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Lung cancer is often caused by genetic mutations which alter the activity of proteins in the
RAS family, with somatic mutation of the KRAS gene occurring in ~30% of lung adenocarcinoma
tumors. A gene of the same family, RI/7T/, is mutated or amplified in 10-15% of lung
adenocarcinomas. Although therapies targeting some KRAS-mutated tumors have begun to enter
the clinic, a comprehensive understanding of the Ras family and their regulatory functions
continues to elude us, preventing effective treatments and complete cures for all Ras-driven lung
cancers. I employed high-throughput multi-omic methods to interrogate the regulation of gene
expression and protein abundance in oncogenic KRAS and RIT1 cells. Quantitative proteomic and
transcriptomic profiling revealed that both mutant KRAS and mutant RIT1 promoted canonical
Ras signaling, and overexpression of wild-type RIT1 resulted in phenotypes similar to those of

oncogenic RIT1 and KRAS, including induction of epithelial-to-mesenchymal transition. Thus,



RIT1 amplifications which result in increased gene expression may be tumorigenic. Then, with
quantitative phosphoproteomics, I found that KRAS variant cells differentially phosphorylated SR
protein phosphosites. To determine how KRAS may regulate alternative splicing, I analyzed
unique RNA sequencing profiles of lung adenocarcinoma cells ectopically expressing 75 different
wild-type or variant alleles across 28 genes implicated in lung cancer. Mutant KRAS induced the
greatest number of differential alternative splicing events when compared to the wild-type gene,
second only to the differential splicing between RNA binding protein RBM45 and its mutant
RBM45M1261 These data suggest that in addition to widespread transcriptional changes, Ras
signaling pathways in cancer promote post-transcriptional splicing changes that may contribute to
oncogenic processes. In sum, I provided a baseline for how oncogenic KRAS and RIT1 affect the
proteome and transcriptome of lung cancer cells, and exposed potential oncogenic mechanisms

and therapeutic vulnerabilities in RIT1 or KRAS altered cells.
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Chapter 1. INTRODUCTION

In 2004, cancer biologists brimmed with excitement at the prospect of treating cancers successfully
and painlessly with the help of genetic biomarkers and targeted therapies. The first few studies had
just been published showing the remarkable, almost complete efficacy of Tyrosine Kinase
Inhibitors (TKIs) specifically in lung cancers with mutations in the EGFR gene (Paez et al. 2004;
Pao et al. 2004). It seemed possible now to treat all cancers in a targeted manner by matching up
drugs to cancers with genetic alterations conferring specific drug sensitivities. This prospect
seemed especially within grasp given that, just a year earlier in 2003, the Human Genome Project
had announced the completion of the first human reference genome, providing the full map of
possible genetic alterations (Lander et al. 2001).

Twenty years later, we now know that successful targeted cancer therapy is more complex.
Despite the initial success, EGFR-mutant cancers treated with TKIs invariably develop drug
resistance within a year (Passaro et al. 2021). EGFR-mutant tumors also account for just 10% of
lung adenocarcinomas. Another 30% are KRAS-mutant, and the remaining are a mix of lower
frequency alterations and cases of unknown genetic cause (Figure 1.1A) (Cancer Genome Atlas
Research Network 2014). Recently, the first KRAS-mutant inhibitors were introduced into the
clinic (Canon et al. 2019; Skoulidis et al. 2021). However, as with TKIs, these inhibitors only
delay tumor progression and acquired resistance is a universal occurrence (Moore and Malek
2021). To design truly effective targeted therapies, we need to map all genetic alterations in cancer

and, crucially, understand how these alterations contribute to cancer formation and growth.
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Figure 1.1. Ras pathway genetic alterations in lung adenocarcinomas (TCGA).
1.1 UNDERSTANDING THE MOLECULAR LANDSCAPE OF LUNG CANCER

Of all types of cancers, lung cancer is the second most prevalent in both men and women. In
addition, lung cancer causes the most deaths out of any cancer type (American Cancer Society
2021). While the past two decades have seen these numbers decrease with the help of public health
smoking cessation efforts, successful treatment of lung cancer remains out of our grasp.

In this dissertation, I focus on lung adenocarcinomas (LUADs), a histological subtype of
Non-Small Cell Lung Cancers (NSCLCs), which make up 40% of all lung cancers. However, while
histological subtypes are the predominant classifications used in the clinic, it is just as important
to understand the diversity of cancers with a lens on the molecular and genetic differences. The
Cancer Genome Atlas (TCGA) is a multi-institutional network that catalogued the cancer and
matched normal genomes of over 11,000 patients across 33 cancers. This massive tumor
sequencing effort identified many known genetic changes which contribute to cancer. For
example, the lung adenocarcinoma study of 230 patient tumors found that 50% had mutations in

the tumor suppressor gene 7P53.
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Quantifying the variety of genetic changes in cancers has already brought ground-breaking
advances to the clinic. Approximately 50% of lung adenocarcinomas harbor a genetic alteration
in a member of the RTK-Ras signaling cascade. Other than the 27% with KRAS mutations, this
includes alterations in the receptor tyrosine kinases EGFR, MET, ALK, and RET, and mutations in
downstream genes BRAF, NF1, and P13KCA (Imielinski et al. 2012). Since the characterization
of these mutations, many targeted therapies have been developed and introduced in the clinic to

varied success (Mok et al. 2017; Rotow and Bivona 2017).

1.2 REGULATING RAS SIGNALING NETWORK IN CANCER

A crucial signaling network in development, the RTK-Ras pathway is frequently co-opted by
cancer. This pathway consists of a receptor tyrosine kinase (RTK) protein such as EGFR which,
when bound by a growth factor, activates a small guanosine triphosphatases (GTPase) protein of
the Ras family. When Ras is in its activated GTP-bound state, it activates the Raf-MEK-ERK
kinase cascade and other parallel pathways such as PI3K-AKT signaling (Figure 1.2). These
signaling cascades regulate a variety of cellular processes including apoptosis, membrane
trafficking, and transcriptional changes promoting cell survival and proliferation (Mukhopadhyay,
Vander Heiden, and McCormick 2021).

Cancer mutations in the Ras pathway predominantly promote tumor growth by causing
abnormal constitutive activation of one of the pathway members. KRAS mutations occur not only
in lung cancers but also in 90% of pancreatic cancers and 40% of colorectal cancers, and many of
these mutations are at codon 12 including KRASY!2C and KRASS!?P (Kim, Xue, and Lito 2020).
Substitutions in codon 12 and 13 allow the mutant protein to persist in a GTP-bound activating
state (Hobbs, Der, and Rossman 2016). Although KRAS was considered “undruggable” for

decades, KRASS!2C inhibitors have recently been developed and introduced in the clinic to much
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excitement. Still, much work must still be done to develop more potent inhibitors, to develop
inhibitors for other KRAS variants, and to address the inevitable resistance to the inhibitors (Moore

and Malek 2021).
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Figure 1.2. The RTK-Ras signaling cascade (BioRender).

Survival

Interestingly, cancer genome sequencing also identified mutations in a different small
GTPase called Ras-like in all tissues or RIT (A. H. Berger et al. 2014). Mutations in RIT] occur
in 2% of lung adenocarcinomas and present in a mutually exclusive manner to mutations in other
RTK-Ras genes. Unlike KRAS however, RIT] is also amplified in 10% of lung adenocarcinomas
and these copy number alterations include chromosome arm amplifications as well as many focal
amplifications around the RIT] locus (Cancer Genome Atlas Research Network 2014).

Understanding RIT1’s role in cancer when it is mutated or amplified will not only allow for the
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design of targeted therapies for RIT1-driven tumors, it will also help us better understand the
complete Ras signaling network.

In Chapter 2, I ask how KRAS and RIT1 differ in their signaling activity and post-
transcriptional regulation of lung epithelial cells. To answer this question, I characterize and
analyze proteomic, phosphoproteomic, and transcriptomic profiles of cells ectopically expressing

wild-type or variant alleles of KRAS and RIT1].

1.3  ALTERNATIVE RNA SPLICING IN CANCER

One significant outcome of the TCGA effort and subsequent cancer genome studies was the
identification of somatic mutations in genes and pathways previously not considered part of the
cancer landscape. Among these findings were mutations in genes involved in RNA splicing and
processing.

Eukaryotic cells require RNA splicing to produce functional proteins. Even more so, by
splicing in or out different introns and exons, cells produce different mRNA and protein isoforms
from single genes. This phenomenon, termed alternative splicing, contributes to the diversity and
functional complexity of the human proteome. RNA splicing also regulates gene expression
because alternatively spliced isoforms can result in antagonistic protein products or mRNA that is
subjected to nonsense-mediated decay (Singh and Cooper 2012). The highly regulated process
allows different cells to have specialized proteomes to perform functions specific for their tissue
type and biological context. However, cancer cells often take advantage of alternative RNA
splicing to promote oncogenesis and tumor growth (Escobar-Hoyos et al. 2020).

For example, the splicing factor U24AF[ is mutated in 4% of LUADs, while RBM10 is
mutated in another 9% (Figure 1.4) (Cancer Genome Atlas Research Network 2014). The S34F/Y

mutation in U2AF1 dysregulates the protein’s sequence specificity and results in widespread mis-
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splicing (Brooks et al. 2014). Similarly, the splicing factor RBM 10 functions as a tumor suppressor
by regulating the splicing of genes such as the Notch inhibitor NUMB (Bechara et al. 2013).
Furthermore, pan-cancer studies revealed the prevalence of both splicing factor mutations and
splice-site mutations in cancer (Seiler et al. 2018; Jayasinghe et al. 2018).

Many studies have used TCGA data to identify splicing-associated mutations in cancers
and these studies reveal key characteristics of cancer-associated aberrant splicing (Dvinge and
Bradley 2015). These studies investigated mis-splicing by largely focusing on mutations that
directly affect splicing such as splicing factor mutations which are examples of trans-acting
splicing dysregulation. Cis-acting mechanisms such as splice site mutations also cause aberrant
splicing of cancer-associated genes. In 4% of LUADs, splice site mutations in the MET gene cause
the deletion of exon 14 of the gene which leads to hyperactivation of the MET protein and
downstream signaling pathways (Cancer Genome Atlas Research Network 2014).

However, we have only just begun to determine what events lead to and what effects stem
from aberrant RNA splicing (Climente-Gonzalez et al. 2017). While a subset of aberrant splicing
events result from the aforementioned alterations in splicing factors and splice sites (Dvinge et al.
2016), we do not know whether the remainder of mis-splicing events are tightly regulated events
which contribute to tumor growth or are simply a result of the high transcriptional and proliferation
rates in cancer cells. Motivated by previous studies which identified individual cases where
alternative splicing of a protein occurs downstream of signaling pathways (Mufioz et al. 2012;
Zhou et al. 2012; Yea et al. 2008), my work takes an oncogene screening approach to probe
whether such regulation is widespread across proteins and regulatory networks, and whether
splicing regulation occurs through Ras signaling in particular. By elucidating the drivers and

effects of splicing dysregulation, we can better understand the role of splicing in cancer.
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Figure 1.3. Splicing factor mutations in lung adenocarcinomas (Imielinski et al., 2012).

Targeting aberrant alternative RNA splicing can reduce disease burden. Recent in vivo
work has shown that spliceosome inhibitors can reduce tumor burden in leukemia as assessed by
survival benefit in mice with a splicing factor mutation (Lee et al. 2016). Therapies can also be
developed to address specific splicing events. In spinal muscular atrophy patients, the functional
isoform of a survival motor neuron SMN2 is deficient. To address this deficiency, a splice-
switching antisense oligonucleotide (ASO) therapy was developed to ensure the functional isoform
is completely transcribed and this therapy has encouraging clinical efficacy (Finkel et al. 2016).
However, ASOs can be unstable and efficient delivery of oligonucleotide-based therapies to target
organs remains a significant challenge.

Splice-switching ASOs may not be the only therapeutic option for aberrant alternative
splicing. In lung cancer patients whose tumors harbor the MET exon 14 exon skipping event, TKIs
provide clinical benefit (Lu et al. 2017; Frampton et al. 2015). Understanding the relationship
between signaling pathways and RNA splicing will pave the way for development of similar

therapeutics to target either signaling components or splicing events.



8
In Chapter 3, I use a large-scale high-throughput RNA-seq screen combined with

phosphoproteomic analyses to ask how KRAS regulates RNA splicing and processing activity in
cells and how KRAS differs in these activities from other genes associated with lung cancer. By
using a controlled experimental system, I functionally associate pathway changes with alternative

splicing in lung adenocarcinoma cells.

1.4  GOALS OF THIS DISSERTATION

In the following chapters, I present and discuss my work interrogating the regulatory networks in
lung cancer cells using transcriptomic, genomic, and proteomic profiling and analyses. Although
the questions are anchored in observed oncogenic genetic mutations, it is the resulting post-
transcriptional modulation of protein abundance and function that I seek to understand.

In characterizing RIT1 signaling in Chapter 2, I look to how RIT1 and KRAS levels and
mutations affect protein abundance, and how these changes in turn drive tumorigenic processes
such as epithelial-mesenchymal transition (EMT).

In profiling aberrant RNA splicing due to KRAS activity in Chapter 3, I ask how Ras
signaling can moderate RNA isoform levels and thus protein isoforms and protein abundance.

Finally, in Chapter 4, I discuss the implications of identifying mechanisms of post-

transcriptional regulation in lung cancers and where I see the future of targeted cancer therapies.



Chapter 2. CHARACTERIZATION OF RIT1 SIGNALING BY
PROTEOME, PHOSPHOPROTEOME, AND
TRANSCRIPTOME PROFILING

A version of this chapter has been published:

A. Lo, K. Holmes, S. Kamlapurkar, F. Mundt, S. Moorthi, I. Fung, S. Fereshetian, J. Watson, S.
A. Carr, P. Mertins, A. H. Berger, Multiomic characterization of oncogenic signaling mediated
by wild-type and mutant RIT1. Sci. Signal. 14, eabc4520 (2021).
http://dx.doi.org/10.1126/scisignal.abc4520

I led this work and my contributions to this paper included performing experiments,

analyzing transcriptome data, and writing the manuscript.

Aberrant activation of the RAS family of guanosine triphosphatases (GTPases) is prevalent in lung
adenocarcinoma, with somatic mutation of KRAS occurring in ~30% of tumors. We previously
identified somatic mutations of the gene encoding RAS family GTPase RIT1 in lung
adenocarcinomas. To explore the biological pathways regulated by RIT1 and how these relate to
the oncogenic KRAS network, we performed quantitative proteomic, phosphoproteomic, and
transcriptomic profiling of isogenic lung epithelial cells in which we ectopically expressed wild-
type or cancer-associated variants of RIT1 and KRAS. We found that both mutant KRAS and
mutant RIT1 promoted canonical RAS signaling, and that overexpression of wild-type RIT1
partially phenocopied that of oncogenic RIT1 and KRAS, including induction of epithelial-to-
mesenchymal transition. Our findings suggest that RIT1 protein abundance is key to its pathogenic
function. Therefore, chromosomal amplification of wild-type RIT/ in lung and other cancers may

be tumorigenic.
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2.1 INTRODUCTION

The RAS-family GTPase-encoding gene RITI was found to harbor somatic mutations in lung
cancer (A. H. Berger et al. 2014) and myeloid leukemias (Goémez-Segui et al. 2013). Disrupted
regulation of RAS family genes and RAS effector pathways is a predominant feature of many
human cancers. In particular, somatic mutation of the KRAS proto-oncogene is prevalent in lung
adenocarcinoma, where KRAS is mutated in up to 30% of tumors. Cancer-associated KRAS
variants include G12V and Q61H, which alter the normal regulation of KRAS GTPase activity by
disrupting GTP hydrolysis or reducing the RAS protein’s ability to physically associate with
GTPase-activating proteins (GAPs) (Trahey and McCormick 1987; Emil F. Pai, Wolfgang
Kabsch, Ute Krengel, Kenneth C. Holmes, Jacob John & Alfred Wittinghofer 1989). This
uncontrolled increase in GTP-bound KRAS results in heightened downstream cellular signaling
through the canonical RAS effector pathways RAF-MEK and PI3K—-AKT, as well as others.
Following the discovery of cancer-associated RAS mutations in the 1980s (Nakano et al. 1984;
Rodenhuis et al. 1987), thousands of studies have delineated the critical pathways involved in
RAS-mediated cellular transformation, metastasis, and metabolism.

Notably, in addition to somatic mutations in cancer, germline R/7/ mutations are found in
families with Noonan syndrome, a developmental “RAS”-opathy involving altered craniofacial
morphology and cardiac abnormalities (Aoki et al. 2013), that is caused by germline mutations in
KRAS itself or other RAS-pathway genes such as SOSI, SOS2, LZTRI, and SHOC?2

(https://omim.org/). In cancer and Noonan syndrome, R/7T/ mutations are found in tumors or

individuals that lack canonical KRAS mutations, suggesting that activated RIT1 may impart the

same phenotypes conferred by activation of RAS.
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Although prior studies have characterized the role of RIT1 in neural development (Cai et
al. 2012) and we and others have described the role of mutant RIT1 in cellular transformation (A.
H. Berger et al. 2014; Rusyn et al. 2000; Sakabe et al. 2002), knowledge of the function of cancer-
and Noonan-associated RIT1 variants is relatively limited. Unlike in KRAS, mutations in RIT1
are rarely observed near the critical glycine residues involved in GTP hydrolysis, which are Gly'?!3
in KRAS and Gly**3! in RIT1. Instead, RIT1 mutations occur most frequently near the switch IT
domain, the region also altered by GIn®' mutations in KRAS (Figure 2.1A). GIn®' and Gly'>!3
mutations in RAS reduce association with regulatory GAPs or alter intrinsic hydrolysis rate
(Smith, Neel, and Ikura 2013). It is possible these differences in mutational spectrum reflect
functional differences in regulation of RIT1 and KRAS GTPase activity, and no GAPs that regulate
RIT1 have been identified to date.

Whereas the regulation of enzymatic activity is thought to be the predominant determinant
of RAS oncogenic function, both protein abundance and GTP binding may be key to RIT1
function. Biochemical assays have established that oncogenic RIT1 variants do enhance GTP-
bound levels of RIT1 to varying degrees (Castel et al. 2019; Fang et al. 2016). However, the
molecular consequences of RIT1 switch II domain mutations may additionally be linked to the
loss of RIT1’s physical interaction with LZTR1, a ubiquitin-conjugating enzyme responsible for
stimulating degradation of RIT1 (Castel et al. 2019). Cancer- and Noonan-associated RIT1
variants lose the ability to interact with LZTR1 and consequently are highly overexpressed,
resulting in increased signaling activity through the RAF-MEK pathway (Castel et al. 2019).
Because germline loss-of-function mutations in LZ7TR/ result in increased abundance of wild-type
RIT1 protein and also confer Noonan syndrome, overexpression of RITI in the absence of

mutation may be sufficient to drive altered RIT1 signaling.



12

The pathogenic role of increased RITI expression in LZTRI-mutant Noonan syndrome
raises the possibility that wild-type RIT] overexpression in cancer may also play a pathogenic role.
Indeed, 7-14% of lung adenocarcinomas (TCGA 2014; Campbell et al. 2016) harbor amplification
of the RITI gene on 1p21.3 which is typically associated with overexpression of R/7/ mRNA.
Amplification of RITI was found in an independent lung adenocarcinoma genomic study of
samples from the Fudan University Shanghai Cancer Center (Chen et al. 2019). Focal RIT]
amplifications have also been noted in uterine carcinosarcoma (Cherniack et al. 2017), and RIT
amplification and/or overexpression may play a role in hepatocellular carcinoma and endometrial
cancer (Song et al. 2019; Xu et al. 2015).

Based on RIT1’s homology to RAS proteins, candidate effectors of RIT1 function have
been identified (Shao and Andres 2000; Shi and Andres 2005; Castel et al. 2019, 2020) but no
unbiased mapping of downstream RIT1-regulated pathways in human cells has been performed to
date. Here, we sought to broadly describe the changes in the cellular proteome, phosphoproteome,

and transcriptome induced by overexpressed wild-type RIT1 and by expression of RIT1ML

a
cancer- and Noonan-associated variant, and to compare these changes to those induced by
expression of wild-type and oncogenic KRAS. Because RIT1 mutations occur frequently in lung

cancer, we focused this study on analysis of RIT1 and KRAS signaling in a human lung epithelial

cell line.

2.2  RESULTS

2.2.1  Multi-omic profiling of RITI1- and RAS-transformed human lung epithelial cells

Although the cellular signaling regulated by KRAS has been extensively characterized, little is

known about how RIT1 or its oncogenic variants perturb cellular signaling. To address this
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question in the context of lung cancer, we ectopically expressed either wild-type or variant forms
of KRAS and RIT1 in AALE cells, which are immortalized, non-transformed human lung
epithelial cells (A. S. Lundberg et al. 2002). To confirm the functional activity of each expressed
variant, we quantified the anchorage-independent growth in soft agar of each isogenic cell line
(Figure 2.1B). Expression of wild-type or oncogenic variants of KRAS and RIT1 promoted
growth in soft agar, confirming the biological activity of each expressed variant (Figure 2.1, B
and C).

To comprehensively identify the cellular signaling events associated with this phenotypic
transformation, we profiled each isogenic cell line using both RNA-seq and deep proteome and
phosphoproteome profiling by liquid chromatography tandem mass spectrometry (LC-MS/MS)
Figure 2.1, D and E). For LC-MS/MS, creation of two overlapping 10-plex tandem mass tag
(TMT) pools enabled the relative quantification of the proteome and the phosphoproteome across
replicates of the five isogenic cell lines compared to a vector control line (RITIWT, RIT1M%
KRASWT KRASG!2V, KRASQ!H; Figure 2.1D and Figure 2.5, A to C). In total, 10,131 proteins
were identified, 9002 of which were detected and quantified in every sample; additionally, 29,140
phosphopeptides were detected, 12,325 of which were identified in every sample, enabling

comparative analysis across cell lines (tables S1 and S2 and Data Files S1 and S2).
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Figure 2.1. Multi-omic profiling of KRAS- and RIT1-mutant human lung epithelial cells.

Protein alignment of KRAS-4B (Uniprot #P01116-2) and RIT1 Isoform 1 (Uniprot #Q92963-1)
generated by ClustalW2 (Larkin et al. 2007). Stars indicate the position of the RITIM
KRASS!2V and KRASQ®! variants used in this study. Asterisks indicate fully conserved residues;
colons indicate strongly conserved residues; periods indicate weakly conserved residues. (B) Soft
agar colony formation assay of isogenic AALE human lung epithelial cells. N = 3 wells, data
shown is representative of 3 independent experiments: ** p < 0.01, *** p < 0.001, and ****
p<0.0001 by two-tailed t-test against the parental cell data. (C) Western blot confirmation of
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ectopic expression of FLAG-tagged RIT1 and KRAS in isogenic AALE cells using an anti-FLAG
antibody. Vinculin was used as a loading control. The data shown is representative of N > 3
independent experiments. (D) Workflow for the LC-MS/MS-based generation of proteome and
phosphoproteome profiles. bRP, basic reverse phase chromatography. IMAC, immobilized metal
affinity chromatography. (E) Workflow for the RNA-seq analysis. (F) mRNA quantification in
transcripts per million (TPM) showing mean + SD of RIT (left) or KRAS (right) in isogenic AALE
cells, N =3 RNA-seq libraries per cell line. * p < 0.05 and **** p <0.0001 by two-tailed Student’s
t-test compared to vector controls. (G) RNA-seq quantification of variant allele expression. Data
shown is the percentage of reads at the M90I, G12V, or Q61H mutation site for the variant allele
or wild-type allele. N = 3 RNA-seq libraries for each isogenic AALE cell line.

For transcriptome analysis, RNA sequencing was performed in triplicate for each isogenic
cell line to a median read-depth per replicate of 70.1 million reads (Figure 2.1E, tables S3 and
S4 and Figure 2.5D). 12,887 gene transcripts were quantified, including 7,749 whose
corresponding protein was detected in the LC-MS/MS profiling. We note that no compensatory
feedback regulation of RITI to KRAS expression or vice versa was observed (Figure 2.1F).
Despite relatively low protein expression of KRAS variants in the AALE lines (Figure 2.1C), the
majority of KRAS transcripts in each isogenic cell line corresponded to G12V or Q61H variants,
respectively, with 84.1% of reads harboring the G12V mutation in KRASS!2V cells, and 73.3% of
reads harboring the Q61H mutation in KRASQH cells (Figure 2.1G).

Next, we interrogated the phosphoproteome regulated by KRAS and RIT1. Protein
phosphorylation is a reversible and dynamic mechanism of intracellular signaling that enables
rapid intracellular transduction of signals controlling cell proliferation, survival, and metabolism.
Although RIT1 and KRAS act as GTPase switches, they both additionally stimulate activation of
cellular protein kinases, such as BRAF, resulting in substantial reorganization of the
phosphoproteome. Because the stoichiometric ratio of phosphorylated to non-phosphorylated
proteins is often believed to play an important role in cell signaling, we normalized phosphosite

abundance to the total protein abundance for each phosphoprotein (table S2). Recognizing that in



16

some cases absolute abundance of a phospho-peptide may be relevant, non-normalized

phosphosite data is also provided (table S5).

222 Global similarity between oncogenic RIT1 and KRAS signaling networks

With our LC-MS/MS proteome profiles, we identified differentially abundant proteins in each
condition compared to the vector control cells using a two-tailed moderated t-test (Figure 2.2A).
One of the top proteins with increased abundance in RITIWT, RITIM?! KRASS!2Y, and KRASQ6H
cells was the transcription factor FOSL1 (Figure 2.2B), also known as FRA1, a basic leucine
zipper transcription factor in the FOS family (M. R. Young and Colburn 2006). Activation of RAS
is known to promote transcriptional upregulation and protein stabilization of FOSL1 (Mechta et
al. 1997; Casalino, De Cesare, and Verde 2003). Western blot of independently-derived AALE
isogenic lines confirmed greater abundance of FOSL1 in RIT1WT, RITIM% and KRASS!2V cells
compared to vector expressing cells (Figure 2.2B). Consistent with FOSL1 upregulation
downstream of the MAPK pathway, analysis of our previous L1000 mRNA profiling dataset
revealed common regulation of FOSLI by RIT1, KRAS, and other RAS pathway oncogenes ARAF,
BRAF, EGFR, and NRAS, but not other oncogenes such as MYC, MDM?2, or NFE2L2 (Figure

2.6A).
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Figure 2.2. Quantitative proteomic and transcriptomic profiling identifies similarity of
oncogenic RIT1 and KRAS signaling.

A, Volcano plots of global proteome data from isogenic AALE cells showing the LogzFold-
Change in protein abundance in each cell line compared to vector control cells. The y-axis displays
the negative Logio(p-value) calculated from a one sample moderated t-test with multiple
hypothesis correction by the Benjamini-Hochberg method. Data shown are generated from 2-4



18

technical LC-MS/MS replicates per cell line generated from N=2 biological replicates per cell line.
B, Western blot validation of FOSL1 increased protein abundance in RIT1- and KRAS-variant
AALE cells. Quantification of N=4 independent experiments is shown with representative blot. *,
p < 0.05, change in protein abundance from vector cells, by two-tailed t-test. C, Western blot
validation of TXNIP protein abundance in RIT1- and KRAS-variant AALE cells. Quantification
of N=5 independent experiments is shown with representative blot. *, p < 0.05, change in protein
abundance from vector cells, by two-tailed t-test D, Global proteome-transcriptome correlation
analysis for RIT1- and KRAS-variant AALE cell lines. Gray dashed line = linear regression
between LogoFold-Change of mRNA to respective Log2Fold-Change of protein. Red = genes
outside the 95% prediction interval. » = Pearson correlation coefficient. Data shown are generated
from 2-4 technical LC-MS/MS replicates per cell line generated from N=2 biological replicates
per cell line. N =3 RNA-seq replicates for each isogenic cell line. E, In RIT1- or KRAS-expressing
AALE cell lines compared to vector control AALE cells, proportion of genes that are differentially
expressed at the mRNA level (Log2Fold-Change > 1, FDR < 0.05) which are also differentially
abundant at the protein level (LogoFold-Change > 1, adjusted p-value < 0.05). Number of total
differentially expressed mRNA transcripts is shown above the bar for each cell line. Data shown
are generated from 2-4 technical LC-MS/MS replicates per cell line generated from N=2 biological
replicates per cell line. N =3 RNA-seq replicates for each isogenic cell line. F, Gene set enrichment
analysis of differentially expressed gene transcripts between KRAS or RIT1 AALE cell lines and
vector controls using GOseq (M. D. Young et al. 2010). mSigDB hallmark gene sets specific to
KRAS signaling are shown. Circle size = -LogioFDR of enrichment significance determined by
GOseq. Analysis performed with N = 3 RNA-seq replicates per isogenic cell line.

Among the top proteins with decreased abundance in RITIM? KRASY!12Y, and KRASQ6!H
cells was TXNIP, an inhibitor of thioredoxin involved in both redox regulation and glucose
metabolism (Yoshihara et al. 2014; Parikh et al. 2007). Prior studies indicate that HRASS!2V
suppresses TXNIP transcription and protein translation (Elgort et al. 2010; Z. Ye and Ayer 2018).
TXNIP abundance was also decreased in Western blot analysis of RITIM*! KRASY!?V and
KRASQH cells compared to vector control (Figure 2.2C). These validation data demonstrate the
utility of LC-MS/MS to describe protein expression changes and additionally suggest the
mechanism of RAS-mediated modulation of FOSL1 and TXNIP is shared with RIT1M%L,

Previous studies of steady-state cell lines show that approximately 40% of relative protein

abundance is explained by mRNA expression levels (E. Lundberg et al. 2010; Liu, Beyer, and
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Aebersold 2016). Similarly, in the stable AALE cell lines overexpressing KRAS variants or

RITIM we see a moderate correlation between protein abundance and gene transcript levels
(Pearson r = 0.2 to 0.4, Figure 2.2D and Figure 2.6B). Correspondingly, many genes which are
differentially regulated at the mRNA level are also dysregulated at the protein level (Figure 2E).

As expected, both KRAS variants and, to a lesser degree, wild-type and variant RIT1
induced KRAS transcriptional signatures (Figure 2.2F). To determine whether oncogenic RIT1
and KRAS also induced similar phosphoproteomic changes, we performed Kinase-Substrate
Enrichment Analysis (KSEA) (Wiredja, Koyutiirk, and Chance 2017), which uses kinase-substrate
pairings from PhosphoSitePlus (Hornbeck et al. 2011) and NetworKIN (Linding et al. 2007) to
identify differential phosphorylation of kinase-substrate families (table S6). This analysis
identified ribosomal S6 kinase (RPS6KA1), MAPKAPK?2, AKT1, and protein kinase C (PRKCA)
as top kinases driving phosphorylation changes in RITIM* and KRASS!2V/KRASQMH cells
(Figure 2.7A-G, and table S5). Substrates of Aurora kinase B (Figure 2.7A-C, H) and CDK1 and
PAK1 were suppressed in RIT1- and KRAS-variant cells (Figure 2.7B, C). Although the total
phosphorylation of each substrate reflects the balance between kinases and phosphatases in the
cell, these data suggest that RIT1M like oncogenic KRAS, can activate canonical RAS effector

pathways.

223 Wild-type RITI overexpression phenocopies RIT1 mutational activation

Calculation of a correlation matrix from the proteome and phosphoproteome data showed high
correlations of all profiles with the exception of the wild-type KRAS cells. KRASS!2V and
KRASH proteomes and phosphoproteomes were highly correlated with each other (proteome
= 0.85 and phosphoproteome » = 0.79; Figure 2.3A), and with RITIWT and RIT1M%! cells (r =

0.70-0.80 and 0.72-0.75 for proteome and phosphoproteome, respectively; Figure 2.3A). In
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contrast, wild-type KRAS replicates were the most divergent of all profiles, showing limited
correlation to either the KRAS variant or RIT1 profiles.
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Figure 2.3. Wild-type RIT1 overexpression mimics oncogenic RIT1 activation.

A, Correlation heatmap showing pairwise correlations of each proteome and phosphoproteome
replicate to every other replicate. To enable correlation of proteome with phosphoproteome,
phosphosites were collapsed to the protein level by taking the median of all phosphosites for each
protein. Rows are Spearman correlation; columns are Pearson correlation. Proteome and
phosphoproteome data were generated from 2-4 technical LC-MS/MS replicates per cell line
generated from N=2 biological replicates per cell line. B, Principal component analysis of RNA-
seq data from AALE cells. Circles denote individual control vector, RITIVT, or KRASWT
transcriptomes, as labeled; diamonds denote RIT1-variant or KRAS-variant transcriptomes, as
labeled. PC1 explains 96.2% of variance, PC2 explains 2.16% of variance. N = 3 RNA-seq
libraries per cell line. C, Bar plot showing percentage of differentially abundant proteins
([LogzFold-Change| > 2) in wild-type AALE cells that are also differentially abundant in variant
AALE cells. Numbers next to bars indicate number of proteins represented. Data shown are
generated from 2-4 technical LC-MS/MS replicates per cell line generated from N=2 biological
replicates per cell line.

A relatively recent study found that RIT1 mutations, including M90I, may function by
relieving negative regulation of RIT1 by a LZTR1-dependent proteasomal degradation mechanism
(Castel et al. 2019). Accordingly, overexpression of wild-type RIT1 should largely phenocopy
expression of RITIMY!L Consistent with this idea, RIT1WT cells more closely resembled both
RIT1M%! (proteome = 0.49) and KRAS variant cells (proteome » = 0.36-0.48) than KRASWT cells
(proteome r = 0.19; Figure 3A). These data highlight a critical divergence between KRAS and

RIT1: expression of wild-type KRAS is not capable of activating downstream oncogenic RAS
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pathways, whereas expression of wild-type RIT1 in part resembles activation of RIT1 or KRAS
by mutation. We confirmed this observation in a principal component analysis of the transcriptome
data, which further revealed a high degree of similarity between RITIWT and RIT1M*-regulated
gene expression (Figure 2.3B and table S4). Further, of the differentially abundant proteins in
RITIWT cells, 25% were differentialy abundant in RITIM! cells. In contrast, 7-10% of proteins
with altered abundance levels in KRASWT cells had differentially altered abundance levels in
KRAS™ cells (Figure 2.3C). In the phosphoproteome, unsupervised hierarchical clustering of the
phospho-signatures identified the RITIM*! phosphoproteome as most similar to KRASY!2V and
KRASQMH phospho-signatures (Figure 2.71), suggesting that RITIM! induces similar cellular
phosphorylation changes as KRAS variants. Additionally, the phosphoproteome signatures of
RITIWT cells clustered more closely than wild-type KRAS to the RIT1M*L KRASS!2V, and

KRASQH phosphoproteome signatures (Figure 2.71).

2.2.4  RITI promotes an epithelial-to-mesenchymal transition

To further investigate the phenotypic changes conferred by these proteome and transcriptome
changes, we performed gene set overlap analysis using MSigDB Hallmark Pathway gene sets
(Liberzon et al. 2015) (Figure 2.4A). The epithelial-to-mesenchymal transition (EMT) pathway
was the most significant gene set enriched among up-regulated proteins across all KRAS- and
RIT1-expressing cells compared to vector control (Figure 2.4A). EMT is a cellular
transdifferentiation process promoted by cell-extrinsic signaling proteins and orchestrated by
activation of transcription factors such as Twist, Snail, and Zeb family transcription factors (X. Ye
and Weinberg 2015). It has long been observed that oncogenic RAS proteins—including KRAS

variants—promote EMT, but little is known about the involvement of RIT1 in this process.
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Figure 2.4. Wild-type RIT1 and RITIM! promote an epithelial-to-mesenchymal (EMT)

transition phenotype.
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A, Gene set overlap analysis of up-regulated (“Up”; LogoFold-Change>2) and down-regulated
(“down”; Log:Fold-Change<-2) proteins in each condition in AALE cells, using MSigDB
Hallmark Pathways (Liberzon et al. 2015). Gene sets sorted by descending average -LogioFDR
across all conditions. Circle size = -LogioFDR of gene set overlap analysis determined by
MSigDB. The analysis was based on data generated from 2-4 technical LC-MS/MS replicates per
cell line generated from N=2 biological replicates per cell line. B, LogzFold-Change of protein
abundance of hallmark EMT genes in RIT1- or KRAS-expressing AALE cells relative to vector
control AALE cells. Proteins sorted by average Log>Fold-Change across all conditions. The
analysis was based on data generated from 2-4 technical LC-MS/MS replicates per cell line
generated from N=2 biological replicates per cell line. C, Log2Fold-Change in RIT1- or KRAS-
expressing AALE cells of abundance of EMT-marker proteins N-cadherin (CDH2), fibronectin
(FN1), and vimentin (VIM). The analysis was based on data generated from 2-4 technical LC-
MS/MS replicates per cell line generated from N=2 biological replicates per cell line. D,
Transcription factor target enrichment analysis of differentially expressed genes in RITIM
AALE cells using Enrichr libraries through ChEA3. FET, Fisher’s exact test. Analysis performed
on N = 3 RNA-seq libraries compared to 3 vector controls. Arrows indicate proteins of the Snail
family. Black denote confirmed EMT genes in dbEMT (M. Zhao et al. 2019); dark gray denote
EMT-associated genes in the literature. E, Real-time PCR of relative LogzFold-Change of mRNA
expression in perturbed AALE cells of vimentin (VIM), Snail (SNAII), and Slug (SNAI2). N=3
biological replicates; * p<0.05, ** p<0.01 by two-tailed t-test. F, Inmunofluorescence of Vimentin
stained cells. N=3 biological replicates; *** p<0.001 by two-tailed t-test. G, Representative
immunofluorescence images of Vimentin stained cells. Scale bar corresponds to 89.1um. N = 3
replicates per cell line. H, Wound healing scratch assay. Percent wound confluence at hourly time
points are shown with SEM error bars. N=16 replicates per cell line, data shown is representative
of N = 3 independent experiments; * p<0.05, ** p<0.01, *** p<0.001, and **** p<0.0001 by two-
tailed t-test each time point, corrected for multiple testing. I, Representative images of wound
healing at time of wound making (0 hours) and at end time point (13 hours). Scale bar, 300um

Notably, RITIM! and, to a lesser degree, wild-type RIT1 were capable of promoting
expression changes of key EMT markers, including up-regulation of vimentin, N-cadherin, and
fibronectin, and downregulation of keratin-19 (Figure 2.4, B and C, and Figure 2.8A). Although
the canonical EMT transcription factors Snail (SNAII) and Slug (SNAI2) were not detected by

1ML cells showed increased activity of these

proteomic analysis, transcriptomic analysis of RIT
EMT transcription factors by transcription factor target enrichment analysis (Figure 2.4D and

Figure 2.8, B and C). Real-time qPCR confirmed induction of vimentin, Snail, and Slug by
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RIT1M! (Figure 2.4E). Quantitative immunofluorescence analysis revealed both RIT1YT and
RITIM! induced vimentin protein expression in AALE cells (Figure 2.4, F and G).

To functionally determine if EMT characteristics are present in RIT1-transformed AALE
cells, we performed a scratch assay to quantify cellular migration. Consistent with a functional
EMT, wild-type RIT1 and RITIM cells showed enhanced migration, closing the scratch wound
up to 1.5x and 1.9x faster than vector control cells respectively (Figure 2.4, H and I). Therefore,
we find that both wild-type RIT1 overexpression and RIT 1M promote an EMT phenotype in lung
epithelial cells involving increased expression of vimentin and increased cellular migration.

Together these data strengthen the notion that oncogenic RIT1 hijacks canonical RAS
effector pathways to promote tumorigenesis. In addition, these data demonstrate that wild-type
RIT1 overexpression can induce many of these same processes to a weaker degree, supporting a
role for protein abundance in regulation of RIT1 activity and R/7 amplification/overexpression

in contributing to malignant phenotypes.

2.3 DISCUSSION

Herein, we described quantitative proteomic, phosphoproteomic, and transcriptomic datasets that
provide a systems-level view of the RIT1-regulated signaling network in lung epithelial cells.
These datasets were generated from isogenic human lung epithelial cells to provide a physiological
view of the consequences of RIT1 activation in the same cellular compartment that is involved in
lung adenocarcinoma, a tumor type with prevalent mutations in KRAS and RITI. Broadly, we find
that proteome and transcriptome signatures from RIT1M90I-expressing cells partially phenocopy
those from cells with overexpression of wild-type RIT1. This finding lends further support to the
notion that oncogenic RIT1 variants function at least in part through increasing RIT1 abundance

(Castel et al. 2019). This is in contrast to KRAS, where overexpression of wild-type KRAS induces
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signatures less related to that of oncogenic variants KRASG12V and KRASQ61H. The opposing

functions of wild-type and variant KRAS is consistent with recent evidence suggesting that KRAS
functions as a dimer and that wild-type KRAS directly inhibits the function of oncogenic KRAS
variants via physical dimerization (Ambrogio et al. 2018).

This divergence in the function of wild-type RIT1 and KRAS hints at fundamental
differences in molecular regulation of each wild-type GTPase. The ability of RIT1 to promote
downstream RAF/MEK/ERK signaling when aberrantly expressed suggests that RIT1 may not be
subject to the same tight regulation by GTPase-activating proteins (GAPs) that normally keep RAS
in an inactive state. Furthermore, these data point to the importance of studying wild-type RIT1
amplification and overexpression in cancers. RI/7/, on chromosome 1q, is frequently amplified in
uterine carcinosarcoma, liver hepatocellular cancer, cholangiocarcinoma, breast cancer, lung
adenocarcinoma, and ovarian cancer (Figure 2.9A) (Cancer Genome Atlas Research Network et
al. 2013). RITI mRNA expression is increased in amplified cases, regardless of tissue type (Figure
2.9B), raising the possibility that RIT1 overexpression could play a role in tumorigenesis in these
cancers.

Although this resource should enable identification of differences between RIT1 and
KRAS networks, we observe marked similarity between the transcriptional, proteomic and
phosphoproteomic changes induced by RITIM?, KRASC!2V and KRAS?!, Oncogenic RIT1 and
KRAS share the ability to activate canonical RAS effector pathways such as those involved in
regulation of FOSL1 and TXNIP abundance. These cellular signaling changes are accompanied
by phenotypic changes to the lung epithelial cells including acquisition of anchorage-independent
growth capability as well as induction of an EMT phenotype with enhanced cellular migration and

increased mRNA or protein abundance of EMT markers Vimentin, Snail, and Slug.
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Together, these results demonstrate the power of quantitative proteomics and
transcriptomics to provide global views of cancer oncogene signaling and provide a resource for

understanding the altered cell signaling in Noonan syndrome and cancer.

2.4  MATERIALS AND METHODS

2.4.1  Isogenic Cell Line Generation

Plasmid constructs were cloned using Gateway Technology (Invitrogen/ThermoFisher) using
pLX301 destination vector (Broad Institute) and pDONR223-RIT1 donor vectors previously
described(A. H. Berger et al. 2014). Lentivirus was generated by transfection of HEK293T cells
with packaging and envelope vectors using standard protocols. AALE cells were a kind gift of
Jesse Boehm (Broad Institute). Isogenic cells were generated by transduction of lentivirus
generated from pLX317-Renilla luciferase or pLX301-RIT1VT, pLX301-RITI™, pLX301-
KRASWT, pLX301-KRASC!2V or pLX301-KRAS®!H and selection with puromycin. Stable pools

of cells were maintained in small airway growth medium (Lonza).

242  Soft Agar Assay

1x10° cells were suspended in 1 ml of 0.33% select agar in small airway growth medium (Lonza)
and plated on a bottom layer of 0.5% select agar in the same media in six-well dishes. Each cell
line was analyzed in triplicate. Colonies were photographed after 3-5 weeks and quantified using

Fiji software.

243 Transcriptome profiling

Three replicates per cell line were harvested at ~90% confluence (n = 18 total culture dishes). Cells

were lysed and total RNA was extracted using Direct-zol RNA Miniprep plus (Zymo Research).
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Libraries were constructed using the non-strand-specific poly-A selection Illumina TruSeq kit for
50bp paired-end reads. Libraries were pooled and sequenced on the Illumina NovaSeq platform
(Fred Hutch Genomics Core). Reads were aligned to the human reference genome build
hg19/GRCh37 using STAR v.2.5.3a (Dobin et al. 2013). Alignments were annotated for duplicates
and read groups then reordered and indexed using Picard Tools v.1.114 (“Picard Tools - By Broad
Institute” n.d.). Read statistics for each RNA-seq sample were calculated using RSeQC (Wang,
Wang, and Li 2012). Quantification of gene transcripts was performed by the featureCounts
program within the Subread package (Liao, Smyth, and Shi 2014), using hgl9 gene annotations
from UCSC. Gene level counts per million reads (CPM) and reads per kilobase of transcript
mapped reads (RPKM) values were calculated with edgeR v.3.22.3 (Robinson, McCarthy, and
Smyth 2009), and converted into transcripts per million reads (TPM) values with an in-house
script. In total, 12,887 genes were identified with average logCPM at least 0.1 across all samples.
Differential expression analyses comparing KRAS or RIT1 perturbed cell lines against vector

control lines were performed using the R package edgeR (Robinson, McCarthy, and Smyth 2009).

2.4.4  High performance liquid chromatography tandem mass spectrometry (LC-MS/MS)

Cells were washed in ice-cold PBS, scraped into PBS, pelleted, and snap frozen in liquid nitrogen.
The experimental workflow for sample processing, TMT-labeling, peptide enrichment, and LC-
MS/MS were largely as previously described (Mertins et al. 2018). Briefly, pellets were lysed in
200 pl of chilled urea lysis buffer (8 M urea, 75 mM NaCl, 50 mM Tris (pH 8.0), | mM EDTA, 2
pg/ml aprotinin, 10 pg/ml leupeptin, | mM PMSF, 1:100 (vol/vol) Phosphatase Inhibitor Cocktail
2, 1:100 Phosphatase Inhibitor Cocktail 3, 10 mM NaF, and 20 uM PUGNACc) for each ~50 mg
portion of wet-weight tissue. Lysates were reduced with SmM DTT, alkylated with 10 mM [AM,

and digestion performed in solution with 1 mAU LysC per 50 pg of total protein and trypsin at an
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enzyme/substrate ratio of 1:49. Reactions were quenched with FA and brought to pH = 3 with FA.
Peptides were desalted on 200 mg tC18 SepPak cartridges and dried by vacuum centrifugation.
340 pg of peptides were labeled with 10-plex Tandem Mass Tag reagents (TMT10, Fisher
Scientific), according to manufacturer's instructions. To enable quantification of peptides across
all 12 samples, the samples were labeled in sets of 10 across two different TMT10 pools in a
crossover design with 8 of 12 samples analyzed in both TMT10 pools. A 50/50 mix of both AALE
vector control lysates was used as an internal reference in both TMT10 runs (Figure 2.5B).

Each TMT10-plex was desalted in a 200 mg tC18 SepPak cartridge and fractionated using
offline HPLC. 5% of each fraction was collected into an HPLC vial for proteome analysis by LC-
MS/MS. The remaining 95% was processed for phospho-peptide enrichment via immobilized
metal affinity chromatography (IMAC). IMAC enrichment was performed using Ni-NTA
Superflow Agarose beads incubated with peptides solubilized in a final concentration of 80%
MeCN/0.1% TFA. Phospho-enriched peptides were desalted and collected into an HPLC vial for
analysis by LC-MS/MS.

Online fractionation was performed using a nanoflow Proxeon EASY-nLC 1200 UHPLC
system (Thermo Fisher Scientific) and separated peptides were analyzed on a benchtop Orbitrap
Q Exactive Plus mass spectrometer (Thermo Fisher Scientific) equipped with a nanoflow
ionization source (James A. Hill Instrument Services, Arlington, MA). In-house packed columns
(20 cm x 75 um diameter C18 silica picofrit capillary column; 1.9 um ReprosIl-Pur C18-AQ beads,
Dr. Maisch GmbH, r119.aq; Picofrit 10 um tip opening, New Objective, PF360-75-10-N-5).
Mobile phase flow rate was 200 nL./min, comprised of 3 % acetonitrile/0.1 % formic acid (Solvent
A) and 90 % acetonitrile /0.1 % formic acid (Solvent B). The 110 min LC-MS/MS method

consisted of a 10 min column-equilibration procedure; a 20 min sample-loading procedure; and
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the following gradient profile: (min: % B) 0:2; 2:6; 85:30; 94:60; 95:90; 100:90; 101:50; 110:50

(the last two steps at 500 nL/min flow rate). Data-dependent acquisition was performed using
Xcalibur QExactive v2.4 software in positive ion mode at a spray voltage of 2.00 kV. MS1 Spectra
were measured with a resolution of 70,000, an AGC target of 3e6 and a mass range from 300 to
1800 m/z. Up to 12 MS/MS spectra per duty cycle were triggered at a resolution of 35,000, an
AGC target of 5e4, an isolation window of 0.7 m/z, a maximum ion time of 120 msec, and
normalized collision energy of 30. Peptides that triggered MS/MS scans were dynamically
excluded from further MS/MS scans for 20 sec. Charge state screening was enabled to reject
precursor charge states that were unassigned, 1, or >6. Peptide match was set to preferred for

monoisotopic precursor mass assignment.

2.4.5  Protein-peptide identification, phosphosite localization, and quantification

MS data was interpreted using the Spectrum Mill software package v6.0 pre-release (Agilent
Technologies, Santa Clara, CA. MS/MS spectra were merged if they were acquired within +/- 45
sec of each other with the same precursor m/z. Also, MS/MS spectra that did not have a sequence
tag length > 0 (i.e., minimum of two masses separated by the in chain mass of an amino acid) or
did not have a precursor MH+ in the range of 750-6000 were excluded from searching. MS/MS
spectra searches were performed against a concatenated UniProt human reference proteome
sequence database containing 58,929 human proteins including isoforms (obtained 10/17/2014)
and 150 additional common laboratory contaminants. ESI-QEXACTIVE-HCD-3 scoring
parameters were used for both whole proteome and phosphoproteome datasets. Spectra were
allowed +/- 20 ppm mass tolerance for precursor as well as product ions, 30% minimum matched
peak intensity, and “trypsin allow P” was set as enzyme specificity with up to 4 missed cleavages

allowed. Carbamidomethylation at cysteine was set as fixed modification together with TMT10
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isobaric labels at lysine residues (N-termini would be considered regardless if it was TMT
labelled). Acetylation of protein N-termini andoxidized methionine were set as variable
modifications with a precursor MH+ shift range of -18 to 64 Da for the proteome searches. For the
phosphoproteome searches the precursor MH+ shift range was set to 0 to 272 Da and variable
modifications of phosphorylation of serine, threonine, and tyrosine. Identities interpreted for
individual spectra were automatically designated as confidently assigned using the Spectrum Mill
autovalidation module to use target-decoy based false discovery rate (FDR) estimates to apply
score threshold criteria. For the whole proteome datasets, thresholding was done at the spectral (<
1.2%) and protein levels (< 0.1%) . For the phosphoproteome datasets, thresholding was done at
the spectral (< 1.2%) and phosphosite levels (< 1.0%).

Replicates across TMT-plexes were highly correlated (Figure 2.5C) with median Pearson
r = 0.87 and 0.69 for proteome and phosphoproteome, respectively. Technical replicates and
biological replicates were merged to generate final total proteome and phospho-proteome profiles
for each isogenic cell line (tables S1 and S2). Replicate-level profiles are also supplied as

JavaScript Object Notation (.json) files that can be visualized and analyzed using the Morpheus

Matrix Visualization and Analysis Software at https://software.broadinstitute.org/morpheus (Data
Files S1 and S2). Differential protein and phospho-site signatures were generated by computing
the mean logx(fold change) of the abundance of each site in each sample compared to the vector
control cells. Statistical significance of differentially abundant proteins and phosphosites was
determined by performing a one sample moderated t-test with multiple hypothesis correction

(tables S1 and S2).
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2.4.6  Integrative Proteome and Transcriptome Analysis
Correlation of changes in protein expression and changes in RNA expression was modeled with a
linear model. 95% prediction intervals were calculated to highlight genes with weak concordance
between protein and RNA expression. Differentially expressed transcripts were determined by
filtering edgeR results (described above) to transcripts with [log>Fold-Change| > 1 and FDR < 0.05.
Differentially abundant proteins were determined by filtering to proteins with |logoFold-Change |

> 1 and adjusted p-value < 0.05.

2.4.7 Gene Set Enrichment Analysis

Analysis of enrichment of KRAS signaling in differential RNA expression profiles was performed
in R with GOseq (M. D. Young et al. 2010). KRAS signaling gene sets were taken from MSigDB

hallmark gene sets (Subramanian et al. 2005; Liberzon et al. 2015).

2.4.8 Transcription Factor Target Enrichment Analysis

Analysis of over-representation of transcription factor targets was performed with ChIP-X
Enrichment Analysis 3 (ChEA3) by submitting lists of differentially expressed genes (|log2Fold-
Change| > 1 and FDR < 0.05). ChEA3 performs Fisher’s Exact Tests to compare the input gene
set to transcription factor target gene sets in six different libraries (Keenan et al. 2019). Analysis
of the Enrichr Queries library was selected as the focus of the present study. Transcription factors
resulting from this analysis were manually annotated as one of three groups of EMT association.
These groups were: 1) confirmed EMT genes defined by dbEMT(M. Zhao et al. 2019), 2) genes

shown to be associated with EMT in at least one study in literature, and 3) genes unrelated to EMT.
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249  Antibodies and immunoblotting
Antibodies against FOSL1 (D80B4), TXNIP (D5F3E), and Vimentin (D21H3) were purchased
from Cell Signaling Technology. Vinculin (V9264) was purchased from Sigma Aldrich.
Secondary antibodies StarBright Blue 700 Goat anti-Rabbit IgG, StarBright Blue 520 Goat anti-
Rabbit IgG and StarBright Blue 520 Goat anti-Mouse I1gG (12005867) were purchased from Bio-
Rad. Antibody against RIT1 (#53720) was purchased from Abcam. Cell lysates were prepared in
RTK lysis buffer with protease (11836153001, Roche) and phosphatase (04906837001, Roche)
inhibitors added and quantified by the BCA assay (Thermo Scientific Waltham, MA). Samples
were then boiled in Laemmli buffer (1610747, Bio-Rad, Hercules, CA) and 50 ug of protein was
loaded onto 4-15% Mini-Protean TGX (4561084, Bio-Rad, Hercules, CA) gels. Protein gels were
run and transferred to PVDF membranes (1704274, Bio-Rad, Hercules, CA) according to
manufacturer's instructions. Proteins were detected by specific primary antibody and secondary
antibody then visualized using the ChemiDoc MP Imaging System (Bio-Rad, Hercules, CA) or

Odyssey Imager (Li-Cor).

2.4.10 KSEA analysis

Kinase-substrate enrichment analysis (KSEA) (Casado et al. 2013) was performed using the KSEA

App (Wiredja, Koyutiirk, and Chance 2017) (https://casecpb.shinyapps.io/ksea/) using kinase-

substrate mappings from PhosphoSitePlus (Hornbeck et al. 2011) and a p value threshold of <
0.05. A minimum of five detected phospho-site substrates were needed for kinases to be included
in the analysis. The full list of kinase scores and number of substrates are shown in Supplementary
Table 6. 36 kinases had sufficient substrate sites detected to be included in the analysis. Kinase-

substrate mappings are shown in Supplementary Table 6.
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2.4.11  Scratch Assay
Cells were seeded in 96-well ImagelLock plates (Sartorius) at a concentration of 46,000 cells/well.
The cells were then incubated overnight in SAGM media without EGF (Lonza). After incubation,
with the cells forming a monolayer, a scratch wound is made using the 96-well WoundMaker tool
(Sartorius). Plate was imaged every hour for 13 hours and analyzed using the IncuCyte ZOOM
v2016A (Sartorius). Further analysis was performed in GraphPad Prism v9 using multiple

comparison two-tailed t-tests and reporting q values.

2.4.12 gRT-PCR

Extracted RNA for each biological replicate of the 6 cell lines were used to generate cDNA by
reverse transcription with the SuperScript IV First-Strand Synthesis kit (Invitrogen). Quantitative
RT-PCR reactions were set up in technical triplicates using the Tagman Gene Expression Master
Mix (Thermo Fisher) and a TagMan Gene Expression Assay for a reference gene, 18S
(Hs99999901 sl), as well as for each gene of interest: VIM (Hs00958111 ml), SNAI1
(Hs00195591 m1), and SNAI2 (Hs00161904 ml). PCR reactions were performed and gene
expression quantified using the CFX384 Real-Time System (Bio-Rad). Relative gene expression

was calculated by the Livak method using an in-house script.

2.4.13  Immunofluorescence

For immunofluorescence detection of Vimentin, 2.5 x 105 AALE stable cells (passage 5) were
plated in triplicate on 4-well Nunc Lab-Tek II CC2 chamber slides and allowed to adhere overnight
at 37°C and 5% CO2. The next day, media was aspirated and cells were washed once with PBS,
then fixed with 4% paraformaldehyde in PBS for 10 minutes at room temperature. Cells were then

washed twice with ice cold PBS and permeabilized with 0.25% Triton-X-100 for 10 minutes
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followed by three washes with PBS. Cells were blocked with 10% normal goat serum (Thermo
Fisher Scientific) in PBS with 0.1% Tween 20 (PBST) followed by overnight incubation at 4
degree C with Vimentin rabbit antibody (D21H3 XP® monoclonal antibody, Cell Signaling
#5741, 1:1000 dilution) in PBST. The next day, cells were washed with PBST three times for 5
minutes then incubated with Alexa Fluor® 488 preadsorbed Goat anti-rabbit [gG antibody (Abcam
#ab150117 at 1:1000 dilution) for 1 hour at room temperature in the dark. Cells were then washed
three times with PBST and slides mounted using Vectashield antifade mounting medium with
1.5ug/mL DAPI (Vector Laboratories). The slides were sealed with clear nail polish and imaged
on a Nikon Eclipse ES800 microscope with 20X/0.75 NA PlanApo objective using a DAPI filter
set (excitation wavelength: 330-380 nm; emission wavelength: 435-485) and fixed 300 ms
exposure using the FITC filter set (excitation wavelength: 460-500 nm; emission wavelength: 510-
560 nm) using a AxioCam HRm camera and AxioVision 40 software v4.8.20. To determine the
percent of positive cells, images were analyzed using TissueQuest software v7.0.1.139
(TissueGnostics, Vienna, Austria). Images were segmented using nuclear DAPI fluorescence and
then a ring mask around nuclei was applied to the Vimentin image. The mean fluorescence
intensity within each masked area was quantified and the percentage of cells above a threshold
intensity were summarized by the software. Data were analyzed using a two-tailed t-test in

GraphPad Prism v9 with a p value less than 0.05 considered significant.
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Figure 2.5. Workflow and quality control of proteomic and transcriptomic profiling

A, Replicate-level workflow for tandem mass tag (TMT) labeling and LC-MS/MS. Lysates from
duplicate sets of six isogenic AALE cell lines were used to generate two TMT-plex sets, with
control samples used to link the two sets. B, TMT 10-plex layout showing mass tags associated
with each replicate set of isogenic AALE cells. C, Average pairwise replicate correlations (Pearson
r) of all replicates from each sample group indicated. D, RNA-seq run and mapping statistics show

total reads, mapped reads, and reads mapped to rRNA, for each AALE cell line.
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Figure 2.6. Transcriptomic profiling of KRAS and RIT1 cells.

A, Gene expression of FOSLI in L1000 assay of isogenic AALE cells. Z-scores are calculated
normalized to L1000 plate. Dashed lines indicate Z-scores of 1 and -1. N = 6 to 8 L1000 replicates
for each perturbation. Genes are ordered left to right: vector controls, RAS signaling genes, and
other oncogenes or tumor suppressors. Within a gene, conditions are shown in the order from left
to right: putative oncogenic mutations, wild-types, and lastly any kinase-dead conditions. B,
Global proteome-transcriptome correlation analysis for wild-type RIT1 and wild-type KRAS
overexpressing AALE cell lines. Gray dashed line = linear regression between Log>Fold-Change
of mRNA to respective LogzFold-Change of protein. Red = genes outside the 95% prediction
interval. » = Pearson correlation coefficient. Data shown are generated from 2-4 technical LC-
MS/MS replicates per cell line generated from N=2 biological replicates per cell line. N = 3 RNA-
seq replicates for each isogenic cell line.
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Figure 2.7. Phosphoproteome profiling identifies enhanced phosphorylation of specific
kinase substrates in KRAS- and RIT1-mutant cells.

A, KSEA analysis of AALE phosphoproteomes. Top differentially phosphorylated kinase
substrates are shown. Marker selection analysis identifies differentially phosphorylated sites in
KRAS-mutant cells compared to RIT1-mutant cells. Phosphosites from KRAS-mutant and
RITIMLmutant replicate-level phosphoproteome profiles were compared by two-tailed t-test. B,
KSEA of phosphoproteome data for RITIWT and RITIMLexpressing AALE cells. The kinase z-
score indicates the overall score for each kinase listed, normalized by the total number of
substrates. Significant scores (P<0.05) are indicated in red and blue. Phosphosites of kinases in
red were more highly abundant in the cell line compared to vector control, whereas phosphosites
of kinases in blue were more highly abundant in vector control than the indicated cell line. C,
KSEA of phosphoproteome data for KRAS-expressing AALE cells. Labeling as in B.
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Figure 2.8. Phosphoproteome profiling identifies enhanced phosphorylation of specific
kinase substrates in KRAS- and RIT1-mutant cells.

D, Violin plot of phosphosite abundance in RIT1- or KRAS-expressing AALE cells of
phosphosites that are RPS6KA1 substrates. E, Violin plot of phosphosite abundance in RIT1- or
KRAS-expressing AALE cells of phosphosites that are MAPKAPK?2 substrates. F, Violin plot of
phosphosite abundance in RIT1- or KRAS-expressing AALE cells of AKT1 substrate sites. G,
Violin plot of phosphosite abundance of PRKCA substrate sites. H, Violin plot of phosphosite
abundance of AURKB substrate sites. I, Pairwise replicate correlation (Pearson ») heatmap and
unsupervised hierarchical clustering of phosphoproteome data from AALE cells. Data shown are
generated from 2-4 technical LC-MS/MS replicates per cell line generated from N=2 biological
replicates per cell line.
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Figure 2.9. RIT1 and KRAS promote epithelial-to-mesenchymal transition.

A, Log:Fold-Change in mRNA levels of EMT genes VIM, CDH2, FNI, and KRT19, in each
isogenic cell line compared to vector control. N=3 RNA-seq replicates per cell line. B,
Transcription factor target enrichment analysis using Enrichr libraries of differentially expressed
genes in RIT1Y" cells. FET, Fisher’s exact test. N = 3 RIT1"" replicates compared to 3 vector
controls. Arrows indicate proteins of the Snail family. Black = confirmed EMT genes in dbEMT.
Dark gray = EMT-associated genes in literature. C, Same as B for KRAS™", KRAS®"*", and
KRAS®™ cells.
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Figure 2.10. Amplification of RIT across cancer types.

A, RIT1 amplification frequency across tumor types in the TCGA Pan-Cancer Atlas. B, mRNA
expression levels in Pan-Cancer tumors with varying RIT1 copy-number alterations, z-scores

normalized to diploid samples. Box plot shows median, 25™ percentile, and 75" percentile values.
Whisker lines extend to 1.5x the Interquartile range (IQR), or the maximum and minimum data

points if these are within the IQR.
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Chapter 3. ONCOGENIC KRAS PROMOTES ABERRANT RNA

SPLICING IN LUNG CANCER

A version of this chapter is published on bioRxiv:

A. Lo, M. McSharry, A. H. Berger, Oncogenic KRAS alters splicing factor phosphorylation and
alternative splicing in lung cancer. bioRxiv. 2022. https://doi.org/10.1101/2022.05.20.492866

I led this work and my contributions to this paper included performing experiments, analyzing

transcriptome data, and writing the manuscript.

Background: Alternative RNA splicing is widely dysregulated in cancers including lung
adenocarcinoma, where aberrant splicing events are frequently caused by somatic splice site
mutations or somatic mutations of splicing factor genes. However, the majority of mis-splicing in
cancers is unexplained by these known mechanisms. We hypothesize that the aberrant Ras
signaling characteristic of lung cancers plays a role in promoting the alternative splicing observed
in tumors.

Methods: We recently performed transcriptome and proteome profiling of human lung
epithelial cells ectopically expressing oncogenic KRAS and another cancer-associated Ras
GTPase, RIT1. Unbiased analysis of phosphoproteome data identified altered splicing factor
phosphorylation in KRAS-mutant cells, so we performed differential alternative splicing analysis
using tMATS to identify significantly altered isoforms in lung epithelial. To determine whether
these isoforms were uniquely regulated by KRAS, we performed a large-scale splicing screen in
which we generated over 300 unique RNA sequencing profiles of isogenic A549 lung
adenocarcinoma cells ectopically expressing 75 different wild-type or variant alleles across 28

genes implicated in lung cancer.
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Results: Mass spectrometry data showed widespread downregulation of splicing factor
phosphorylation in lung epithelial cells expressing mutant KRAS compared to cells expressing
wild-type KRAS. We observed alternative splicing in the same cells, with 2196 and 2416 skipped
exon events in KRASY!?Y and KRASQH cells, respectively, 997 of which were shared (p < 0.001
by hypergeometric test). In the high-throughput splicing screen, mutant KRAS induced the greatest
number of differential alternative splicing events, second only to the RNA binding protein RBM45
and its mutant allele RBM45M!26! 'We identified ten high confidence cassette exon events across
multiple KRAS variants and cell lines. These included differential splicing of the Myc Associated
Zinc Finger (MAZ). As MAZ regulates expression of KRAS, this splice variant may be a
mechanism for the cell to modulate wild-type KRAS levels in the presence of oncogenic KRAS.

Conclusion: Proteomic and transcriptomic profiling of lung epithelial cells uncovered splicing
factor phosphorylation and mRNA splicing events regulated by oncogenic KRAS. These data
suggest that in addition to widespread transcriptional changes, Ras signaling pathways in cancer

promote post-transcriptional splicing changes that may contribute to oncogenic processes.

3.1 BACKGROUND

Lung cancers are the leading cause of cancer death worldwide, with lung adenocarcinomas
accounting for over 40% of lung cancers (American Cancer Society 2021). Lung
adenocarcinomas, a form of non-small cell lung cancer, exhibit a high somatic mutational burden,
with a median of 8.7 exonic somatic mutations per megabase in the tumor genome (Campbell et
al. 2016). While most mutations are not known to have functional consequences, an important
subset disrupts the pathways and molecular processes that regulate cell growth and proliferation,

contributing to carcinogenesis.
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One molecular process that is under a high level of regulation is RNA splicing and processing.
RNA splicing is required in eukaryotic cells to produce functional proteins and modulate protein
abundance. In a phenomenon known as alternative splicing, cells can also harness RNA splicing
to produce different versions of proteins from the same gene, contributing to the diversity and
functional complexity of the human proteome. Analyses of cancer genomes and transcriptomes
show that alternative splicing is dysregulated in a widespread manner in many cancers including
in the lung (Kahles et al. 2018). One mechanism by which splicing can be altered in cancer is cis-
acting splice site mutations which disrupt the recognition of exon splice sites (Jayasinghe et al.
2018). For instance, a mutation in a splice site of the tyrosine kinase gene MET leads to exon 14
skipping and a constitutively active protein (Lu et al. 2017; Onozato et al. 2009). Notably, lung
cancers harboring this mutation confer clinical sensitivity to MET inhibitors (Frampton et al. 2015;
Drilon et al. 2020). RNA splicing can also be altered in lung tumors by trans-acting mutations in
splicing factor genes including U2AFI, RBM10, and SF3B1 in lung tumors (Brooks et al. 2014; J.
Zhao et al. 2017; Imielinski et al. 2012). Improved knowledge of these splicing aberrations and
the resulting mis-spliced genes would improve discovery of new small molecule or gene therapies
for cancer.

However, most aberrant splicing observed in cancer cannot be explained by known splice
site or splicing factor mutations (Li et al. 2017). Another route to aberrant splicing is through
dysregulation of signaling pathways upstream of splicing factors. Splicing factors, the proteins that
determine where and when splicing occurs, are themselves regulated by intracellular signaling
cascades (Zhou and Fu 2013). SR proteins are a family of splicing factors that plays a large role in
splice site selection (Bradley, Cook, and Blanchette 2015). The function of SR proteins as

recruiters of the spliceosome and catalyzers of the splicing reaction is heavily dependent on their
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phosphorylation state (Mermoud, Cohen, and Lamond 1992). As such, these proteins are regulated
by kinases including SRPK1 and Clk/Sty (Shepard and Hertel 2009), and changes in their activity
are associated with advanced forms of lung adenocarcinomas (Gout et al. 2012). In particular,
previous studies show that alternative splicing can be disrupted through the AKT-SRPK-SR
protein axis or the TGFb-CLK/sty-SR axis (Zhou et al. 2012; Nowak et al. 2008; Blaustein et al.
2005).

The AKT-SRPK signaling pathway is one of many arms of the receptor tyrosine kinase
(RTK) and Ras signaling cascade, a network that regulates many cellular processes and is often
altered in cancers (Mukhopadhyay, Vander Heiden, and McCormick 2021). Mutations in KRAS
are seen in ~27% of lung adenocarcinomas, and in total, ~76% of tumors harbor mutations in RTK-
Ras-Raf pathway genes including the tyrosine kinases EGFR and MET (Imielinski et al. 2012;
Cancer Genome Atlas Research Network 2014; Campbell et al. 2016). Despite a large body of
work studying the Ras pathway, therapies targeting KRAS have only recently become viable and
are currently effective only for the KRAS G12C variant (Canon et al. 2019). Inhibitors targeting
EGFR or other RTKs are effective only for a limited time, with acquired resistance a nearly
universal occurrence (Passaro et al. 2021; Drosten and Barbacid 2020). Understanding novel
downstream processes of this oncogenic signaling cascade would expand the options for
therapeutic intervention. In some instances, splicing factors or alternative isoforms can be
amenable to inhibition by small molecule inhibitors, providing opportunities to relieve tumor
burden (da Silva et al. 2015). Moreover, oligonucleotide therapies for aberrant splicing have
proven effective in treating genetic disorders and could be used in precision oncology as well

(Finkel et al. 2016).
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In this study, we ask which mRNA splicing processes are downstream of and directed by
Ras signaling. We employ a controlled experimental system of lung cell lines in order to
investigate the effects of specific genetic perturbations on alternative splicing. In doing so, we
avoid confounding influences of other contextual differences on splicing and increase the

sensitivity to uncover oncogene-regulated aberrant splicing events.

3.2 RESULTS

3.2.1  Mutant KRAS suppresses splicing factor phosphorylation in lung epithelial cells

The process of mRNA splicing is known to involve regulation of phosphorylation states (Cho et
al. 2011; Aubol et al. 2016). Previously, we generated human AALE lung epithelial cells stably
expressing KRAS"T, KRASC!?V, KRASC, RITI", and RITI™, and performed liquid
chromatography and tandem mass spectrometry (LC-MS/MS) to profile their proteomes and
phosphoproteomes (Lo et al. 2021). As expected, phosphorylation of Ras pathway proteins was
significantly altered in cells expressing KRAS or RIT1 variants (Figure 3.1A). Interestingly, in
cells expressing KRASS!?V or KRASQH variants, we also observed a marked change in the
phosphorylation of splicing factor proteins (Figure 3.1A) with several SR proteins showing
decreased phosphorylation state (Figure 3.1B). As each phosphosite was normalized to total
protein level, and total protein level of these SR proteins was unchanged (Figure 3.5A), the
decreased SR protein phosphorylation was likely due to differences in phosphorylation state itself.
The phosphosites that showed the greatest decrease in phosphorylation levels (Figure 3.1B)
occurred in proteins known to be precisely regulated by phosphorylation: SRSF7, SRSF1, and
SRSF2 (Cho et al. 2011; Aubol et al. 2003; Naro and Sette 2013). Moreover, these phosphosites
are primarily located in the RS domains and as such are critical for the shuttling and splicing

activity of the proteins (Zheng et al. 2020). Notably, alteration of SRSF7, SRSF1, and SRSF2
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protein phosphorylation occurred predominantly in KRAS™ cells compared to KRASWT cells,

and not in the RIT1M%! cells compared to RIT1WVT cells (Figure 3.1C, 3.5B). These data suggest

that KRAS may uniquely alter SR protein phosphorylation state in a manner distinct from another
RAS-family GTPase, RIT1.
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Figure 3.1. Mutant KRAS suppresses splicing factor phosphorylation in lung cells.

A) Phosphorylation changes in SR proteins (blue) or other proteins (gray) in KRASS!?V or
KRASQMH yvg KRASWYT cells, and RITIM?! yg RIT1WT cells; * p<0.05, **** p<0.0001 by one-

sided Wilcoxon rank-sum test. B) Volcano plots of the phosphorylation changes in mRNA
splicing proteins. Sites with less phosphorylation in KRASY?V or KRASR™M compared to
KRASYT are shown in blue, sites with more phosphorylation are shown in red. The most
significantly altered SR protein phosphosites are labeled. C) Phosphorylation changes in
phosphosites of RNA splicing proteins of interest SF3B2, SRSF1, SRSF2, SRSF4, and SRSF7.

3.2.2  Oncogenic KRAS regulates alternative splicing in lung epithelial cells

Following the observation that splicing factors are differentially phosphorylated in KRAS™"!
overexpressing cells compared to KRASWT overexpressing cells, we sought to directly compare

RNA splicing regulated by oncogenic KRAS. To this end, we performed RNA sequencing and
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differential splicing analysis using tMATS (Shen et al. 2014). Alternative splicing of cassette

exons (Figure 3.2A) is tightly regulated by SR proteins (Zhou and Fu 2013; Zheng et al. 2020) and
these events are typically the most prevalent form of alternative splicing detected in cancer and
development (Scotti and Swanson 2016; Singh and Cooper 2012). The majority of splicing events
observed in AALE cells were cassette exon events (70.3%), so we focused on cassette exon events
for subsequent analyses. We observed that many cassette exons are more skipped or more
promoted in KRASY!?Y and KRASQH-mutant cells compared to KRASWT cells (Figure 3.2B). In
addition, 997 exons are differentially skipped in both KRASS!2Y and KRASR®!! cells compared to
the wild-type cells, indicating that oncogenic KRAS variants cause similar changes in splicing
patterns (hypergeometric test for intersect p <0.0001) (Figure 3.2C). The exons most differentially
expressed in both KRAS™" cell lines include exons MOK, which encodes a member of the MAP
kinase superfamily, and N75C2, which encodes a 5'-nucleotidase enzyme implicated in
chemotherapy resistance (Qian et al. 2015; Tzoneva et al. 2013) (Figure 3.2D). We observed that
despite these changes in splicing activity, mRNA expression of splicing factors is unaltered in
these cells, indicating that phospho-signaling is the primary method of regulation (Figure 3.6).
These shared cassette exon events point to a change in splicing regulation driven by activated

KRAS.
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Figure 3.2. Oncogenic KRAS regulates alternative splicing in lung epithelial cell.

A) Schematic of the inclusion or skipping of a cassette exon. B) Differentially spliced exons in
KRASS!2Y and KRASQMH cells compared to KRASWYT cells. PSI = Percent Spliced In. Red = exons
promoted at least 10% more in KRASYT than KRAS™, Blue = exons promoted at least 10% more
in KRAS™* than KRASWT. FDR < 0.05. C) Overlap of differentially spliced exons in KRASS!2V
vs KRASWT and KRASQSH vs KRASWT, P-value calculated by modeling skipped exon events as
a hypergeometric distribution. D) Read coverage plots of skipped exon events in MOK and NT5C2,
normalized by total RNA-seq library size and RNA composition. Left axis = percent coverage
relative to region. Right axis = absolute read coverage.

3.2.3 A large-scale transcriptome screen as a platform for splicing discovery

To further study how KRAS and related oncogenes regulate alternative splicing, we performed a
large-scale perturbation screen in A549 lung adenocarcinoma cells. Isogenic A549 cell lines were
generated by lentiviral transduction in 384 well format as described previously (Alice H. Berger
et al. 2016) with multiple biological replicates per variant. 4 days after transduction, cells were
lysed for transcriptome analysis using the SmartSeq low input method (Figure 3.3A). To identify
oncogene-driven effects on transcription and splicing, we chose 28 genes to study based on high
mutation frequency in lung adenocarcinomas and relevance in RNA processing and signaling

pathways (Alice H. Berger et al. 2016). In total, we generated whole transcriptome profiles for 374
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unique replicates of arrayed isogenic cell lines expressing 79 different lentiviral constructs which
include vectors for wild-type genes, variant alleles, and controls. For each replicate used in
subsequent analyses, we confirmed allele overexpression by direct analysis of the RNA-seq data

(Figure 3.7B-F)
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Figure 3.3. A large-scale transcriptome screen as a platform for splicing discovery.

A) Experimental workflow for RNA-seq analysis of lung adenocarcinoma genes and variants. B)
Transcriptome profiles of cells expressing different gene constructs. Dimensionality reduction
performed using t-distributed stochastic neighbor embedding (t-SNE) (Van Der Maaten and
Hinton 2008). Each point represents an experimental replicate. Genes and alleles of particular
interest are colored and labeled. Controls are circles colored in black. Circle = wild-type allele.
Diamond = variant allele. C) Gene set analysis with GOseq of up- or down-regulated transcripts
in MYC, KRAS, FBXW7, and negative control cells. Hallmark gene sets from mSigDB.

Comparing gene expression signatures across the full experiment highlighted the distinct

transcriptomic effects due to the ectopic expression of different open reading frames (ORFs). For
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example, ectopic expression of transcription factors such as MYC, SOX2, and NFE2L?2 resulted in
consistent expression shifts across the transcriptome which are reflected by replicates which group
close together (Figure 3.3B). Expression profiles also highlighted the functional differences
between wild-type and variant alleles of oncogenes. Consistent with previous findings, cells with
activating ARAFS?!4F showed similarities to KRAS and NRAS variant cells, while wild-type ARAF,
neutral variant ARAFY'*L and the kinase-inactivated variants ARAFS2I4F/D429A  apd
ARAFSH4CDA94A did not (Alice H. Berger et al. 2016).

To determine how ectopic expression of each gene affected the transcriptome, we inspected
the differentially expressed genes between cell lines expressing an experimental ORF and cell lines
expressing a control vector. As expected, overexpression of the transcription factor MYC induced
high levels of MYC expression (Figure 3.7A). Gene set analysis further showed that the transcripts
with increased expression in MYC-overexpressing cells include known MYC target genes (Figure
3.3C). Conversely, overexpression of known MYC inhibitors such as FBXW7 decreased the
expression of MYC target genes. Expression of two inactivating MAX mutations, but not wild-
type MAX, also suppressed MYC target gene expression (Yeh, Bellon, and Nicot 2018; Augert et
al. 2020) (Figure 3.3C). These findings demonstrate that this large-scale gene expression profiling
screen can recapitulate known biology and support the utility of these data for further discovery.

One potentially confounding factor for this system is the natural endogenous KRASY!25
variant found in A549 cells. To verify that we were observing the activity of activated KRAS from
ectopic expression of KRAS variants in this background, we first ensured that KRAS was
overexpressed by a significant amount. We defined significant allele overexpression as two
standard deviations above endogenous KRAS expression (Figure 3.7B). Then we performed gene

set analysis on A549 cells ectopically expressing KRASWT, KRASC!2V, or KRASC!2C, Genes
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involved in upregulation of KRAS signaling were enriched in KRASS!2Y and KRASY!2C cells but

not KRASWT cells. Similarly, another gene set we saw enriched in KRAS™ cells was the Nf-kb
signaling pathway (Figure 3.3C), which oncogenic KRAS is known to activate (Barbie et al. 2009;
Daniluk et al. 2012). These and previous data suggest that despite their endogenous KRAS
mutation, A549 cells can be used as a model for KRAS signaling upon further KRAS perturbation

(Alice H. Berger et al. 2016)

3.2.4 A screen for splicing alterations in lung cancer identifies alternative splicing events

regulated by KRAS

The use of RNA sequencing rather than probe-based array or bead technologies for transcriptome
analysis provides the opportunity to measure alternative splicing in addition to differential gene
expression. In both the data from AALE cells and the large-scale screen in A549 cells, we
performed differential splicing analysis to first compare replicates with ORF expression against
replicates expressing a control vector. We observed a mean of 456 differentially spliced events per
overexpressed wild-type or variant allele and fewer than 1000 events in all except wild-type
RBM45, which induced 1496 total differential alternative splicing events compared to vector
control (Figure 3.9A-B, z-score = 4.51). Overexpression of the cancer-associated RBM45P434Y
allele also induced more alternative splicing events than average (z-score = 1.53).

Notably, several of the ORFs that perturbed splicing the most were transcription factors.
These included NFE2L2, SOX2, or MYC (Figure 3.9A-B). Cells overexpressing wild-type NFE2L2
harbored 931 alternative splicing events compared to vector controls (z-score = 2.06). Similarly,
cells with wild-type MYC or the activated MYCE39%C variant exhibited 787 and 726 differential

splicing events, respectively (z-scores = 1.44 and 1.17). These increases may reflect a regulatory
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role played by mRNA splicing to adjust protein abundance levels when transcription activity and
pre-mRNA levels are disrupted (Han et al. 2017).

We next compared cells overexpressing each variant allele to cells overexpressing the
corresponding wild-type allele. Again, we observed the highest number of differential splicing
events in RBM45 variant cells compared to RBM45 wild-type cells (z-score = 2.94, Figure 3.4A).
Among differentially expressed exons, 62% were more included in the variant cells than in RBM45
wild-type cells. This imbalance suggests a role for RBM45 in promoting exon skipping that is
disrupted by mutations. Additionally, of the 835 total differentially spliced events in RBM45M126!
and 418 in RBM45P%4Y cells compared to wild-type RBM45, 154 were shared between the two
groups (hypergeometric test of intersect, p <0.001), indicating these variants cause phenotypically
similar changes to protein function.

Besides RBM45, the variant with the greatest alternative splicing effect compared to the
wild-type gene was KRASC!2¢ with 729 total differential splicing events including 440 cassette
exons. Similarly, KRASS!2V cells differentially splice 409 events compared to KRASWYT cells
including 232 cassette exons. (Figure 3.4A, 3.9C). Since G12V, G12C, and Q61H are all KRAS
activating variants that promote deregulated downstream MAPK signaling (Cook et al. 2021), we
took advantage of our parallel analyses of multiple KRAS variants across two cellular contexts to
identify cassette exon splice variants that are similarly differentially regulated in all four KRAS™"
AALE and A549 cell lines compared to the respective KRASWYT cells. Using this approach, we
identified 10 high-confidence alternative cassette exons that are consistently altered when KRAS
is activated across the two different cellular contexts and three KRAS variants (Figure 3.4B). The
approximate degree of splicing change (percent spliced in) induced by KRASY!?Y was similar in

A549 and AALE cells (Figure 3.4B; Pearson’s coefficient = 0.71, p-value = 0.020).
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As our phosphoproteomic analysis indicated changes in the activity of SR proteins, we
asked if these genes are differentially expressed. In most cells, including KRAS and EGFR
overexpressing cells, there was no notable change in the gene expression of splicing factors such
as SF3B1, SRSF1, SRSF2, or SRSF7 (Figure 3.8A). We thus conclude that, in our experimental
system and with our driver genes of interest, splicing factors are not substantially regulated at the
mRNA level, and their contribution to the alternative splicing changes we observe are

phosphorylation based.
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Figure 3.4. A screen for splicing alterations in lung cancer identifies alternative splicing
events regulated by KRAS.

A) Number of events differentially spliced between cells with variant alleles and cells with
respective wild-type alleles. KRASS!2¢ and KRASS!?V are starred and labeled. Colors represent
the five splicing event categories considered. FDR < 0.05. APSI > 10%. B) Change in exon levels
in cassette exons differentially expressed in both KRAS%!?Y compared to KRASWT and KRASG!2¢
compared to KRASWT (Pearson’s coefficient = 0.71, p-value = 0.020). APSI = Change in Percent
Spliced In. C) Schematic of MAZ-1 and MAZ-2 isoforms with labeled stop codons. D) Percent
read coverage of MAZ exon V’ in KRASWYT, KRASS!2V, and KRASS!?C overexpressing A549 cells
(left) and KRASWT, KRASY'?V, and KRASQH gverexpressing AALE cells (right), relative to the
expression of flanking exons. Inset zooms in on cassette exon. E) Relative levels of MAZ-2
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compared to MAZ-1 isoforms in AALE cells overexpressing KRAS or RIT1 alleles, normalized
to KRASYT or RITIWY!, as measured by quantitative RT-PCR. Error bars = standard error.
Statistical significance was determined by two-tailed t-test.

Of the ten splice variants identified, we focused on the isoforms of the transcription factor
Myc-associated zinc finger protein (MAZ) due to its previously characterized isoforms and its role
in increasing the expression of KRAS and HRAS (Yang et al. 2019). The major mRNA isoform
MAZ-1 is composed of five exons whereas isoform MAZ-2 has six exons, with the inclusion of
exon V’ (Figure 3.4C). This additional exon includes an early stop codon, leading to a protein
isoform with an alternative C terminus (Ray et al. 2002). In both AALE and A549 cells, expression
of KRAS™ resulted in an increase in exon V’ inclusion (APSI = .14 to .34, FDR < .01) (Figure
3.4D). These alternatively spliced isoforms were validated through quantitative RT-PCR showing
a lower MAZ-2 to MAZ-1 isoform ratio in KRASWT overexpressing AALE cells (Figure 3.4E).
Thus, we found that KRASWT and KRAS™" overexpressing cells display distinct MAZ isoform

levels, suggesting that alternative splicing of the MAZ gene is regulated downstream of KRAS.

3.1 DISCUSSION

Here we asked whether oncogenic signaling by KRAS and other oncogenes in lung cancer can
perturb alternative splicing, possibly contributing to the mis-splicing that is so pervasive in human
cancer (Climente-Gonzélez et al. 2017). By expressing KRAS and other oncogenes in lung
epithelial and lung adenocarcinoma cells and performing whole transcriptome analysis, we found
that KRAS activation leads to differential changes in alternative RNA splicing. One alternative
splicing event of note was an exon inclusion event in MAZ, which can regulate the expression of
KRAS itself and HRAS (Ray et al. 2002). As a possible explanation for how these alternative
splicing changes might occur, we identified decreased phosphorylation of SR proteins SRSFI,

SRSF2, and SRSF7 in KRAS-mutant cells by LC-MS/MS. In contrast, we did not observe a change
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in protein abundance nor a change in gene expression of known splicing factors by KRAS variants.
Thus, KRAS regulation of splicing factors occurs largely through a phospho-signaling network,
underlying the importance of studying post-translational modifications. To deepen understanding
of how oncogenic KRAS alters splicing factor phosphorylation, further work is needed to
determine and validate if the dysregulated sites are phosphorylated by the canonical regulators of
SR proteins SRPK 1 or Clk/Sty, or if other kinases may be in play (Ngo et al. 2005).

SR proteins are critical in splice site selection in both constitutive and alternative RNA
splicing as they are responsible for recognizing exon splicing enhancers (ESEs) and recruiting the
spliceosome (Zhou and Fu 2013). Therefore, to modulate isoform abundance, both the abundance
and activity of SR proteins in the cell, as well as the presence of ESEs in the alternate splice sites
are important. SR protein activity is primarily regulated by the protein kinases Clkl and SRPK1
(Aubol et al. 2016). In the major isoform of MAZ, exon V is preferentially selected over exon V’
likely due to the greater number of ESEs recognized by SR proteins. However, when select SR
proteins are downregulated, exon V' may be spliced in more often. In our study of KRAS-
associated splicing of MAZ, we did not observe a change in SR protein abundances, suggesting
that if the shift in splicing of MAZ is due to SR protein function, it is caused primarily by changes
in SR phosphorylation.

By studying RNA, protein, and phosphorylation levels, we interrogated RNA splicing
regulation driven by multiple oncogenes and their tumor-associated variants, identifying splicing
factors and alternate exons of interest. Further studies of these alternative splicing mechanisms
would open the possibility of designing treatments for mis-splicing in lung adenocarcinomas. For
example, oligonucleotides can be designed and engineered to target particular splice sites in tumor

cells (Havens and Hastings 2016; Levin 2019). Similarly, existing small molecule inhibitors may
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be used to correct splicing factor dysregulation, for example, inhibition of SRPK1 to modulate SR
protein activity (Oltean et al. 2012).

Alternative isoforms in cancers also introduce neoepitopes specific to the tumor (Kahles et
al. 2018). Thus, understanding oncogene-driven alternative splicing also holds implications for
immune-based treatment of tumors with alterations in these oncogenes, including the design of
CAR-T cells to target novel tumor neo-antigens resulting from splicing events. Further
characterization of the alternate exon events associated with KRAS mutations may explain why
some KRAS-mutant tumors respond to immunotherapies more favorably than others (Jeanson et
al. 2019). However, our study is limited to effects in vitro, isolated from the immune environment,
and further investigation of oncogene-driven splicing in vivo and in patient tumors is needed.
Additionally, although we chose to focus on exon skipping events, other forms of alternative
splicing will also be critical to consider as we determine the impact to tumorigenesis and treatment
(Smart et al. 2018).

This work shows that diverse oncogenic signaling programs in lung cancer induce both
characteristic transcriptional changes as well as alterations in alternative splicing regulation.
Together with direct cis-acting somatic splicing genetic variation and trans-acting mutations in
splicing factors themselves, these signaling-related splicing patterns can provide a partial
explanation for the altered splicing observed in cancer. Continued large-scale studies are needed
to map splicing changes to particular signaling programs and mechanistic studies are needed to
better understand exactly how these programs connect to splicing. These efforts will in turn create
new opportunities for therapeutic intervention in cancer via splicing modulation or
immunotherapies, and both modalities may be beneficial in combination with established therapies

to finally provide the durable cancer cures that have largely proven elusive.
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3.2  MATERIALS AND METHODS

32.1  LC-MS/MS proteomics of AALE cells

Proteomic and phosphoproteomic data from AALE cells was generated by LC-MS/MS and
quantified as previously described (Lo et al. 2021). Briefly, isogenic AALE cells were generated
by transduction with lentiviral vectors encoding wild-type KRAS, KRASG12V, KRASQ61H, or
wild-type RIT1 or RITIMO90I. Replicate lysates from each cell line were digested and labeled with
TMT mass tags for quantitative mass spectrometry. Two TMT 10-plexes were used with AALE
vector control lysates shared across plexes for data demultiplexing. For phosphoproteome analysis,
phosphorylated peptides were enriched by IMAC column purification prior to LC-MS/MS
analysis. MS data were interpreted using the Spectrum Mill software package v6.0 prerelease. All
proteomic data are shared publicly in the public proteomics repository MassIVE
(https://massive.ucsd.edu) and are accessible at ftp://MSV000085225@massive.ucsd.edu with

username: MSV000085225 and password: oncogenic.

3.2.2  RNA sequencing

RNA-seq libraries of KRAS- and RIT1-mutant AALE cells were previously described (Lo et al.
2021). Briefly, three replicates per cell line were used for RNA isolation by Direct-zol RNA mini-
prep (Zymo) and libraries generated using the TruSeq RNA Library kit (Illumina). Libraries were
sequenced on an Illumina NovaSeq at the Fred Hutch Genomics Shared Resource to an average
coverage of 70 million 50 bp paired-end reads per sample. RNA-sequencing reads were mapped
to the human genome reference hg1 9/GRCh37 using STAR 2.5.3a. Data is publicly available at

the NCBI Gene Expression Omnibus database with accession number GSE146479.
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For the A549 large-scale splicing screen, A549 lung cancer cells were transduced at high
multiplicity-of-infection in 384 well plates using pLX317-ORF constructs as previously described
with 4-6 biological replicates per ORF (Alice H. Berger et al. 2016). Cells were not selected with
puromycin but parallel plates were treated with puromycin or left untreated and then cell viability
was determined using CellTiterGlo reagent (Promega) for calculation of infection efficiency. 96
hours post-transduction, cells were lysed using TCL buffer (Qiagen) and lysates were stored at -
80 degrees. We adapted library preparation protocols previously developed for single cell RNA
sequencing (Trombetta et al. 2014). RNA was isolated from 9 ul lysate and 1 pl of ERCC 1:1000
Spike in control per sample using RNA SPRI beads (Agencourt) in lo-bind microcentrifuge tubes
(Eppendorf). Beads were washed several times in 80% ethanol before drying and used for cDNA
synthesis. First-strand cDNA synthesis was performed with the Smart-seq v4 Ultra Low Input kit
(Takara) using the 3’ Smart-seq CDS Primer IIA and Smart-seq V4 oligonucleotide. Next, whole
transcriptome amplification and clean-up was performed using the Kapa HiFi HotStart kit with the
following thermal cycling protocol: 3min ~ 98°C; 20 cycles of 15s at 98°C, 15s 67°C, 6min at
72°C; final extension of 5min at 72°C. DNA was then cleaned up using DNA SPRI beads
(Agencourt). Individual samples were inspected by Qubit quantitation and TapeStation (Agilent)
analysis and diluted to 0.1 to 0.2 ng/ul prior to library construction using the Nextera XT
sequencing kit (Illumina). Final libraries were pooled and sequenced on an Illumina HiSeq
(Northwest Genomics Center) to an average coverage of 10M 75 bp paired-end reads per replicate.
RNA-sequencing reads were mapped to the human genome reference hg19/GRCh37 using STAR

2.5.3a.
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3.2.3  Differential gene expression analysis
Transcripts were quantified with featureCounts from the Subread package v.1.5.3 (Liao, Smyth,
and Shi 2014) using RefSeq gene annotations. Differential expression was then determined using
edgeR v.3.30.3 (Robinson, McCarthy, and Smyth 2009), normalizing transcript counts by library
size and RNA composition scale factors computed by using trimmed mean of M-values (TMM)
between sample pairs (Robinson and Oshlack 2010). Whole transcriptome profiles were quality
checked for sufficient RNA-seq coverage. Samples were filtered for successful expression of the
lentiviral vector, determined by a 2 standard deviation increase in expression of the target gene in
the sample compared to negative controls. Gene transcripts were also filtered for sufficient
detection across the experiment as determined by a mean logCPM > 0.1 for each gene. After
applying quality control filters, the A549 dataset included 374 transcriptome profiles each
quantifying 12543 genes. Analysis pipeline is available as a Snakemake workflow at

https://github.com/bergerbio/RNA-splicing-screen.

3.2.4  Differential splicing analysis

After alignment of RNA-seq reads by STAR, alternative splicing events were identified and
quantified by rMATS-turbo 4.1.1 using gene transcript annotations from gencode v.19 (Shen et al.
2014). Both reads spanning exon junctions and reads covering single exons were used for splicing
quantification. Analysis pipeline is available as a Snakemake workflow along with the in-house R
scripts used to aggregate rMATS results and perform additional analyses and interpretations

(https://github.com/bergerbio/RNA-splicing-screen).
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3.2.5 Gene Set Analysis
Analysis of enrichment of KRAS signaling in differential RNA expression profiles was performed
in R with GOseq (M. D. Young et al. 2010). KRAS signaling gene sets were taken from MSigDB

hallmark gene sets (Liberzon et al. 2015).

3.2.6 Quantitative reverse transcription polymerase chain reaction (qRT-PCR)

Total RNA was extracted using Direct-zol RNA Miniprep plus (Zymo Research) from each
biological replicate of AALE cell lines overexpressing KRAS or RIT1 alleles or control vector.
From the extracted RNA, 1 pug was reverse transcribed into cDNA using SuperScript IV First-
Strand Synthesis (Invitrogen). Quantitative RT-PCR reactions were set up in technical triplicates
with BioRad iQ SYBR Green kit and analyzed on a BioRad CFX384 Real-Time System. PCR
primers were designed to detect MAZ isoforms without alternate exon V’ (Forward: ATG GGA
GGC AGCTTT CGC ; Reverse: TCA CCA GTA CCTTTG TTG CA) and with exon V’ (Forward:
AGCTCTGCAACAAAGGCTTC ; Reverse: GGGCAGGGGTCTTGCA). PCR products were
confirmed to be specific by molecular weight analysis via gel electrophoresis. Quantification of
isoforms in experimental samples were normalized against vector control samples and relative

quantification of MAZ isoforms 1 and 2 were calculated with the Livak method.
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Figure 3.5. Protein abundance and phosphosite changes in splicing factors.

A) Volcano plot of differential protein abundance in KRASY!?Y and KRAS?!H cells compared to
KRASWT cells. Labeled in red are SR proteins. B) Volcano plot of phosphorylation of phosphosites
in KRASY!2Y and KRASQMH cells compared to KRASWYT cells, and RIT1M?! compared to RIT1WT,
Labeled are phosphosites on proteins in the GO RNA SPLICING gene set which are
downregulated (blue) or upregulated (red).
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Figure 3.6. Gene expression changes of splicing factors.

A) Volcano plot of mRNA differential expression. Labeled in red are splicing factors of interest
SF3B2, SRSF1, SRSF2, SRSF4, and SRSF7. B) Change in overall gene expression compared to
change in cassette exon inclusion.
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Figure 3.7. Large-scale genetic perturbation screen by overexpression.

A) Volcano plot of differentially expressed genes in wild-type MYC overexpressing cells. Blue =
downregulated transcripts. Red = upregulated transcripts. Green = transcripts in mSigDB
hallmark gene sets MYC targets V1 and V2. B) mRNA expression levels of MYC in vector
control cells (grey), cells overexpressing non-MYC alleles (blue), and cells overexpressing MYC
alleles (red). C) Same as B) for KRAS. D) Same as B) for EGFR. E) Same as B) for ARAF. F)
Same as B) for RBM45.
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Figure 3.8. Regulation of gene expression of cancer-associated genes.

A) mRNA expression of splicing factors SF3B1, SRSF1, and SRSF7. B) Gene set enrichment
analysis of downregulated transcripts in MYC, KRAS, FBXW?7, and negative control cells.
Hallmark gene sets from mSigDB.
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Figure 3.9. Large-scale screen for alternative splicing discovery

A) Number of events differentially spliced between cells with genetic perturbations and cells
with vector controls. Colors represent 5 major alternative splicing event categories. Wild-type
alleles of transcription factors are starred. B) Number of events differentially spliced between
cells with genetic perturbations and cells with vector controls. Vertical line = mean number of
events across screen. C) Number of events differentially spliced between cells with variant
alleles and cells with respective wild-type alleles. Vertical line = mean number of events across
screen. D) Comparing change in Percent Spliced In (APSI) of cassette exons and the differential
expression of the corresponding gene transcript. E) PCR gel detecting MAZ-1 and MAZ-2
isoforms in AALE cells overexpressing vector, KRAS, or RIT1 alleles. F) Differential splicing
of MAZ exon V’ in variant alleles compared to respective wild-type alleles.
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Chapter 4. DISCUSSION

Diagnosis and treatment of cancer has transformed in the last two decades. Clinical genotyping is
now standard thanks to the developments of Next Generation Sequencing which allow low-cost
targeted sequencing panels, whole exome sequencing, and even whole genome sequencing of
tumor samples. However, a full picture understanding of how oncogenic mutations lead to disease
remains out of our grasp and despite more treatment options than ever, rates of progression-free
survival remain low in lung cancer (Soria et al. 2018). In this dissertation, I presented my work
towards understanding the cellular processes moderated by the lung cancer oncogenes KRAS and
RITI. 1 focused on the regulation of alternative RNA splicing, protein abundance levels, and the
post-translational modifications and signaling activity driving their dysregulation.

By examining RIT1- and KRAS-associated proteomes and transcriptomes, we found that
increasing cellular RIT1 levels induces similar phenotypes as introducing a RIT1 or KRAS
mutation. Though we are in early days of studying RIT1 in the context of cancer, these

IM9T mutation functions

observations concur with recent literature showing that the hotspot RIT
by increasing cellular RIT1 protein levels (Castel et al. 2019). By elucidating the relationship
between RIT1 mutants and wild-type RIT1, and between RIT1 and KRAS, we move towards the
future of developing therapies effective for the 10-15% of lung adenocarcinomas with RIT/
mutations or amplifications.

Next, by examining the transcriptomic effects of KRAS on both the differential expression
and alternative splicing levels, we expose potential downstream vulnerabilities in Ras-activated
cancer cells. As more KRAS inhibitors enter the clinic, knowing more Ras targets and effectors

will help us find opportunities for more potent inhibitors and will help us identify possible

pathways of resistance.



69

4.1 FUTURE OF PRECISION ONCOLOGY

KRAS was characterized as an oncogene in the 1980’s, yet it was not until 2020 that a targeted
therapy for KRAS-mutant cancers was available to patients. This leap has been met with much
excitement and enthusiasm in the oncology community, but it is still only the beginning. As with
TKIs for EGFR-mutant tumors, the current inhibitors are only appropriate for a subset of KRAS-
mutant tumors and in those, acquired resistance develops soon after treatment. Due to these
limitations, it is critical to map out all oncogenic processes regulated by Ras and to map the
possible paths of escape (Moore and Malek 2021).

Just as genomic sequencing technology led to characterization of somatic variation in
cancers, technological developments in the past 5-10 years are now leading to more detailed and
context-aware molecular characterizations of tumors. CRISPR screens dissect the exact functional
causes of drug resistance and tumor growth, asking not just whether single genes are oncogenes
or tumor suppressors, but whether particular isoforms or paralog families promote tumor growth
(Parrish et al. 2021; Thomas et al. 2020). Spatial genomics and transcriptomics begin to define
the physical constraints of tumor growth in addition to the subclonal landscape of tumors (T. Zhao
et al. 2021). Patient-derived organoids supplement patient-derived xenografts as experimental
models to understand cancer evolution, drug resistance, and interplay with the immune
environment (Karlsson et al. 2022). And long-read sequencing improves characterization of not
just somatic variants and known gene fusions, but also novel genome alterations and RNA
isoforms (Nattestad et al. 2018). Together, these tools paint a truer and more nuanced picture of
cancer.

With technological advances providing new perspectives to cancer development, it is more

important than ever to probe how oncogenes dysregulate molecular processes within different
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contexts. My hope is that the work I have presented here and the accompanying publicly available
data provides a baseline for how KRAS and RIT1 affect the proteome and transcriptome of lung
cancer cells and encourages the field to ask more questions about how the Ras signaling pathway
modulates cell growth. To extend our findings and move it closer to the clinic, future work is
needed to test patterns of post-transcriptional regulation with in vivo models and analyses of multi-
omic patient data. Though these will be non-trivial efforts, they will define avenues for additional
or alternative therapies for Ras-activated tumors.

The field and practice of precision oncology is already benefiting from the above
technology advances and better knowledge of splicing regulation and signaling pathways. By
taking advantage of tumor-specific splicing factor mutations, new therapies can hone in on cells
with certain isoforms (North et al. 2022). One can imagine that similar therapies can be designed
for SR proteins and other splicing factors dysregulated by Ras oncogenes. Immunotherapy options
including checkpoint inhibitors and CAR-T cells can also be applied and designed in an
increasingly individualized manner by taking note of neoepitopes resulting from dysregulated
RNA processing (Kahles et al. 2018).

The future of personalized oncology is bright. Despite setbacks, ever better first-, second-
, and third-line therapies with fewer comorbidities are now available for cancer patients and more
will undoubtedly be introduced in the next few years. Soon, we will be able to map and predict
each tumor’s subclones and evolutionary path and with this information prescribe highly
individualized combination therapies to effectively stop tumor progression in both the present and
the future. It will be more complex than oncologists envisioned when prescribing the first TKIs,

but it will truly be cures for cancers.
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