overall, we argue that the ability to measure phosphorylation behaviors at the

systems level with improved temporal resolution will be a powerful tool for elucidating

complex signaling behaviors. We hope that the techniques described here will provide

mechanistic insight that will deepen our understanding of biology and contribute to

clinical strategies that will impact human health.
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