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Abstract 

The identification of genetic events that cause tumorigenesis is a key goal of cancer 

research.  While recent sequencing efforts have provided unprecedented illumination of cancer 

genomes, the inherent genomic instability of tumors results in vast numbers of somatic mutations 

and copy number alterations (CNAs), hampering identification of causative driver events.  

Functional genetic screens provide a complementary approach to genomics in the search for 

cancer drivers.  While many studies have focused on loss-of-function studies in cancer cells 

using RNAi technology, we present a platform for gain-of-function screening using sequence-

verified human open reading frames (ORFs).  We have paired genome-scale ORF collections 

with unique DNA barcodes of uniform length, facilitating quantitative readout by next 

generation sequencing.  ORFs are expressed from an inducible promoter, allowing precise 

control of screening conditions.  We have used our libraries to identify regulators of proliferation 

in non-transformed human mammary epithelial cells (HMECs), seeking to uncover early driving 

events in tumorigenesis.  We rediscovered many known oncogenes and observe significant 

enrichment of our pro-proliferative gene set within regions of recurrent focal amplification in 

human cancers, indicating the efficacy of our method for cancer gene driver discovery.  We have  
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identified a novel family of pro-proliferative genes, the keratin associated proteins, which 

strongly promote proliferation in HMECs and may contribute to human cancers.  Additionally, 

we report several common sources of error that contribute to noise in pooled genetic screens in 

mammalian cells.  We have observed that library plasmid DNA present in viral supernatants can 

contaminate screen samples resulting in inaccurate reference measurements of the abundance of 

library elements.  A further artifact of this contamination is a perceived bias towards enrichment 

of library elements with low GC content.  Additionally, libraries containing multiple unique 

elements carried on a single retroviral genome are subject to recombination during reverse 

transcription.  Our inducible ORF libraries circumvent these problems, allowing for highly 

accurate, reproducible screen results.  As CNAs are considered to be key initiating events in 

tumorigenesis, and many oncogenes are activated by amplification, we believe that modeling 

increased gene expression in untransformed human cells will provide critical functional data 

facilitating the discovery of bona fide cancer drivers. 
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Chapter One: Introduction 

 

Cancer is a varied and complex collection of disease phenotypes all driven by 

accumulation of genetic alterations resulting in aberrant proliferation of cells.  Genomic 

instability of cancer cells provides a landscape of genetic variation upon which the selective 

pressures of the cellular microenvironment act, promoting the growth of the fittest and fastest 

dividing cells.  Cancer can occur in nearly any tissue of the human body, and while there are vast 

differences in the pathways that drive different tumor types, the consequence is always 

unrestrained cell growth and division, ultimately resulting in metastasis to distant organs 

throughout the body (1).   

The genetic basis of cancer was first suggested more than a century ago.  In 1890, David 

Paul von Hansemann, only a few years after the discovery of chromosomes, described the 

concept of anaplasia.  This theory postulates that the increased growth potential of the cancer cell 

was accompanied by a loss of differentiation and that asymmetrical mitoses were a characteristic 

of cancer.  In 1902 Theodor Boveri postulated that aneuploidy, i.e. aberrations in cellular 

chromosome number, leads to abnormal growth and development, and in 1914 he hypothesized 

that aneuploidy may underlie the unique characteristics of tumor cells (2).   Following the 

identification of DNA as the source of cellular genetic material (3), and the elucidation of its 

structure (4), studies of carcinogenic chemicals revealed that they caused damage to DNA, 

resulting in mutations (5).  Additionally, the observation of an identical chromosomal 

abnormality – the Philadelphia chromosome - in two patients with chronic myelogenous 

leukemia (CML) also suggested that genetic alterations were the underlying cause of human 
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cancer (6).  Furthermore, studies of patients with hereditary tumors and syndromes associated 

with cancer predisposition such as Lynch Syndrome, Ataxia Telangiectasia, Bloom’s syndrome, 

Fanconi Anemia, and many others strengthened the connection between mutagenicity in vitro 

and patient tumorigenesis (7, 8).    

Meanwhile, studies of the avian Rous sarcoma virus (RSV) show that it is capable of 

phenotypically transforming chicken fibroblasts into a state characteristic of cancer cells in 

which loss of contact inhibition results in the formation of foci (9).  Researchers carefully 

untangled the mystery of RSV’s transforming capability, first generating mutant viruses that 

were replication-competent but not transforming and, concordantly, contained a shorter genome 

(10).  This observation suggested that a gene carried by the virus was responsible for 

transformation, but not required for viral replication.  Ultimately, this gene was isolated and 

revealed to be src, a gene of cellular, not viral, origin (11).  Shortly thereafter, additional 

retroviral oncogenes were demonstrated to be homologous to genes of host-cell of origin, 

strongly suggesting that the genetic material within an organism could drive its own 

tumorigenesis (12). 

A key breakthrough in our understanding of the function of cellular oncogenes involved 

the transformation of NIH-3T3 mouse fibroblasts not with a retrovirus, but with DNA isolated 

from human tumor cell lines (13).  This was followed by the cloning of a transforming gene from 

the human genome, and the eventual discovery that this gene, HRAS, existed as both a retroviral 

oncogene and an endogenous oncogene, differing by a single base substitution from the wild-

type cellular proto-oncogene allele (14-17).  This result demonstrated the transforming potential 

of human DNA itself, proving that, analogous to chicken tumors, human transforming 

retroviruses functioned through co-opted human genes.  But furthermore, it demonstrated that 
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mutation of endogenous sequences into oncogenic alleles could circumvent the role of 

retroviruses as a source for transforming sequences. 

Thus, a very clear relationship was established between altered DNA and cancer; not only 

could exogenous DNA sources, such as those from tumor viruses cause cancer, but mutations of 

our endogenous gene sequences could do the same.  Taken together the evidence is clear that 

whether the mutations are at the germline or somatic level, or are associated with retroviral 

infection, genetic alterations are the unifying key to all human cancers.   

Over time, the spectrum of possible types of DNA sequence changes has been 

catalogued, and includes point mutations, changes in copy number of stretches of DNA either at 

a focal or chromosomal level, and translocations which result in sequences from one region of 

the genome aberrantly fused to sequences from a distant region (18).  Furthermore, epigenetic 

alterations such as DNA methylation can alter gene expression patterns resulting in heritable 

aberrant loss or gain of gene products (19). 

The collective result of these myriad genetic and epigenetic variations are cells which 

exhibit characteristic properties enabling their survival and expansion as tumors, known as 

hallmarks (1).  As previously mentioned, cancer cells proliferate in an unrestrained manner – 

they achieve this in part by evolving self-sufficient activation of growth-promoting pathways.  

However, to sustain their uncontrolled proliferation, they must also become insensitive to anti-

growth signals sent out by neighboring cells, and avoid programmed cell death, or apoptosis.  

Furthermore, they must achieve cellular immortality, which usually occurs through activation of 

telomerase or the ALT (alternative lengthening of telomeres) pathway.  To support this rapid 

growth, tumor cells require access to oxygen and nutrients supplied by blood vessels.  Thus, they 
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must acquire the capability to induce growth of blood vessels through a process known as 

angiogenesis.  Ultimately, successful tumor growth results in the evolution of invasive and 

metastatic capabilities, allowing tumor cells to colonize other tissues.  As our understanding of 

cancer biology has deepened, additional hallmarks, including altered metabolic dependencies, 

and increased genomic instability have been appreciated (20, 21).  The complex dual roles 

played by the immune system have also been recognized: while cancer cells generally evolve 

mechanisms to evade detection by the adaptive immune system, their growth seems to be 

bolstered by innate immunity-driven inflammation.  Furthermore, cancers exhibit additional 

common characteristics in their dependence on certain cellular stress-response pathways which 

are not themselves oncogenic but reflect the changed biology and shifting needs of tumor cells in 

relation to their normal counterparts.  These additional hallmarks are considered non-oncogene 

addictions of tumor cells (20). 

Approaches to Cancer Therapy 

The ultimate goal of uncovering the genetic and biochemical pathways driving 

tumorigenesis is the development of curative treatments for human cancers.  The fact that 

diseased cells are descended from normal patient cells makes this pursuit intrinsically difficult.  

To specifically kill cancerous cells while sparing neighboring healthy ones, we must exploit 

features unique to the disease.  As our understanding of the biological mechanisms driving 

cancer has grown, we have continued to attempt to leverage these mechanisms into targets for 

therapy.  A survey of some of the major treatment avenues currently available demonstrates the 

achievements of these efforts as well as ample opportunities for further improvement.   

Chemotherapy and Radiation 
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Cytotoxic chemotherapeutic agents and ionizing radiation therapy have been the mainstay 

cancer treatment option for decades.  By acting to catastrophically damage DNA, they 

overwhelm actively dividing cells leading to cell cycle arrest or cell death (22, 23).  While 

effective against tumors with high growth rates, many tumors grow more slowly, or contain 

subpopulations of slower growing or otherwise resistant cells which are not effectively killed by 

these methods (24).  Furthermore, the property of rapid cell division is not specific to tumor cells 

but also characterizes cells of the digestive tract, hair follicle and immune system, resulting in 

severe side-effects.  The poor therapeutic windows of cytotoxic chemotherapeutic agents 

necessitate improved drugs.  That chemotherapy remains a primary treatment avenue today 

should serve as a stark reminder of the work yet to be done. 

Targeted therapies 

 

The molecular biology era has greatly deepened our understanding of the genetic events 

that drive malignancy.  Work in the last several decades has exploited this knowledge to design 

more precise, or targeted therapies which exert their effects selectively on cancer cells, vastly 

improving the cancer treatment arsenal.  

The early discoveries of proto-oncogenes and oncogenes ultimately led to the discovery 

of a new type of protein modification – tyrosine phosphorylation (25).  It became clear that many 

cellular proto-oncogenes exhibited tyrosine kinase activity, and the notion that inhibition of this 

activity may slow or halt cancer progression was born (26).  In 2001 this dream became a reality 

when the small molecule BCR-ABL inhibitor CPG57148B was approved for treatment of CML 

(27). 
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Meanwhile, the observation that amplification of a newly discovered oncogene, ERBB2, 

occurs in 30% of breast cancers and correlates with poor survival and high relapse, drove a 

parallel search for a targeted therapy (28).  The result was trastuzumab, a monoclonal antibody 

targeted to the extracellular domain of the receptor tyrosine kinase HER2 (encoded by the 

ERBB2 locus) (29).  The success of trastuzumab (marketed as Herceptin) and CPG57148B 

(marketed as Gleevec) established a new paradigm for cancer therapy – small molecules and 

monoclonal antibodies directed to proteins known to uniquely promote malignant cell growth 

can provide a wide therapeutic window for precise targeting of cancer cells (30).  A large variety 

of such drugs now exist, targeting a multitude of oncogenic pathways.    

While these therapies prove effective for many patients, tumors often acquire resistance, 

through activation of alternative pathways or mutation of the target protein itself (31, 32).  

Efforts to improve drug design based on structural insights and observed resistance mechanisms 

show some promise (33).  However, the genetic heterogeneity and plasticity of tumors make 

resistance a likely consequence of any therapeutic focused on a single target.  Alternatively, 

combinations of targeted therapeutics may be able to overwhelm cancer cells by simultaneously 

targeting multiple oncogenic pathways or multiple nodes in a single strongly tumorigenic 

pathway (30, 34).  Targeted therapies are the first realization of the promise of the cancer 

genome, but patterns of acquired resistance reflect the progress still needed in untangling the 

genetic mysteries of cancer. 

Targeting Synthetic Lethal Vulnerabilities 

 

A related targeted therapy approach focuses not on inhibition of tumorigenic oncogenes 

themselves but on unique genetic dependencies exhibited by cells whose growth is driven by 
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particular oncogenes.  Due to particular mutations in a cancer cell, such as an activating mutation 

in an oncogene, inhibition of an independent target, gene X, can be lethal, while in normal cells 

lacking oncogene addiction, inhibition of gene X is tolerated.  This genetic relationship is termed 

synthetic lethality and provides the potential to expand targeted therapy to genetic alterations 

which themselves are not targetable or are refractory to attempts at inhibition (35, 36).  An 

example of this type of therapy which has shown great clinical promise is the use of Poly (ADP-

ribose) polymerase (PARP) inhibitors to treat cancers bearing mutations in the BRCA1/2 genes 

(37).  Due to loss of BRCA function, these tumors are defective in homologous recombination-

mediated repair of DNA double-strand breaks.  This sensitivity, when combined with blockade 

of a second DNA repair pathway, base excision repair, through inhibition of PARP, proves too 

much for tumor cells to handle and results in apoptosis (38, 39).   

PARP inhibition of BRCA1/2 mutant breast cancers also serves as an example of non-

oncogene addiction.  In this application of synthetic lethality, cancer-specific vulnerabilities 

which are not themselves oncogenic can be targeted.  Due to their rapid growth rate, genomic 

instability, and changing microenvironment, cancer cells tend to experience greater stress than 

normal cells, and thus increase their dependency on certain stress response pathways for survival 

(20).  Non-oncogene addiction creates the opportunity for targeted therapies to be applied at 

doses that will be toxic to highly dependent cancer cells but are tolerated by normal healthy cells.  

Synthetic lethality with non-oncogenes also provides a framework for our understanding of 

chemotherapy and radiation, which exploit cancer cell sensitivity to DNA damage as well.  The 

continued exploration of the unique genetic interactions that drive cancer cell growth, survival, 

and metastasis will facilitate the design of increasingly precise therapies utilizing these 

principles.  
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Immunotherapy 

 

While this chapter is primarily focused on approaches for identification of cancer drivers 

and the utility of this pursuit for improving targeted therapy, a discussion of current therapeutic 

strategies would be remiss not to briefly touch on promising new developments in immune 

checkpoint blockade therapy.  While many types of existing therapies can be classified as 

immunotherapuetics, including monocolonal antibody-based targeted therapies like trastuzumab, 

use of two new monoclonal antibody therapies targeting regulatory T cells actually re-activate 

the immune system, enabling it to mount a cytotoxic response against the tumor (40).  This 

effect, termed immune checkpoint blockade, has proved highly successful in clinical applications 

(41).  However, only a subset of patients exhibit a response and ongoing work is needed to 

improve predictions of patient outcome and to find opportunities for combination therapy that 

are effective in a wider cohort of patients. 

As this example illustrates, diversified approaches to cancer research create the potential 

for discovery of orthogonal therapeutic strategies that may be able to reach new subsets of 

patients.  A richly multitudinous arsenal containing many treatment options that can be applied 

to patients in an individualized manner is currently the best hope for controlling cancer. 

 

Pathways to Proliferation: the Cell Cycle and Growth Factor Signaling 

While some emerging strategies for cancer therapy target properties of tumors other than 

proliferation, cell growth driven by oncogene activation and tumor suppressor gene loss remains 

a fundamental, and targetable, feature of all cancers.  As increases in cellular fitness are 
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ultimately achieved through altering cellular growth rate, death rate, and/or cellular 

differentiation state, many tumorigenic genetic changes are likely to result in proliferative 

advantage (42).  Given their abundance of targetable cancer genes, we will briefly explore the 

pathways regulating cellular proliferation and growth decisions.  

Cell growth and division proceed through a series of coordinated stages which together 

form the cell cycle.  Cell cycle progression is under exquisitely complex molecular control and 

includes many checkpoints to ensure that criteria for advancement to the next stage have been 

met.  While much of our understanding of cell cycle regulation comes from studies in single-

celled organisms like yeast, whose goal is to divide continuously, multicellular organisms must 

consider tissue organization as a factor in duplication decisions.  Accordingly, they have evolved 

mechanisms to put the brakes on cell division in the absence of certain highly specific molecular 

signals.  Nonetheless, the existence of cancer reminds us that like our evolutionary ancestors, the 

fundamental job of a cell is to divide, and despite the best efforts of our tissues, our cells often 

find a way to do just that. 

The Cell Cycle 

 

Cellular proliferation requires passage through the cell cycle, entailing the duplication of 

DNA and the division of the nucleus and cytoplasm, generating two daughter cells containing 

equal and identical genetic information from a single parent.  The cell cycle is comprised of four 

stages: Gap 1 (G1), Synthesis (S), Gap 2 (G2), and Mitosis (M) (Fig. 1.1).  Gap phases provide 

time for cell growth, repair of any DNA damage, and preparation for the replication of all 

cellular DNA that occurs in S phase, and for the division of nuclear and cellular components that 

occurs in Mitosis (43).  Progression through these stages is broadly controlled by two classes of 
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proteins known as cyclins and cyclin-dependent kinases (CDKs) (44, 45).  Cyclins, named for 

their cyclical abundance throughout the cell cycle, form heterodimeric complexes with CDKs 

and are required for CDK kinase activity (46).  These active kinase complexes control the 

transition from one stage of the cell cycle to the next.  The differential regulation of cyclins and 

CDKs provides a core element of cell cycle control: while CDKs are generally abundant 

throughout the cell cycle, most cyclin levels are tightly regulated, such that cyclin-CDK 

interaction is possible only at the correct spatial-temporal moment in the cell cycle.     

Regulation of the two key steps of the cell cycle – replication and division - is controlled 

by this type of mechanism.  DNA replication requires CDK2 activity, which is only possible in 

the presence of E-type or A-type Cyclins.  Active CDK2 recruits helicases, polymerases and 

other components essential to DNA replication, although in its absence, CDK1 can play this role.  

Following completion of S phase, CDK1 activity, enabled by interaction with cyclins A and B, 

promotes progression through the G2/M transition and completion of the cells cycle. Oscillation 

of cyclin levels requires not only regulation of their transcription but also coordination of their 

degradation.  This is achieved by activity of two major cell cycle-regulated ubiquitin ligase 

complexes, SCF and APC, which direct the proteasomal degradation of G1/S cyclin E (SCF) and 

mitotic cyclins A and B (APC) through interactions with different substrate-specific subunits 

(47).  These two ubiquitin ligases also regulate many other key cellular components to promote 

passage through the cell cycle.   

Of course, this brief synopsis is a gross generalization of the myriad events and 

interactions that take place among hundreds of proteins in the complex creation of two cells from 

a single one (48-50).  However, for the purposes of studying the role of increased proliferation in 

tumorigenesis, the majority of variation in proliferation rate seems to result from control of 
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progression through the G1 phase of the cell cycle, and regulation of this progression will be our 

primary focus.   

 

 

 

 

 

Cell Signaling and the Restriction Point 

 

This oscillation between CDK1 and 2 function forms the basic scaffold of cell cycle 

regulation, upon which other factors can impinge through conserved pathways to alter cell cycle 

progression.  Careful studies of cell division in animals cells revealed that at a certain point in the 

cell cycle, cells become committed to replication and will proceed through to completion 

Figure 1.1. Schematic of Cell Cycle and Restriction Point control.  Cell Cycle 

progression is controlled by Cyclin – CDK complexes.  Regulation of E2F 

sequestration by Rb is at the core of Restriction Point (R point) control.  Inhibitory 

phosphorylation of Rb by Cyclin-D/CDK4/6 complexes promotes passage through 

R point.  Cyclin-D/CDK4/6 activity is further controlled by CDK inhibitors (red) 

and by master transcriptional regulators (purple) which integrate signals about the 

cell environment and conditions. 
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regardless of conditions (51).  This point is termed the restriction (R) point, and represents the 

integration of a variety of molecular signals regarding cellular and environmental conditions 

which inform the decision to replicate.  Cells are only sensitive to signals from growth factors 

(GFs) until the R point, which occurs during the G1 phase of the cell cycle (52).  Because of the 

disparate array of functions exhibited by the cells of different tissues in a complex multicellular 

organism, GF signaling and control of the R point varies widely between cells types.  Different 

types of signals are required to initiate the cell cycle in cells of different tissues allowing 

exquisite control at the organismal level. 

Though a wide variety of such signals exist, the intracellular events which transduce them 

are highly conserved among cell types.  Ultimately, GF signals converge to promote increased 

Cyclin D levels, leading to activation of CDK4/6 kinases.  These active Cyclin/CDK 

holoenzymes phosphorylate the tumor suppressor and negative cell cycle regulator Rb.  

Phorphorylation of Rb prevents its sequestration of the E2F family of transcription factors (53).  

Once liberated, E2Fs promote transcription of cyclins E and A as well as critical components for 

DNA replication; E and A type cyclins associate with and activate Cdk2 to begin to initiate S 

phase progression (43).  However, CDK inhibitors (CKIs) can antagonize CDK4/6 and CDK2 

function, slowing or prohibiting the G1/S transition and adding complexity to the regulatory 

network (54).  Mitogenic stimulation must reach a threshold level to overcome this inhibition, 

until sufficient E2F activity is reached, signaling passage through the R point (Fig. 1.1).  

The signal transduction events that transmit growth factor messages to CDK effectors are 

also well-conserved across cell types and species (Fig. 1.2).  Canonical GF signaling is initiated 

when an extracellular soluble GF interacts with its receptor – usually a transmembrane receptor 

tyrosine kinase (RTK).  The interaction between ligand and receptor promotes dimerization of 
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two RTK molecules, enabling auto-phosphorylation and activation of their cytoplasmic kinase 

domains (55). The phosphorylation of receptor tyrosine residues generates specific binding sites 

for various adaptor proteins like those containing Src homology (SH2) or phospho-tyrosine 

binding domains (PTB).  These adaptor proteins coordinate cellular responses by bridging 

interactions between activated RTKs and other effector molecules such as the small GTPase Ras, 
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which in turn can activate Mitogen activated protein kinase (MAPK) signaling and the lipid 

kinase phosphatidylinositol-3-kinase (PI3K) (56).  Activation of these molecules results in 

further downstream signaling leading to survival and proliferation through multiple mechanisms 

including increased transcription of D-type cyclins, and accumulation of cyclin D1 protein 

through upregulated translation and suppression of degradation (57).  Other important receptors 

for mitogenic signals are G-protein coupled receptors (GPCRs) and steroid hormone receptors 

(58-60).  Although they adopt different strategies for signal transduction, like RTKs, their signals 

converge on cyclin D, Rb and E2Fs to drive cells through the G1/S transition.   

Along with promoting CDK activity for passage through the R point, activated effector 

pathways downstream of RTKs promote survival and growth functions as well.  The PI3K 

pathway is especially critical for these functions.  PI3K promotes activation of the protein kinase 

Akt, which promotes cyclin D1 and c-Myc stability through inhibition of GSK3-く, but also 

antagonizes apoptosis signals through inhibition of Bcl2 family members, which are pro-

apoptotic proteins (61, 62).  Furthermore, PI3K, via activation of Akt, regulates the serine 

protein kinase mTOR (mammalian target of rapamycin), which coordinates cellular sensing of 

nutrients and amino acids into decisions regarding protein synthesis and cell growth (63, 64).  In 

the absence of Akt stimulation or sufficient amino acid supply, mTOR remains inactive.  When 

activated, it drives protein translation through several effector molecules.  

In addition to mitogenic GF signals, a mammalian cell’s decision to proliferate is also 

dependent on proper substrate adhesion.  Epithelial cells must maintain a polarized state through 

attachment to extracellular matrix (ECM) molecules of the basement membrane.  Signaling 

through integrins, the transmembrane proteins which mediate this attachment, is required for 

passage through the G1/S transition (65).  Successful attachment results in multiple downstream 
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cellular events including activation of Focal Adhesion Kinase (FAK) and Src, actin cytoskeleton 

rearrangement driven by Rho and Rac GTPases, and cross-talk with RTK and MAPK signaling 

networks (66-68).  These pathways all converge on the R point by inducing ERK activation 

leading to cyclin D1 transcription and downregulating activities of CKIs. These sets of 

regulatory pathways act as additional blocks against tumorigenesis, as solid tumors of epithelial 

origin must not only become hyperproliferative, but also must overcome the requirement for 

integrin-mediated basement membrane attachment which normally enforces their monolayer 

structure.  Thus, many genes in this regulatory network are subject to alterations in tumors. 

The high degree of evolutionary conservation of proteins and pathways driving cell 

proliferation has important implications for cancer.  While the structural and functional needs of 

complex multicellular organisms like mammals have necessitated the evolution of additional 

layers of control, at a basic level our cells, like our single-celled ancestors, are designed to 

proliferate.  Unsurprisingly, many of genes described in these pathways are frequently altered in 

human cancers and several of the proteins they encode are targets of current or developing 

targeted therapies.  As we continue to unravel the networks of regulation coordinating cell 

proliferation, new promising therapeutic targets are likely to emerge. 

Cancer Genomics 

Upon the acceptance that cancer is driven by genetic alterations, professionals in the field 

began to push for an initiative to determine the complete sequence of the human genome, noting 

that we could continue to search haphazardly for cancer genes or could approach the problem 

systematically (69).  The success of this endeavor at the turn of the century (70) ultimately led to 

the birth of Cancer Genomics. 
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Cancer Genomics is the systematic study of the genomes of tumors to identify regions of 

frequent alteration and thus illuminate the pathways driving cancer.  A primary aim of cancer 

genomics efforts of the last 5-10 years has been the sequencing (whole genome or whole exome) 

of thousands of human tumors. With a preliminary census of all human cancer genes already 

underway (71), the advent of massively parallel or next-generation sequencing (NGS) 

technology facilitated an explosion in the potential for gene discovery.  Described in more detail 

below, NGS improved the cost and speed of DNA sequencing such that these studies became 

technically and financially feasible.  Through massive, global efforts, organized by The Cancer 

Genome Atlas (TCGA) and the International Cancer Genome Consortium , we have gained 

deeper insights into the molecular mechanics of more than 40 cancer subtypes (72-74), often 

reinforcing the findings of the last 50 years of cancer research with strong statistical evidence. 

As these studies have shown, tumors harbor substantially altered genomes, sometimes 

carrying thousands of somatic point mutations and scores of chromosomal aberrations and 

somatic copy number alterations (CNAs) (75).  However, earlier genetic experiments have 

shown that only a handful of genetic changes in key oncogenes (OGs) and tumor suppressor 

genes (TSGs) are required to transform normal cells into malignant ones, although their use of 

viral oncoproteins prohibits a clear determination of the precise number of alterations needed 

(76).  Thus, the majority of observed somatic genomic alterations in a cancer cell are likely to be 

merely non-functional side-effects of increased genomic instability.  These genes, offering no 

selective advantage to the cancer cell, are termed “passengers,” riding alongside selectively 

advantageous alterations in OGs or TSGs, collectively known as “drivers” (77).  A key challenge 

of cancer genomics is distinguishing these two classes of genes. 
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Perhaps surprisingly, few novel, highly penetrant cancer drivers have been uncovered by 

sequencing efforts.  Instead, tumor genomes confirm the prominent role played by many of the 

previously known and well-studied drivers, while also displaying a generally high degree of 

mutations, copy number alterations and rearrangements.  This latter observation results from the 

combined effects of increased of genomic instability, and the existence of a broad set of lower 

prevalence cancer drivers.  This effect of “long tails” in the frequency distribution of predicted 

drivers is illustrated by a recent study that identified 40 significant breast cancer drivers but saw 

that 53% of all mutations/CNAs clustered in just 6 of the 40 genes (78, 79).  Of the remaining 

genes, only 8 were mutated in at least 10% of tumors.  Thus, the signal to noise ratio between 

drivers and passengers has posed more of a challenge than expected, and will be discussed in 

more detail below.  Despite these challenges, some overarching conclusions have emerged.  In 

and of itself, our increased appreciation for the spectrum and frequency of cancer genome 

alterations, and of their heterogeneity – both intertumoral and intratumoral – has contributed to 

the development of more sophisticated data models for interpreting the functional consequences 

of those alterations (80).  And additionally, previously underappreciated roles for several cellular 

processes, such as metabolism and chromatin remodeling have been uncovered and are currently 

targets of vigorous research and therapeutic development (79, 81). 

As discussed previously, discoveries in the late 1970’s and early 1980’s definitively 

demonstrated that genetic mutation of oncogenes and tumor suppressor genes causes cancer.  

Today’s cancer genomics efforts are the direct descendants of these discoveries, as the last three 

decades, while expanding our knowledge of basic cell biology and cancer biology tremendously, 

have not completely catalogued all cancer drivers, let alone uncovered many of their mechanisms 

or developed therapies to exploit those mechanisms.  While sequencing studies have revealed 
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extensive complexity in patterns of alteration, much work remains to be done to both identify 

drivers beyond those activated solely by point mutational processes and understand how they 

function to promote the tumorigenic state. 

Cancer Drivers and Passengers 

 

Early cancer genomics efforts quickly focused in on the notion of identifying unusual 

patterns, or “signatures” in the distribution of mutations across each gene (82-85).  It was 

immediately apparent that a significant amount of noise exists, due to the presence of passenger 

mutations, which were observed at higher frequency than predicted by previous estimations of 

baseline mutation rate (82).  Through assessment of the relative abundance of synonymous and 

non-synonymous mutations, a subset of recurrent putative drivers emerged (86).  Additionally, 

these early studies uncovered intrinsic differences in the mutational spectrum and load of tumors 

arising from different tissues, indicating that combinations of factors like mutagenic exposure 

and biological roles of the cell of origin have a great impact on the outcome of a tumor, and 

underscoring the immense heterogeneity in the variety of diseases we collectively call cancer.  

Finally, the overall observation that many of the predicted drivers identified had not yet been tied 

to cancer, and furthermore that many of the observed drivers were mutated in a small fraction of 

tumors suggested the prevalence of infrequent but potent drivers. 

Indeed, as the depth and breadth of sequencing efforts has expanded, a view of cancer 

drivers falling into two broad classes has emerged.  It appears that the majority of very common, 

highly penetrant drivers, termed “mountains,” were already known or suspected to play a role in 

cancer before broad sequencing efforts began.  However, many more drivers exist, but function 

as “hills” in that they may provide a moderate to strong driving force in tumors in which they are 
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altered, but the overall frequency of their alteration is relatively low (84, 87).  With appreciation 

of the contribution of hills to cancer comes a key question – how many exist?  As the long tails 

of mutational frequency distribution stretch onward, the ratio of true drivers to prevalent 

passengers makes their differentiation difficult.  Estimates of the total number of combined 

cancer drivers have ranged from the more conservative count of 350 (71) to more inclusive lists 

of more than 500 (88).  Studies in mice have suggested that as many as 2000 genes may provide 

some functional contribution to tumorigenesis (89).   

Furthermore, sequencing studies have begun to paint a broader picture of the overall 

spectrum of mutations carried by any individual tumor.  Current estimates based on NGS data 

from large collections of tumors suggest that the total number of point mutations in common 

solid tumor types ranges from about 33-66, with 2-8 of those acting as drivers (87, 90).  

However, point mutations and short indels are not the only source of driver alteration: a recent 

analysis suggests that the average tumor carries only about 4 point mutations in driver genes, but 

that when CNAs and arm/chromosomal losses and gains are considered, over 30 alterations may 

be present in a single tumor (88).  The relative contribution of different types of genomic 

alterations to tumors will be discussed in further detail below. 

Overall, one would expect a strong correlation between the frequency of alteration of a 

given gene and its potency as a driver, or tendency to be positively selected.  However, 

sequencing has revealed that the situation is much more complex (87).  This is due to the fact 

that mutation frequency is a surrogate of both potency and baseline mutation rate – this latter 

feature, previously assumed to be uniform across the genome, can vary by more than 100 fold 

between regions (91).  During tumorigenesis these basal mutation rates may be even further 

altered, hampering our ability to isolate non-random events. Thus two deviations from the ideal 
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correlation between potency and frequency can occur (Fig. 1.3).  On the one hand, it is possible 

to be a highly potent driver with a low frequency of alteration.   This is often the case for high 

penetrance germline cancer predisposition mutations which are infrequent in the population (92, 

93).  There may also be instances in which alteration of a driver is somehow structurally 

challenging or unfavorable to the cell, such that it occurs more rarely than would be predicted by 

the driver’s potency.  This could occur, for example, if a potent OG was closely linked to a TSG 

– to confer selective advantage, an amplification event must generate an amplicon that contains 

the OG but excludes the TSG, limiting the range of potential breakage events which can result in 

a positively-selectable outcome.  In fact, such a case is observed in the amplification of FGFR2 

whose coding region is closely linked with that of TSG WDR11.  FGFR2 amplification often 

excludes its last exon, nearest WDR11 (94).  This example illustrates the powerful malleability 

of the cancer genome, but is also likely to be a case in which the frequency, limited by structural 

constraints, does not fully reflect the selective potential of this event.   

The opposite case can also occur - just as alteration of some genes generally occurs at 

low baseline rates, other genes are exposed to high rates of alteration which can increase their 

observed frequency in human tumors.  For example, genes that are located near or encompass 

fragile sites, which are regions of the genome associated with frequent chromosomal breakage, 

may be frequently deleted, despite not conferring selectable advantage (71).  Furthermore, 

increased length of a gene will increase the probability of it being randomly hit with a mutation 

leading to perceived high frequency events which can still be random and not subject to positive 

selection (95).  Additionally, the frequency of observed alteration can be buoyed by strong 

neighboring drivers.  For example, certain CNAs might be highly selected for, due to the 

inclusion of a highly potent driver.  A nearby, weaker cancer driver may also be included in 
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those CNA events due to proximity, and so, while it does contribute its driver effect to the tumor, 

the frequency at which it occurs is more reflective of the selective advantage provided by its 

potent neighbor, and overestimates its own contribution. This is likely the case, for example, in 

the 17q21.3 locus, where as many as 19 genes with weakly oncogenic phenotypes are often co-

amplified with the potent breast cancer oncogene ERBB2 (96).   

Additional cases can uncouple driver potency from mutational frequency, and can 

theoretically act in both directions.  It has been shown that overall mutation rates strongly 

correlate with chromatin accessibility as determined by the pattern of epigenomic modification 

(97).  The epigenetically enforced chromatin structure in a tumor closely corresponds to that of 

its cell of origin, suggesting that some drivers may be highly accessible and frequently altered in 

certain tumor types, but rarely mutated in others.  Additionally, some drivers may act indirectly, 

such that the mutation itself is not directly acted upon by selection, but may enhance or promote 

other selectable alterations in the cell (98).  These types of drivers would tend to have lower 

penetrance, though their downstream effects may be highly potent.  Furthermore, a driver’s 

mutational frequency can be influenced by the changing selective pressures through the course of 

tumor evolution (77).  A driver which can potently promote early tumor initiation may exhibit 

frequent alteration in the early stages of tumors to which we rarely have access; as evolution 

progresses and the tumor’s needs change, other drivers will be highly selected, and the residual 

abundance of the early driver’s alteration is no longer a surrogate for its contribution to the 

tumorigenic state.  However, these types of drivers are unlikely to make good drug targets as the 

tumor is no longer addicted to them at the point of diagnosis – rather, they represent a sort of 

vestigial hint of the course of tumor evolution.  Uncovering the full spectrum of behaviors of 

drivers is critical to improving our understanding of the processes of cancer development. 
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It may also be beneficial to consider drivers, and specifically their frequency and inferred 

potency in the context of the biological pathway in which they function.  If equivalent selective 

potential is conferred through alteration of any of ten different members of a pathway, then each 

gene might be observed to be mutated in 10% of cancers, but the downstream biological effect is 

being activated in 100% of tumors (99).  This consideration highlights the continued need for 

dissection of the biological function of putative drivers, in addition to their identification from 

tumor sequence data.  Without understanding the selectable function they contribute, we will be 

unable to fully infer their potency.  Furthermore, as one of the major goals of driver 

identification is the design of inhibitors to be used as cancer therapeutics, understanding the 

biological function of drivers will provide great insight into how and where inhibitors must 

function to be effective.  Recently, statistical algorithms to incorporate pathway information into 

prediction of drivers have been developed and have been able to identify several low frequency 

drivers (100, 101). 

Copy Number Alteration  

 

One of the most difficult mutation types to untangle using frequency-based strategies is 

CNA.  These alterations frequently encompass many genes, which will thus all be mutated at 

similar frequency, though many will not contribute to the selective potential of the event (71).  

Large-scale (whole chromosome or whole arm) copy number changes can affect a quarter of the 

cancer genome, with focal CNAs typically affecting about 10% (102).  Many of the target genes 

within these regions that drive their selection are still unknown (79, 103).  Furthermore, for some 

tumor types, including breast cancer, the frequency of recurrent CNAs is much higher than that 

of recurrently mutated genes, suggesting that discovery of therapeutic targets with the potential 
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to impact the most patients will require further study of CNAs (104). Thus, even as methods for 

detecting drivers from collections of point mutations and small indels improve, it is clear that a 

complete census of cancer genes will be impossible without methods for identifying amplified 

and deleted drivers.  Though amplifications and deletions together comprise CNAs, different 

strategies are likely needed to identify their respective drivers; this section will primarily focus 

on such strategies specific for amplification.   

One approach that has been applied to this problem is using copy number data to 

computationally search for minimal regions of amplification (MRAs) – these are the regions 

which are unanimously included in amplicons across many tumors (105).  While the individual 

sizes of the alterations may vary, these common regions likely include the targeted drivers.  

Sometimes this method alone can identify a single common gene, as is the case for MYCN, 

which is amplified in about one third of neuroblastomas and is the sole protein-coding gene 

found in the MRA (106).  The recent explosion in availability of high coverage genome- and 

exome-wide sequencing data for large numbers of tumors has substantially increased the power 

of detection and resolution of significantly altered regions (107), revealing clear signature CNA 

patterns common across cancers and unique to each tissue type (102, 103, 108).  Recently 

algorithms for recurrent CNA prediction have been further improved by consideration of copy 

number relative to the local genomic region rather than the whole genome (104).  Other 

structural features of amplicons can be considered as well; it is likely that the amplitude of 

amplification will be highest at the region containing the driver, as positive selection towards 

high level copy gain can result in increasingly narrow amplicons (109).  However, in amplicons 

with lower-level copy gain, or containing multiple drivers, this feature will not be useful for 

distinguishing drivers from passengers. 



25 

 

Some recent algorithms following the MRA principle have sought to identify only a 

single target gene for each CNA event (103).  This approach may miss many important drivers in 

its assumption of single selectable targets, as it ignores the fact that CNAs can be a parsimonious 

path towards oncogenesis through their potential to target multiple genes simultaneously.  Rather 

than being simply a noisy nuisance, their multigenic nature is often leveraged by cells to enhance 

gene dosage of several drivers.  A significant challenge to the assumption of single amplicon 

drivers was the identification of YAP1 and BIRC2 as coamplified drivers which exhibit 

cooperativity in development of hepatocellular carcinoma (110).  Even strong, well known 

oncogenic targets of recurrent amplicons can be revealed to have neighboring co-amplified 

drivers.  CCND1 is amplified in a large percentage of tumors across a wide variety of tissue 

subtypes and was widely assumed to be the sole target of its amplicon (111, 112).  However, 

work has shown that co-amplification of neighboring FGF19 was equally critical to maintenance 

of the oncogenic state in hepatocellular carcinoma (112); the role of this gene in other tumor 

types has subsequently been appreciated as well (113, 114).  Additional potential drivers lie 

nearby CCND1 as well, resulting in complex patterns of gain in the 11q13 region; these patterns 

vary between tissue types further adding to the complexity of identifying targets by studying 

recurrent patterns across multiple tumors (115).  Even in the seemingly clear cut case of MYCN 

amplification in neuroblastoma, discussed above, a subset of amplicons also contain neighboring 

gene DDX1, which is thought to contribute to oncogenesis as well (116).  Other such examples 

abound in the literature and serve as a reminder that like the mountains and hills characterized by 

mutational signatures, there are likely to be many amplified hill drivers, and the existence of a 

known driver in a given amplicon, even a mountain driver, does not exclude the possibility of 

additional targets.   
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Another key method for isolating functional driver genes from multigenic CNAs is the 

integration of transcriptional data to inform these analyses (117-119).  Copy number changes are 

generally associated with accompanying changes in transcript levels, and the targets of an 

amplicon will usually exhibit expression levels that correlate with their copy number, as a 

change in gene dosage must occur for the amplicon to be under selection (120, 121).  

Furthermore, not all amplified genes are likely to be expressed, so eliminating unexpressed genes 

is a useful way to narrow down candidate drivers.  Transcriptional profiles have been applied to 

help in detection of other cancer-associated genetic alterations as well, and have revealed that 

silent and intronic point mutations and many other alterations can lead to transcriptional changes 

(122).  Furthermore, a recent single-cell analysis of multiple clones from the same Glioblastoma 

tumor demonstrated that, unlike point mutation status, transcriptional profiles correlated with 

variable clonal drug response (123).  Transcriptional profile data provide a valuable line of 

evidence which can help hone in on culprit drivers. 

The importance of untangling drivers in amplicons is underscored by a growing body of 

evidence from single-cell tumor sequencing studies which suggests that patterns of CNAs can 

sometimes be surprisingly homogenous across different cells within a tumor, while point 

mutations are highly varied across those same tumors.  These studies suggest that these events 

are strongly selected within the tumor, indicating that they may occur as fundamental initiating 

events or provide such strong selective advantage that they completely outcompete other clones 

present at the time of formation (124, 125).  Such results confirm earlier observations that pre-

neoplastic tissues adjacent to tumors exhibit amplification, a likely hint that it can be an early 

initiating event (126). While there is undoubtedly variation in the types of genetic events that can 
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initiate neoplastic growth or drive rapid clonal expansions, these studies confirm that CNAs are 

among this set and that many tumors may be addicted to the oncogenic changes they underlie. 

Despite advances in predicting CNA drivers, these alterations remain a black box for 

many tumors – a source of information which remains largely inaccessible to us (79).  Thus, 

these types of alterations seem to offer fertile territory for exploration by functional studies.  

Indeed, recent work from our laboratory used a functional genetic screening approach to profile 

genes whose knock-down promoted growth of non-transformed human mammary epithelial cells 

(HMECs).  When this data was integrated with regions of recurrent deletion in cancers, an 

enrichment was observed, helping to pinpoint the likely targets of these CNAs and indeed 

demonstrating that there are often likely to be multiple targets providing additive effects (42).  

Furthermore, this set of putative anti-proliferative TSGs, termed STOP genes, was used in an 

integrative analysis of the distribution of predicted driver genes across the genome, which can 

predict observed patterns of aneuploidy in tumors (88).  This is one of the first generalized 

theories to explain the prevalence and specific patterns of aneuploidy in human cancers, and 

further underscores the important contribution of drivers altered by CNA or chromosome/arm 

level loss or gain.  Another group also recently utilized integrated data from genomic and 

functional genetic studies to predict important drivers in breast cancer (104).  These results 

suggest that functional genetic screens can reliably identify genes that exert tumor-promoting or 

suppressive functions, and that pairing these results with genomic data can reveal drivers that 

cannot be identified through predictive methods alone.   
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Genetic Screens for Cancer Driver Discovery 

Genetic screens are unbiased experiments designed to uncover the genetic sequences 

responsible for the maintenance of a specified phenotype.  As such, they are an ideal tool for the 

impartial generation of functional evidence needed to pair with genomic data and further 

differentiate cancer drivers from passengers. 

The landmark discovery by H.J. Muller that X-rays caused DNA mutations in flies, 

resulting in phenotypic mutants, ushered in an era of genetic screens for the study of biological 

processes (127).  Many valuable discoveries were made using X-rays and chemical mutagens to 

induce random mutations in model organisms, but another great leap forward occurred when 

yeast researchers developed technology to induce specific mutations into targeted DNA loci via 

homologous recombination (128).  This gene targeting ability facilitated the specific alteration of 

all yeast genes, enabling much more efficient genome-wide screening and enhancing unbiased 

gene discovery (129).  There is great appeal to this type of approach as the gene eliciting the 

phenotype of interest is readily identifiable, in contrast to the lengthy mapping required in 

random mutagenesis screens.  While gene targeting technology was extended into other model 

organisms (130, 131), the efficiency was low, and genome-wide applications remained in the 

realm of single-celled organisms for the time being.    

In a beautiful case of historical synergy, the discovery of the first oncogenes from tumor 

viruses also enabled the development of improved forward genetic tools that would facilitate so 

many more such discoveries down the road.  The engineering of retroviruses into DNA vectors 

for exogenous DNA delivery and integration into cultured human cells was a major breakthrough 

and viral vectors remain the primary tool of human somatic cell genetics today (132-134).  Viral 

vectors for delivery of DNA into cells offer several improvements over transfection-based gene 
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delivery.  Namely, they allow stable genomic integration of a single copy of a DNA molecule of 

interest, facilitating gene expression at levels comparable to a normal cell.  Furthermore, 

following iterative improvements and the development of lentiviral vectors (135), viral 

transduction has become feasible in virtually any cell type while transfection is often highly 

inefficient and is toxic to many cell types (136). 

Perhaps most importantly, viral vectors enabled generation and transduction of pooled 

expression libraries for efficient genetic screens.  The entire set of cDNAs isolated from a tumor 

cell could now be efficiently delivered into cultured cells resulting in a single, selectable clonal 

integration per cell, enabling isolation of cDNAs which conferred cancer-relevant phenotypes 

(137-139).  cDNA libraries opened an unprecedented genetic window into human cells, resulting 

in a deep enhancement of our understanding of the genetic causes of cancer as well as many 

other phenotypes and diseases (140-142).   

In contrast to mutagenesis efforts typically resulting in recessive loss-of-function 

phenotypes, cDNA libraries enable gain-of-function screening which facilitates discovery of the 

direct functional consequence of increased expression of a gene.  This powerful tool can 

demonstrate a gene’s sufficiency for causation of a phenotype; conversely, loss-of-function 

techniques enable demonstration of a gene’s necessity for preventing a phenotype.  Each of these 

approaches has limitations, in that the complex circuitry of cells may mask discovery of certain 

classes of genes involved in a phenotype.  Many human proteins perform redundant functions 

and are thus difficult to discover using loss-of-function techniques (143).  On the other hand, 

effects of overexpression can sometimes be complex; for example overexpression of a member 

of a multimeric protein complex may disrupt complex stoichiometry and ultimately result in a 

dominant negative genetic interaction (144).  Alternatively, overexpression can result in 
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promiscuous protein interactions that are unrelated to the normal physiological function of the 

protein (145).   Similarly, overexpression may also induce negative feedback loops, masking a 

given gene’s wildtype role in promoting said pathway (146).  Ultimately, full understanding of 

the genes involved in regulation of any given phenotype is likely to require a combination of 

approaches.     

A major drawback of cDNA libraries is that they are biased towards their source material.  

In any given cell, only half or fewer of all possible transcripts are expressed (147), and they are 

present at widely varying levels, resulting in incomplete libraries with uneven abundance of their 

constituents (148, 149).  However, the sequencing of the human genome, paired with higher 

efficiency and lower cost methods for gene sequencing, facilitated the generation of arrayed 

libraries of sequence-verified human open reading frames (ORFs) with near genome-scale 

coverage and normalized abundance (150-152).  These ORF collections (ORFeomes) use vector 

systems that allow flexible cloning for myriad expression options and depending on the 

application, can also be screened in a pooled format.  Thus, they enable a more systematic and 

unbiased approach to gain-of-function screening than ever before. 

Genetic screens remain a critical tool in the cancer biology arsenal – the majority of 

human genes are still without well-described functions, and many of these are likely to play as 

yet undescribed roles in oncogenesis (149).  Genome wide genetic screens for cancer gene driver 

discovery have heretofore focused more intensively on loss-of-function strategies, perhaps in 

part because of the quality of available reagents.  However, with the current availability of 

multiple sequence-verified human ORF collections, gain-of-function screens must become equal 

partners in this pursuit.  They are particularly important and well suited for discovery of 

dominant amplified drivers because they are able to directly model the expression gains 
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experienced by cancer cells (153).  Such screens have already proven their utility for cancer gene 

discovery (154-156), and the time is right for their broad application to a wide variety of cellular 

contexts and phenotypes, enabling the systematic identification of dominant cancer drivers.  

Technologies for Deconvolution 

 

Technology for delivering genetic libraries to cells and performing screens themselves is 

still only part of the story.  The final, critical piece is the isolation of sequences responsible for 

the selected phenotype.  For years, due to the high cost and low throughput of DNA sequencing 

technologies, gain of function screens in mammalian cells were necessarily put through stringent 

selections so as to yield a small enough set of clones to reasonably sequence (136).  While still 

highly informative, this approach resulted in isolation of only the most potent phenotype-

promoting genes.  In the last several decades, however, plummeting costs of DNA synthesis and 

sequencing have enabled development of technologies that can detect the relative abundance of 

each individual constituent sequence in a genetic library; in other words, they could deconvolve 

individual potency measurements for each sequence in a complex and convoluted pool.  The 

development of microarrays, and later, of next-generation sequencing facilitated simultaneous 

quantitative profiling of the relative phenotypic contribution of entire libraries, and 

revolutionized genome-wide genetic perturbation.  

DNA Microarrays  

 

DNA Microarrays are slides of glass coated with single-stranded oligonucleotide probes 

with sequences complementary to the target DNA molecules of interest (157, 158).  By 

hybridizing a heterogeneous DNA sample to these probes, they enable a high-throughput parallel 
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measurement of the abundance of thousands of nucleic acids simultaneously.  While initially 

utilized for gene expression profiling, the technology was later applied for deconvolution of 

pooled screens (159, 160).  Custom-designed microarrays are a flexible platform enabling 

readout of any library, although their accuracy and sensitivity are limited by variations in probe 

efficiency, sample cross-hybridization to non-specific probes, and limited dynamic range due to 

background signal and the potential for saturation (161). 

Next-Generation Sequencing 

 

The sensitivity and accuracy of DNA abundance measurements necessary for 

deconvolution of pooled genetic screens were greatly improved by the advent of massively 

parallel, or next-generation sequencing (NGS).  This technology uses sequencing by synthesis 

and imaging of fluorescently-labeled nucleotides which reversibly terminate elongation resulting 

in the ability to sequence more than 100 million DNA molecules simultaneously, generating 

billions of bases per run (162-164).  As described above, NGS is the foundational tool of cancer 

genomics and has enabled feasible, affordable whole genome sequencing at necessary depths for 

isolation of rare somatic mutations in tumors (79, 164).  However, its implications for cancer 

research go beyond whole genome sequencing as NGS can be used as an improved 

deconvolution strategy for pooled functional genetic screens.  NGS eliminates concerns of cross-

hybridization associated with microarray technology and so greatly reduces noise, improving 

sensitivity of detection of low abundance species (165).  The high-end limit to detection is 

substantially increased; while microarrays contain a finite number of probes for each target, 

resulting in the potential for saturation and a high-end limit of detection, detection of high 

abundance targets by NGS is only limited by the total number of reads sequenced.  Thus, the 
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dynamic range for detection of enrichment or depletion of target sequences is dramatically 

enhanced by NGS (166).  Software programs designed to identify genes with significant 

variation in abundance between conditions, such as DESeq and EdgeR, further improve the 

power of NGS (167). 

Alternative Genetic Screening Approaches 

While gain-of-function genetic screens using sequence-verified ORF collections are a 

powerful tool for cancer gene discovery, as previously noted, they have some limitations.  As 

with any genetic screening approach, ORF screens alone will not be able to fully identify the 

complete set of human cancer drivers.  This can only be achieved by integrating functional data 

from multiple approaches, some of which are discussed below.  This section will primarily 

highlight techniques that can be used to identify dominant cancer drivers. 

RNA Interference 

Opportunities for large-scale loss-of-function genetic studies in mammalian cells were 

very limited before the advent of RNA interference (RNAi).  Broadly speaking, RNAi-based 

genetic tools utilize exogenous sources of double stranded DNA complementary to specific 

coding regions which are processed through endogenous cellular microRNA machinery resulting 

in selective suppression, or knockdown, of target transcripts (168).  First described in plants and 

worms, the promise of RNAi for mammalian genetics appeared elusive at first, but was 

accomplished in cultured cells with modifications to the structure of the nucleic acids, upon that 

realization that short double-stranded molecules like siRNAs and shRNAs could effectively and 

specifically result in gene silencing (169, 170), while the longer dsRNA molecules that had 

worked in other organisms generated non-specific effects (171).  A key feature of RNAi as a 
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loss-of-function platform is that silencing of transcripts is efficient despite the diploid state of 

mammalian cells, allowing it to circumvent the difficulty in achieving bi-allelic mutation that 

hampered previous attempts at loss-of-function studies in human cells and other organisms 

(172). 

RNAi has been heavily exploited as a tool to identify oncogenic cancer drivers through 

lethality screens in cancer cell lines (160, 173-175).  However, this method of driver discovery 

has several drawbacks.  Off-target effects of RNAi, in which observed phenotypes can be due to 

suppression of unintended transcripts, are well described (176-178).  Although various 

algorithms have been developed to help predict and filter out off-target noise (174, 179, 180), the 

problem remains, and minimizing it requires increased reagent redundancy resulting in added 

cost and man-hours for genome wide screens.  Furthermore, a gene’s dosage can impact knock-

down efficiency, leading to a potential decline in the ability to discover driver genes that are 

highly amplified in cancer cell lines (178).  Interestingly, the expression level of Ago2, a core 

component of the RNAi machinery, is also strongly correlated with the likelihood of discovering 

essential genes through shRNA lethal screens according to a recent study (181).  Thus variations 

in the efficiency of miRNA processing in a given cell line will limit the sensitivity of detection.  

Finally, cancer cell lines represent only a single snapshot of tumor cell biology; not all drivers 

that were involved in oncogenesis of a tumor will be required for viability later on in its 

development or for growth in culture, prohibiting discovery of some drivers.  Further genetic 

alterations are likely to arise during adaptation to tissue culture that were not present during 

tumorigenesis and did not contribute to the tumorigenic state (77). 

Nonetheless, RNAi technologies have dramatically altered the landscape of mammalian 

genetics, ushering in an era of genome-wide screens in mouse and human systems which have 
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led to scores of vital discoveries over the course of the past dozen years.  Their contribution to 

cancer driver discovery efforts is substantial and they will continue to remain a critical tool for 

such pursuits.   

Transposable Elements for Insertional Mutagenesis 

An alternative method for mammalian genetic screens that has become viable in the last 

two decades is insertional mutagenesis using transposable elements (TEs).  TEs are mobile 

genetic elements flanked by repeat sequences which are frequent in the genomes of all plants and 

animals (182).  Species-specific TEs have been used for insertional mutagenesis screening in 

prokaryotes, Drosophila melanogaster and many other organisms and have been integral to 

today’s understanding of the genomes of those species (183, 184).  However, the majority of TEs 

found in vertebrate genomes are inactive, due to mutation accumulated through the course of 

evolution (185-187).  Cleverly, using phylogenetic data, researchers were able to reconstruct the 

predicted functional sequence of an intact autonomous TE from the salmonid fish lineage (188).  

This TE, named Sleeping Beauty (SB) was demonstrated to catalyze transposition in a wide 

variety of species, including mouse and human. 

SB and piggyBac, another TE functional in mammals (189), are type II, or DNA TEs and 

function through a cut-and-paste mechanism. These TEs are excised from their genomic locus by 

a self-encoded transposase enzyme, which then catalyzes reintegration into the genome at a new 

locus (190).  Adaptations of this system for insertional mutagenesis applications have typically 

employed a non-autonomous two-component system, in which the TE carries a sequence of 

interest, while the transposase enzyme is encoded and controlled separately.  The sequence of 

interest carried by the TE construct will typically enable either disruption or activation of 
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endogenous genes within which it might land (191).  Use of tissue-specific or inducible 

promoters, as well as Lox-Stop-Lox constructs to control transposase expression have enabled 

spatial and temporal control of mutagenesis (192, 193).  Mutagenesis screens performed with 

these types of TEs have led to the discovery of many important cancer genes (194).  Although 

TEs have primarily been used for cancer gene discovery in mice and other model organisms, 

they have recently been applied to human cell culture systems as well, further expanding their 

utility (195).   

The flexible formats of TE design allow discovery of both positive and negative 

regulators, as well as discovery of coding and non-coding regions of the genome which may 

regulate phenotypes of interest.  Thus, insertional mutagenesis provides a uniquely efficient 

screening method, capturing many different types of genetic events in a single experiment.  A 

potential drawback of TEs is that their integration is never fully random, due to insertion site 

sequence preferences and a propensity for local hopping (191).  Thus, a limit exists to their 

potential for illumination of gene function.  However, when used in combination with tumor 

sequencing data and other functional studies, TE-based screens in mice and human cells will 

very likely continue to contribute to our understanding of the biology of cancer drivers.  

CRISPR-Cas9  

The clustered regularly interspaced short palindromic repeats (CRISPR)/CRISPR-

associated protein 9 (Cas9) system takes advantage of endogenous anti-viral pathways found in 

many prokaryotic species which direct DNA double-stranded breaks (DSBs) to targeted 

sequences (196, 197). By altering the targeting sequence, known as the guide RNA (gRNA), one 

can control the location of the DSBs generated by the endonuclease Cas9 (198).  Exogenously 
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supplying cultured human cells with Cas9, as well as constructs to enable expression of the RNA 

sequences required for targeting can easily generate homozygous DSBs (199-201).  Repair of 

these breaks frequently generates insertions or deletions (indels) resulting in shifted reading 

frames, destroying the functional sequence that had been encoded.  The efficiency is so high that 

pools of gRNAs can be supplied to Cas9-expressing cells, resulting in generation of a genome-

wide library of homozygous null cells for genetic screens (202-204). 

While CRISPR gRNA libraries have largely focused on disrupting in-frame coding 

regions for loss-of-function studies, the technology has also been applied to the study of gene 

activation by tethering a catalytically inactive Cas9 enzyme to transcriptional activators (205-

208).  A system of this type, termed CRISPRa, paired a genome-scale library of gRNAs with a 

modified dCas9 fusion protein capable of recruiting multiple VP64 transcriptional activator 

domains (209, 210).  This library was used for genome-wide gain-of-function screens in human 

cells, indicating that this is a promising method for studying alterations in expression levels.  A 

powerful feature of this type of library is the ability to target transcriptional activation modules 

to study non-protein coding transcripts, a largely uncharted frontier of the cellular landscape 

(211).  Even at genic regions, CRISPRa and related libraries offer the ability to study the 

function of all potential transcripts generated from a given gene, a number which recent studies 

have revealed to be greater than 10 for some genes, and generally higher than previously thought 

(147).  This is both a potent capability and a potential confounding factor, as phenotypes 

resulting from transcription at a known locus may still require additional experimentation to 

determine the resulting proteins involved. 
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Even in its infancy, CRIPSR has revolutionized human and mouse genetics, facilitating 

highly penetrant, on-target genome editing.  New applications will doubtlessly continue to 

develop, facilitating the potential for great benefit to the treatment of human disease. 

Comparative Oncogenomics 

While many of these methods have focused on the use of cultured human cells, many key 

cancer biology discoveries have arisen through work in model organisms - predominantly mice.  

The study of cancer in model organisms to inform understanding of the human disease is termed 

comparative oncogenomics.  As model organisms for cancer biology, mice offer a balance 

between genetic tractability, generation time, and ease of husbandry (212).  The high degree of 

genetic and conservation between mice and humans makes them especially appealing for 

studying human disease (213).   Study after study has shown that the biological complexity of 

cancer in animals is staggering and often under-appreciated by cell culture techniques (214). 

A clear benefit offered by the mouse is the existence of complex, heterogeneous three 

dimensional tissues – in other words, the true tumor microenvironment can be recapitulated.   

Recent work has highlighted the important interplay with the microenvironment during tumor 

development (215).  Similarly, the whole organism approach facilitates the study of the complex 

effects of the immune system on cancer development (216, 217).  Another hallmark property of 

tumors, and the primary cause of cancer-related deaths is metastasis to distant tissues.  Again, 

mice provide an unparalleled window into this process (218, 219). 

However, there are several salient divergences between mouse and human biology that 

result in vastly different susceptibilities to cancer.  Furthermore, in some cases these differences 

make inference about the biology of human cancer from mouse work more tenuous (220).  For 
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instance, acquisition of cellular immortality, typically through activation of telomerase 

expression is a hallmark feature of human cancer cells.  Intriguingly, wild-type mice have much 

longer telomeres then humans, and most adult cell types express appreciable levels of 

telomerase, in contrast to humans which normally express none (221).  Although telomerase 

expression is generally upregulated in mouse tumors as well, their higher baseline levels and 

longer telomeres suggest that the barrier to cellular immortality is very different between these 

two species.  Another key difference, which may be related to differences in telomere 

maintenance, is that while human tumors, especially carcinomas, exhibit marked levels of 

aneuploidy, mouse tumors generally do not.  As genomic instability is thought to be a key feature 

of human tumors, and aneuploidy is likely to underlie many driver alterations through resultant 

copy number and dosage changes, this difference seems to suggest that the mechanisms of 

genetic alteration leading to cancer in each species may vary substantially.   

Impressively, mouse strains which more faithfully recapitulate these features of human 

tumors have been engineered (222-224).  However, subtle biological differences remain.  A 

survey of some common tumor suppressor genes whose mutations underlie various human 

cancer predisposition syndromes revealed that the affected tissues in mice engineered with 

paralogous mutations was often quite different (220).  Nonetheless, the robust technology 

enabling mouse genetic engineering has continued to improve and promises the generation of 

more and more closely matched model systems.  Meanwhile, humanized mouse models offer the 

unprecedented ability to manipulate human cells in a three-dimensional tissue context (225, 226). 

Comparative oncogenomics is not just the arena of the mouse, however.  Many insights 

can be gained by looking back to our roots, evolutionarily speaking.  Zebrafish, though more 

distant relatives, spontaneously form tumors in many of the same tissues humans do (227).  In 
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the era of genome sequencing, their divergence can be a plus: they exhibit lower synteny with 

humans than do mice.  A recent study took advantage of this fact to help eliminate noise from 

passengers of large CNAs by identifying commonly altered genes in both species as potential 

drivers, which are frequently highly conserved throughout evolution but have different neighbors 

in zebrafish than in humans (228). 

 

Additional Approaches 

Because of the myriad ways which oncogenes can be activated in cancer, and the 

complex synthetic interactions among drivers, no single approach will sufficiently identify all 

major cancer drivers.  Combining data from multiple approaches will be key to generating a 

complete driver census.  Genetics is a powerful approach for demonstrating the role of candidate 

drivers in maintenance of cancer-related phenotypes, but proteomics-based approaches offer 

insight into how these phenotypes are maintained by connecting candidate drivers to enzymatic 

activities, interaction partners, protein modifications or localizations at the cellular or tissue 

level.  Large-scale quantitative protein interaction studies have elucidated entire signaling 

networks, and in doing so helped illuminate drug resistance mechanisms and uncover new 

potential drug targets in those pathways (229).  Proteomic data can also be integrated with 

genomic data, providing an orthogonal source of evidence in identifying drivers.  This was 

demonstrated by a recent study which intersected the cyclin D1 interactome with genes found to 

be frequently amplified or deleted in cancers and found several putative driver genes (230).   

Tissue-based proteomics also offer a great opportunity to study human cancer.  Tissue 

microarrays have enabled rapid analysis of DNA, RNA, and protein levels across a wide variety 
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of patient samples (231).  A catalogue of normal and diseased human tissue samples stained for 

all human proteins is currently underway (232).  Such resources offer great potential to discover 

new drivers and to help confirm clinical significance of putative drivers identified by other 

methods. 

In summary, a variety of approaches exist for the genetic dissection of biological 

pathways.  Each has unique strengths and their combined applications to biological questions 

will ultimately bolster one another in the push for gene discovery.  They enable our continuing 

pursuit to understand the mechanisms that drive one of the deadliest human diseases and in doing 

so, provide us with hope that they key to cancer may be just an experiment away.  
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Chapter 2: Barcoded ORF Libraries Enable Proliferation and 

Cancer Gene Discovery 

Introduction 

A comprehensive understanding of the genetic events driving tumorigenesis is a primary 

goal of cancer research, as described in Chapter 1.  The complete sequencing of the human 

genome, followed closely by the coordinated sequencing efforts of thousands of human tumors 

has enlightened us to the vast unknowns therein.  The functions of a large percentage of human 

genes remain unknown in the wild-type human genome, making the interpretation of sequence 

alterations observed in cancer that much more challenging.  Unbiased genetic screens provide an 

ideal strategy for high-throughput phenotypic characterization of the human genome.  While 

screen results must always be followed up by more detailed genetic and biochemical 

characterization, genetic screen findings often connect new and unexpected genes or gene 

families to phenotypes, demonstrating that unbiased approaches will be critical for a complete 

phenotypic catalogue of the human genome.   

RNAi screens have been the mainstay approach of human genetic perturbation for the 

past decade.  Scores of screens performed with this technology have assigned novel functions for 

many uncharacterized genes (233).  However, RNAi screens alone are insufficient to 

characterize all gene functions as variations in knockdown efficiency and off-target effects can 

cause candidate genes to be missed.  Even in systems that can generate complete loss-of-

function, such as mutagenesis or CRISPR libraries, redundant gene function will prohibit 

saturation of gene discovery (234).  Additionally, characterization of essential genes by loss-of-
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function methods poses challenges; lethality will often result from their perturbation, rendering 

further phenotypic characterization impossible.  

A complementary  genetic approach is gene overexpression.  Though perhaps phenotypic 

effects of loss-of-function mutations are more intuitive, gene overexpression can have dramatic 

phenotypic consequences as well.  The prominence of overexpression as a driving force in 

cancer (HER2, EGFR, MYC, etc) leaves no doubt as to the potential for phenotypic variation 

dependent upon protein abundance (153).   

As with many genetic techniques, overexpression as a genetic tool was pioneered in yeast 

(235).  Before genome sequences were readily available, overexpression offered the significant 

benefit of easy identification of the genes responsible for a phenotype, eliminating the need for 

genetic mapping.  In the modern genomic era, the utility of overexpression studies persists as a 

parallel method to loss-of-function screens in characterizing gene function.  They provide the 

potential to uncover functions even for redundant genes, and their dominant effects diminish 

concerns about reagent efficiency and difficulties in generating loss-of-function effects in diploid 

organisms (234).  Additionally, assignment of gene function is challenging when loss-of-

function phenotypes are lethal; overexpression enables elucidation of the critical roles such genes 

contribute to cell physiology.  Finally, with the more recent availability of sequence-verified 

ORF collections, overexpression screen can provide definitive connection of genotype and 

phenotype while loss-of-function methodologies like RNAi and CRISPR can be plagued by off-

target effects (152, 236).  Sequence-verified collections provide a key advance as earlier ORF 

collections contain polyclonal populations of variable sequence composition including gene 

fragments and mutants (151).  These advantages suggest that gain-of-function studies have the 

capacity to discover phenotypic functions for genes that will be missed by loss-of-function 
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techniques.  A complete catalogue of gene functions will only be achieved through integration of 

data from both approaches.    

An additional advantage of overexpression studies is their ability to directly model 

expression increases underlying human disease.  As gene overexpression is prominent in human 

cancer, resulting from amplification events as well as transcriptional and epigenetic alterations, 

gain-of-function screens can be effectively utilized to discover overexpressed cancer drivers.  A 

census of known amplified and overexpressed cancer genes has been compiled (105).  However, 

many additional amplified drivers likely exist, as their identification is hampered due to the 

challenge of distinguishing them from the other genes simultaneously altered in the same 

multigenic amplicon.  Amplified or overexpressed drivers may be good candidates for drug 

targets as their increased dosage relative to healthy unaltered cells can allow for a therapeutic 

window in which cancer cells are selectively inhibited.  Furthermore, data suggesting that 

amplifications are early and/or strongly selected events in tumorigenesis further highlight their 

importance in maintenance of the tumor phenotype (96, 237).  A comprehensive catalogue of 

such genes is thus critical to improved cancer therapy. 

Many of the current attempts to predict drivers from amplicons have aimed to identify 

single genes as the source of the selective advantage conferred by the amplification event.  

However, a growing body of data refutes this notion.  Many recurrent focal amplicons in cancer 

are known to contain more than one, and sometimes several target driver genes (96, 112, 116).  

Indeed, Inaki and colleagues demonstrate that an “oncogenic cassette” of as many as 19 

oncogenes at the 17q21.3 locus is sometimes coamplified with ERBB2 in breast cancer.  

Although the oncogenic phenotype of each alone was determined to be weak, relative to ERRB2 

amplification, they contributed additive and sometimes synergistic growth effects to the ERBB2 



45 

 

phenotype (96).  The presence of multiple targets is especially likely to be the case for broader 

peaks of amplification, which interestingly, are significantly less likely to contain known targets 

than shorter peaks (102).   

The principle of selection of CNAs that enhance growth through the additive effects of 

multiple weak cancer drivers has been demonstrated to govern patterns of recurrent focal 

deletions in cancer, through work from our laboratory.  Solimini and colleagues conducted a 

genome-wide RNAi screen for regulators of proliferation in hTERT-immortalized human 

mammary epithelial cells (HMECs).  Genes whose knock-down enhanced growth, termed 

suppressors of tumorigenesis and/or proliferation (STOP genes) were found to be significantly 

over-represented among recurrent focal deletions in human cancer (42).  Furthermore, this screen 

also identified a class of growth enhancers, oncogenes and essential genes (GO genes), whose 

knock-down suppressed proliferation.  This class of genes was selectively excluded from regions 

of recurrent focal deletion, suggesting that patterns of CNA in tumors are shaped by the presence 

of clusters of STOP and GO genes.  These clusters of co-altered STOP and GO genes are termed 

Cancer Gene Islands, and can promote cancer cell proliferation through the additive effects of 

their altered abundance.  

This hypothesis was confirmed by further work performed in our laboratory (88).  An 

analysis of aneuploidy and copy number in several thousand tumors revealed that the patterns of 

arm and chromosome level CNAs can be predicted by the distribution of putative oncogenes and 

tumor suppressor genes identified through mutational signatures.  As the TSGs predicted by this 

method are themselves enriched for the RNAi screen STOP genes, this analysis strongly 

indicates that regulators of proliferation are selected within CNAs.  Furthermore, their density 

and additive effects underlie the distribution and shape of observed CNAs.     
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As noted, RNAi screens are unlikely to identify all relevant genes performing a given 

function.  We were interested to enhance our discovery of STOP and GO genes to further 

identify likely cancer drivers found in CNAs.  Furthermore, we wondered whether a set of GO 

genes whose overexpression promotes proliferation would be likely to be frequently amplified in 

human cancers, as STOP genes whose knock-down enhances growth are frequently deleted. 

To address this question and identify driver genes in tumorigenesis, we have performed 

gain-of-function screens using genome-scale ORF libraries in hTERT-immortalized HMECs.  

By driving high expression of our libraries, we can model the increased protein levels that result 

from additional copies of genomic loci.  We report that the GO and STOP genes discovered by 

our overexpression screens are significantly enriched for known OGs and TSGs, respectively, 

and members of pathways known to regulate proliferation.  Additionally, our GO and STOP 

gene sets are over-represented within peaks of focal amplification and deletion, respectively. 

As we will consider the GO and STOP genes identified by this study in relation to the 

related gene sets described above (42, 88), we propose a nomenclature to differentiate these three 

distinct classes of GO and STOP genes.  This nomenclature is summarized in Table 2.1, and the 

various properties of each class of GO and STOP genes including their similarities and 

differences will be explored in more detail throughout this Chapter, as well as in Chapter 4. 

Many important novel cancer drivers have been discovered through gain-of-function 

screens in human genetic systems (154, 156, 238).  Nonetheless, this approach is still 

underutilized relative to loss-of-function approaches.  In this chapter, we present two genome-

scale libraries of ORFs uniquely paired with DNA barcodes (BCs) to facilitate quantitative 
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Table 2.1 Three classes of GO and STOP genes.  Method of Discovery describes the 

experiment/analysis performed to identify the set of genes characterized as GO and STOP genes 

in each class.  Based on these different methods of discovery, different types of genes will be 

considered GO and STOP genes in each class, as indicated.  LOF – loss of function; TSG – 

tumor suppressor gene 

Functional 

Gene 

Class 

Reference Method of Discovery 

Go Genes: 

Types of Genes 

Included 

STOP Genes: 

Type of Genes 

Included 

Class I 42 

shRNA LOF screen 

for regulators of 

proliferation 

Essential genes 

Proliferation- 

suppressing genes 

(including some TSGs) 

Class II 88 

Predicted based on 

mutational signatures 

in 8200 tumors 

Oncogenes activated 

by point mutations 

TSGs (may regulate 

processes other than 

proliferation) 

Class III This work 

Overexpression screen 

for regulators of 

proliferation 

Dosage-sensitive 

growth enhancing 

genes (including 

some oncogenes) 

Growth suppressing 

genes including some 

TSGs and genes whose 

overexpression is toxic  

 

screen deconvolution.  The collection is available under control of the inducible Tetracycline 

Responsive Element promoter (TRE) or the constitutive Cytomegalovirus promoter (CMV).  We 

hope that this reagent will encourage increased use of overexpression studies. 

 Screen Design Rationale 

Cell Line Selection 

Our screens for regulators of proliferation were performed in untransformed human 

mammary epithelial cells (HMECs) immortalized with exogenous hTERT expression.  This was 

the same cell line used in the RNAi proliferation screen described above (42).  While many 

genetic screens seeking to identify cancer drivers have utilized cancer cell lines, these have 

several drawbacks.  Most cancer cell lines lack intact TSG pathways as these barriers must be 

overcome on the path to tumorigenesis.  Thus, some of the critical pathways regulating cellular 
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proliferation are absent, limiting the potential for discovery of novel genes that might modulate 

these pathways to drive cancer development.  Furthermore, the high degree of genomic 

instability exhibited by cancer cells can lead to non-pathophysiological genetic drift, and can 

make dissection of the genetic dependencies of cancer challenging (239).   

While it may seem intuitive to study the biology of cancer in cancer cells themselves, we 

believe HMECs are in fact an ideal system for this purpose.  In a complementary approach to 

work performed in cancer cell lines, we seek to identify the early genetic events that promote the 

acquisition of cancer-related phenotypes by non-transformed human cells.  As carcinomas 

account for the great majority of all human cancers, the study of non-transformed epithelial cells 

is especially relevant.   

It should be noted that while non-transformed cells are often casually referred to as 

“normal”, in reference to the state of wild-type non-malignant cells in vivo, this characterization 

is incorrect.  Any human cell cultured ex-vivo undergoes changes owing to the selective pressure 

of adaptation to growth in culture, in addition to the changes required to acquire replicative 

immortality.  Following patient reduction mammoplasty, breast tissue is digested and the isolated 

cells are then grown on plastic culture dishes in a semi-defined, serum-free medium (240).  The 

majority of cells will grow for only about 10-20 population doublings (PDs) before they reach a 

growth arrest termed stasis, or M0 (241-243).  This growth arrest is presumed to be a stress 

response, initiated by exposure to culture conditions and is mediated by an accompanying 

increase in expression of the p16
INK4A

 tumor suppressor protein (244).  Accordingly, Rb 

phosphorylation remains low, prohibiting cell division.  However, spontaneous emergence from 

this arrested state is observed at relatively high frequency, resulting in subpopulations of cells 

which have lost p16 expression (241).  Loss of p16 occurs through hypermethylation of its 
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promoter, resulting in silencing at that locus.  Studies have shown that a population of cells 

exhibiting this hypermethylation exists in normal human mammary epithelia, suggesting the cells 

capable of outgrowth may be already present in vivo (245).   

HMECs that bypass stasis through suppression of p16, termed post-selection HMECs, are 

cytogenetically normal, and retain detectable telomeres.  However, in the absence of telomerase 

activity, they will eventually reach crisis, a replicative limit characterized by shortening of 

telomeres and resultant genomic instability (243).  To overcome this barrier, the cells must be 

able to lengthen their telomeres.  This can be achieved by mutagenesis or exogenous delivery of 

the telomerase gene.  The work described in this chapter is performed in HMECs that have been 

immortalized through transduction of post-selection cells with a retrovirus carrying the human 

TERT gene. 

Loss of p16 is observed in at least half of all human cancers, and is frequently an early 

event in tumor progression (246, 247).  Similarly, acquisition of replicative immortality is a 

hallmark of cancer, and is necessary for tumorigenesis in vivo as for growth in vitro.  Thus, the 

barriers that must be overcome for extended growth in culture mirror those in place to prevent 

neoplastic growth in vivo.  Therefore, cells exhibiting these early alterations are likely to be a 

physiologically relevant model of pre-neoplastic tissues (248).  Despite loss of these two tumor 

suppressive mechanisms, HMECs still retain many key tumor suppressor genes which 

functionally restrict growth, and are generally inactivated during malignant transformation, 

including p53 and Rb.  Similarly, they do not exhibit genetic activation of oncogenes other than 

TERT.  Thus, they are a sensitized cell-type which can be inched towards transformation with 

additional genetic changes (249).  As such, identification of genetic perturbations which increase 

their proliferative potential is an interesting and important goal. 
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DNA Barcodes 

To facilitate quantitative, accurate screen deconvolution, we generated DNA Barcodes 

(BCs) to uniquely pair with our ORFs and serve as the surrogate reporter with which to monitor 

ORF abundance.  Barcoding strategies have been applied to yeast deletion strains, enabling 

sensitive, quantitative, high-throughput profiling of the phenotypic contributions of all genes to a 

given function (250).  Later, barcoded libraries were also constructed for yeast ORF collections, 

further expanding the toolbox for simultaneous, quantitative phenotypic profiling in yeast (251).  

These studies established the framework for the pooled screening strategies employed in 

mammalian genetics (252).   

While uniform-length shRNA sequences can serve as their own unique “barcodes” 

simplifying design of mammalian RNAi libraries, ORF sequences vary substantially in length, 

introducing bias during PCR recovery, as longer templates are recovered less efficiently by PCR 

(253).  Thus, pairing ORFs uniquely with DNA BCs of uniform length will provide a marked 

improvement in screen fidelity.  At the time of deconvolution, BCs, rather than ORFs, will be 

recovered by PCR using flanking universal primer sites, facilitating improved representation of 

template abundance differences.   

In our barcoding strategy, we chose to pair each ORF with several different BCs, 

averaging approximately 5 BCs per ORF.  This redundancy provides a measure of internal 

reproducibility to our library.  In each screening replicate, we are able to monitor the behavior of 

each individual barcode paired with a given ORF.  While each cell will carry a single ORF 

paired to a single BC, the total cell population will contain a number of different BCs that report 

for the same ORF.   As the cells bearing each BC necessarily arise from independent infection 
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events, the BCs provide an internal control for sources of noise like variation in integration site 

and double-integrations resulting in passenger ORFs.   

The relative abundance of PCR-recovered BCs can be quantitated by next-generation 

sequencing (NGS).  Until recently, most pooled, high-throughput screens were deconvolved by 

hybridization to a microarray containing probes designed to selectively bind library elements.  

However, probes can vary in efficiency, limiting detection of some library elements.  

Additionally, elements can cross-hybridize to improper probes, causing detected signals to be 

assigned to incorrect ORFs or shRNAs (161).  Another drawback of microarrays is the potential 

for saturation of signal for abundant library elements, limiting the range for quantitative 

measurements.  However, use of NGS for deconvolution can avoid these problems.  Direct 

comparison of analysis of the barcoded yeast deletion strain via microarray to deconvolution by 

NGS revealed that deep sequencing provided higher quality results (254).  The sensitivity and 

dynamic range of the assay were improved in the NGS read-out relative to the microarray. 

Thus, we believe our BC-ORF libraries represent a significant improvement to current 

gain-of-function reagents.  The BCs enable quantitative measurements, reduced PCR bias, and 

provide internal reproducibility.  In this chapter, we demonstrate their utility for cancer gene 

discovery, though they can be readily applied to a wide variety of applications. 

Results 

Generation of Genome-Scale Barcoded ORF Libraries 

Library construction began with the design of a modular lentiviral backbone containing a 

Gateway DEST cassette (255), and multiple unique rare restriction sites to enable flexible choice 
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of promoter, selection cassette, and optional epitope tagging (Fig. 2.1 A).  Using these unique 

restriction sites, an inducible TRE promoter and a PGK promoter-driven Puromycin (Puro) 

resistance gene were cloned into this backbone.  Similarly, oligos containing random 30mer or 

24mer BCs flanked by PCR primer binding sites were cloned into the vector, immediately 

downstream of the DEST cassette.  ORF collections in Gateway Entry clones were then 

recombined into DEST cassettes, and sufficient clones for an average of 5 BCs per ORF were 

recovered.  Each individual clone contains only a single ORF and a single BC, but within the 

pool of clones, each ORF is paired to multiple BCs (Fig. 2.1 C).  ORF collections were 

combined into two libraries, the details of which are summarized in Table 2.2 (152, 256, 257).  

In total, the libraries contain nearly 30,000 ORF clones corresponding to 16,376 unique genes.  

When more than one clone in the same collection maps to a single gene, these typically represent 

unique isoforms.  Clones corresponding to the same gene from different collections may be 

identical or may encode different isoforms of that gene.  To generate a map of the ORF-BC 

pairs, fragments containing both the ORF and the BC were excised from library plasmid DNA 

and prepared for Illumina paired-end sequencing (Fig. 2.1 A and Methods).  In each library a 

distribution of the number of BCs paired to each ORF was observed, with an average of 4-5 BCs 

per ORF (Fig. 2.1 C).     

 Due to concerns about larger ORF clones exceeding the lentiviral packaging limit, we 

opted to generate a separate construct carrying the reverse tetracycline transactivator protein 

(rtTA) to control ORF expression.  We generated a modified version of the inducible, Neomycin-

selectable expression vector pInducer20 that lacks a DEST cassette (Fig. 2.1 B) (258). 
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Table 2.2. Human ORF collections used to generate BC-ORF Libraries.  As Library 2 

contains ORF clones from three separate ORF collections, the “Library 2 combined” column 
summarizes the number of genes and clones present altogether, from the combination of these 

three constituent collections.  

 Library 1 Library 2 

Source Collection ORFeome 

8.1 

ORFeome 

8.1 

Ultimate 

ORF  

ORFeome 

Collaboration 

Library 2 

combined 

Provider Dharmacon Dharmacon Life Tech Dharmacon Multiple 

Reference 56 56 31 69 N/A 

Number of Clones 11,761 729 15,620 1,827 18,176 

Number of Unique 

Genes 

10,298 724 12,121 1,758 13,255 

Number of Genes in 

Common with Other 

Library 

7,177 72 7,157 11 7,177 

STOP Codon in WT 

position? 

N N Y 30% - Y 

70% - N 

Mixed 

 

hTERT-HMECs (henceforth referred to as HMECs) were transduced with this construct and 

stable integrants selected.  From this population of infected cells, we isolated rtTA-HMEC 

clones, ensuring they exhibited similar morphology and growth properties to the parental HMEC 

population.  We tested inducibility of the parental rtTA-infected population and of the rtTA-

infected clones by transducing them with our library vector expressing EGFP under control of 

the inducible promoter.  We assessed the distribution of GFP expression following induction 

with doxycycline (dox) by flow cytometry (Fig. 2.2 A) and measured the total induced protein 

levels by Western Blot (Fig. 2.2 B).  We isolated several clones which exhibited > 95% 

induction of EGFP expression, and concordantly expressed higher protein levels than parental 

cells, in which only 75% induction was observed.  This population of uninduced cell persisted at 

concentrations of dox up to 10-fold higher than shown in Fig. 2.2. 



54 

 

   



55 

 

Lentiviral transgenes can be 

subject to variable expression levels 

based on their site of integration into 

the genome, dependent on chromatin 

structure and other factors (259, 260).  

Furthermore, expression of proviral 

genomes encoding transgenes of 

interest can be silenced as a result of 

host antiviral defense (261).  The 

parental rtTA HMECs must have 

efficient expression of both the rtTA 

transgene and the EGFP transgene for 

EGFP induction to be observed.  Our 

results suggest that the additive 

effects of silencing/variable 

expression of two transgenes results 

in a substantial population of non-

responsive cells.  In the interest of 

maximizing the sensitivity of 

detection of proliferation phenotypes, 

we chose to perform our screens in 

rtTA-HMEC 1-9 cells (henceforth referred to as rtTA-HMECs) as they had a high uniformity of 

induction of EGFP expression and also exhibited very tight control of expression in the absence 
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of dox (Fig. 2.2 A).  The suitability of heterogeneously infected rtTA lines for screens is further 

explored in Appendix 3.   

Screens for ORFs that control proliferation 

To perform screens for regulators of proliferation, rtTA-HMECs were infected with ORF 

library virus in triplicate at a multiplicity of infection (MOI) of less than 0.5.  Cells were selected 

with puromycin and each replicate was split into +Dox and –Dox arms.  These arms were 

passaged for 10 population doublings (PDs), always maintaining an average library 

representation of 1000 copies of each ORF at every passage.  Genomic DNA was isolated from 

PD10 +Dox and –Dox cells, and BCs were recovered by PCR.  BC abundance was quantified by 

Illumina deep sequencing (Fig. 2.3 A).   

In order to compare the abundance of each BC in +Dox and –Dox conditions, data were 

analyzed with edgeR, a software package designed to identify genes exhibiting significant 

changes in abundance between conditions in genome-wide experiments (262).  edgeR computes 

a p-value for each ORF clone in our library which takes into account the magnitude of the fold 

change between screen (PD10 + Dox) and reference (PD10 – Dox) replicates as well as 

additional measures of reliability, such as the read depth for that clone and the agreement 

between replicates.  The Log2 of the fold change ratios of PD10 + Dox cells to PD10 – Dox cells 

(Log2FC) and the p-values and false discovery rates (FDR) for each clone in our libraries are 

listed in Supplementary Tables 1a and b.  

We identified 662 significantly enriched (p<0.05, FDR<0.28) clones from Library 1 and 

1138 (p<0.05, FDR<0.23) from Library 2 (Fig. 2.3 B).  These clones corresponded to 637 (6.2%) 

unique Class III GO genes in Library 1 and 1082 (8.2%) in Library 2.  Among the genes that 
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scored as a GO gene in either library, 426 of them contained a corresponding clone mapping to 

the same gene in the other library.  Of these, more than one third (148) also scored as GO genes 

in the second Library.  We also looked for clones significantly depleted (p<0.05, FDR<0.29) 

from each library and found 1223 clones corresponding to 1183 Class III STOP genes in Library 

1, and 1483 clones corresponding to 1375 Class III STOP genes in Library 2.  Of the 784 genes 

found in both libraries that scored as a STOP gene in one library, nearly half (389) scored in the 

second library as well.   

In total, 6490 genes had ORF sequences in both Libraries.  For this set of genes, the 

overall performance in each library was highly correlated (Pearson’s correlation coefficient 

r=0.64) (Fig. 2.3 C).  This correlation is nearly as strong as the correlation seen for individual 

replicates in these and other screens, suggesting that results of these screens are highly 

reproducible (see Appendix 3 and data not shown).  The majority of deviation from the linear 

relationship between screens was comprised of ORFs exhibiting no change in abundance in one 

library, while enriching or depleting in another, rather than exhibiting opposing phenotypes.  In 

order to integrate information available from both libraries into a single dataset, we computed 

combined p-values for enrichment and for depletion of each gene, using the Fisher method (263).  

For genes that were only present in a single library, the p-value from that screen was left 

unchanged.  This allowed us to compile all the data from both of our screens into a single table 

summarizing the performance of all 15,502 individual genes (Supplementary Table 2).  Within 

this set we found 1265 Class III GO genes (combined enrichment p-value < 0.05) and 2332 Class 

III STOP genes (combined depletion p-value < 0.05).  For the remainder of this chapter, 

references to Class III GO and STOP genes will refer to gene sets derived from this combined 

dataset, unless otherwise indicated.  



58 

 

We next assessed the performance of the BCs in the screen.  We examined the individual 

BCs mapped to CCDN1 and CDKN1A, top GO and STOP genes, respectively, in both libraries 

(Fig 2.4 A, B).  In each case, all paired BCs exhibited similar phenotypes, demonstrating the 

reproducibility of these results.  We observed similar agreement between BCs for other genes 

examined as well. 

GO genes regulate signaling pathways that drive proliferation and cancer 

We used Ingenuity Pathway Analysis (IPA) to analyze the Class III GO genes (combined 

enrichment p-value<0.05) for enriched pathways and gene ontology terms.  Encouragingly, we 

found that these GO genes are enriched for genes associated with cellular proliferation (p= 

0.009).  More specifically, the enriched signaling pathways that underlie this result include G-

protein Coupled Receptor (GPCR) signaling, Wnt signaling, MAPK signaling, and Hippo 

signaling as well as G1/S Checkpoint regulation, and molecules regulating cell-cell junctions 

(Fig. 2.3 D).     

Molecules associated with G-protein Coupled Receptor signaling were among the most 

significantly over-represented signaling pathway within the Class III GO gene set (Fig. 2.5).  

Pathway enrichment was observed at nearly every level of the pathway.  GPCRs themselves 

were highly enriched, with 12 among the top 50 GO genes.  Several alpha subunits of 

heterotrimeric G proteins themselves were robustly enriched.  Additionally, ORFs encoding beta 

and gamma G-protein subunits were discovered, although their enrichment was not as 

pronounced as that of the alpha subunits.  Another interesting class of genes in this pathway is 

the regulator of G-protein signaling (RGS) family.  Some of these proteins are known to 

paradoxically enhance pathway activation following GPCR stimulation despite their role in 

acceleration of GTP hydrolysis (264, 265).  They may accomplish this through their ability to 
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act as signaling scaffolds, enhancing G-protein mediated activation of downstream effectors 

(266).  Our libraries contained 20 RGS family members, eleven of which significantly promoted 

proliferation (p=1.14x10
-5, Fisher’s exact test), and notably, 9 of these 11 had combined 

enrichment p-values < 5x10
-4

.  The remaining nine family members did not exhibit a significant 

change in abundance in either direction. 

 Adenylate cyclase (AC) enzymes play a key role in GPCR signal transduction by 

producing the second messenger cAMP from ATP (267).  All 5 AC genes in our library robustly 

promote cell proliferation, although one of the five narrowly misses inclusion as a GO gene 

(ADCY6: Log2FC = 0.86, p=0.053).  In the presence of cAMP, the Protein Kinase A 

holoenzyme becomes activated.   Genes encoding the subunits of this enzyme exhibited variable 

phenotypes, with some behaving as GO genes and others as STOP genes (Fig. 2.5).  

Surprisingly, overexpression of most of the ORFs encoding cAMP Responsive Element Binding 

Protein (CREB) family members do not score as GO genes.  In fact, two CREB family members 

are significantly depleted from the screen, while only one qualifies as a GO gene (CREB3L4, 

Library 2 p=1.11x10-5).  However, some CREB transcriptional co-activators are potent growth 

enhancers (Fig. 2.5).  Ideas as to why such variation might be observed are explored in the 

Discussion of this chapter.    

 Growth-promoting signaling can also occur through receptor tyrosine kinase (RTK) 

pathways, but these pathways were not particularly potent in our screen.  We did discover a 

handful of RTKs and their ligands, but most members of these protein families did not score as 

Class III GO genes.   Interestingly, while most MAPKs in the library similarly had little effect on 

proliferation, three of four p38 MAPK family members substantially enhanced proliferation. 
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This result is somewhat unexpected as p38 MAPKs are generally induced in response to stress 

and often mediate cell cycle arrest or apoptotic responses (268, 269).  However, such results are 

context dependent, and indeed, D-type cyclins, and Rb, as well as AP-1 and Myc transcription 

factors are known targets of p38 MAPKs (270).  The context-dependent role of p38 MAPKs in 

promoting proliferation and survival is consistent with the observation that they are upregulated 

in many solid tumor types (271).    
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Most growth factor signaling pathways converge to control the G1/S transition, and 

thereby promote proliferation.  The molecules directly involved in regulation of this transition 

were robustly discovered by our screens (Fig. 2.5).  D type cyclins and the G1/S CDKs 

(CDK4/6) are all strong GO genes, while many ORFs encoding CDK inhibitors were among the 

most potent STOP genes.  Transcription factors that promote proliferation, such as E2F and 

MYC family members were also top GO genes. 

We additionally observed significant enrichment of Wnt and Hippo signaling pathways, 

both of which control proliferation and cell fate during development and are often deregulated in 

cancer ( Fig. 2.3 D, 2.6) (272, 273).  In the canonical Wnt signaling pathway, extracellular Wnt 

ligands interact with Frizzled receptors and LRP5/6 co-receptors.  Activated receptors recruit 

Dishevelled, which inhibits the Axin destruction complex responsible for く-catenin degradation.  

Following stabilization, く-catenin translocates to the nucleus and activates TCF/LEF family 

transcription factors, freeing them from TLEI repression (274).  TCF/LEFs drive transcriptional 

programs to promote proliferation.   

The Hippo pathway is less well characterized in human cells, but is regulated by the core 

kinases MST1/2 which phosphorylate and regulate LATS1/2 kinases (275).  While these kinases 

are active, they can phosphorylate transcriptional regulators YAP1 and WWTR1 (also known as 

TAZ).  When phosphorylated, YAP and TAZ proteins are sequestered in the cytoplasm and 

degraded; when activated, they translocate to the nucleus and interact with TEAD family 

members to promote transcriptional programs driving proliferation.  This pathway is especially 

interesting as it features proteins which regulate proliferation in both directions.  Accordingly, 

many family members were discovered as either Class III GO or STOP genes in our screens 

(Fig. 2.6).  Upstream regulation of the MST1/2 kinases is poorly understood, but tumor  
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suppressor protein NF2 is known to activate MST1/2 while Rho GTPases and other cytoskeletal 

regulators, have been shown to inhibit them, resulting in activation of YAP and TAZ.  NF2, a 

potent activator of the Hippo pathway would be expected to suppress proliferation, consistent 

with its role as a tumor suppressor.  However, we found that its overexpression promotes 

proliferation in our screen (Fig. 2.6).  This result will be considered further in the Discussion 

section of this chapter.  Rho GTPases, have been identified as inhibitors of MST1, the best 

studied among them being RhoA.  Overexpression of RhoA showed no phenotype in our screen, 

however overexpression of family members RhoJ and RhoF significantly enhanced proliferation.  

These proteins are less well studied and have not been directly connected to regulation of Hippo 

signaling, but both are involved in focal adhesions and regulation of the actin cytoskeleton like 

other Rho GTPases, and the Hippo pathway is known to integrate signals regarding cytoskeletal 

dynamics (276, 277).               

Keratin Associated Proteins 

One striking observation from both libraries is the strong growth-promoting ability of the 

Keratin Associated Protein (KRTAPs or KAPs) gene family.  Members of this gene family 

comprise 9 of the top 50 enriched ORFs in Library 1 (p=1.57x10
-14, Fisher’s exact test) and 16 of 

the top 50 enriched ORFs in Library 2 (p=8.16x10
-30, Fisher’s exact test).  Conversely, no 

members of the KRTAP gene family are depleted in either library, and performance across both 

libraries is highly correlated, resulting in a distribution of Log2FC ratios strikingly in contrast 

with that of a neutral gene family like Olfactory Receptors (Fig. 2.7 A, B).  Furthermore, the 

KRTAP genes that promote proliferation in our system are exclusively members of just a handful 

of the 27 sub-families found in the genome (Fig. 2.7 C). Nearly all tested members of the 

KRTAP4, 5, 9, 10, 2, and 16 subfamilies promote substantially increased growth rates (the single 
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exception, KRTAP10-3, has a p-value of 0.067 in Library 1).  No members of any of the other 

subfamilies present in our libraries exhibited strong proliferation phenotypes (while 3 additional 

KRTAPs have p<0.05, in Library 2, none have p<0.01 or Log2FC > 0.5).  Importantly, we have 

previously independently verified that two KRTAP family members increase HMEC growth rate 

(see Appendix 2).  Taken together, these data strongly implicate selected KRTAP subfamilies in 

the control of HMEC proliferation.   

The KRTAP gene family consists of 101 genes in humans, all encoding proteins which 

play critical roles in the formation of hair; accordingly, their expression is restricted primarily to 

cells comprising hair follicles (278).  KRTAP family encoded proteins can be broadly divided  
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into two classes based on their amino acid sequence composition – high cysteine and high 

glycine-tyrosine.  All of the KRTAP GO genes belong to the high cysteine class (Fig 2.8, 

adapted from (278)).  The high sulfur content of this class of proteins facilitates crosslinking 

through the formation of many disulfide bonds, resulting in a rigid matrix through which keratin 

intermediate filaments are embedded (279).      

We wondered whether members of these highly penetrant pro-proliferative KRTAP 

subfamilies were altered in cancer.  We used TCGA breast carcinoma copy number and 

expression data (73) to investigate whether any KRTAP family genes were up-regulated in breast 

cancer.  We performed paired t-tests on data from 60 matched tumor-normal pairs from breast 

carcinoma patients, and observed no changes in expression levels when looking at the set of 

tumors as a whole.  However, when we stratified the tumor-normal sets by molecular subtype of 

the tumor (ER/PR+, HER2+, TP53 Mut), we observed significant up-regulation of several 

KRTAP genes in the tumors bearing TP53 mutations (Fig. 2.9).  TP53 mutation is most frequent 

in the more aggressive basal-like subtype of breast cancers, which includes Triple Negative 

Breast Cancers (TNBCs) (280).  If we further stratify the TP53 mutant tumors to exclude HER2+ 

and ER/PR+ tumors, and focus solely on triple negative breast cancer samples, the observed 

expression increase of KRTAPs persists, although the number of samples becomes quite low. 

We noticed that while some of the KRTAP genes appeared to be amplified in some 

tumors, their copy numbers did not correlate well with their expression levels (Fig. 2.9).  To 

further investigate this, we looked at the genomic locations of the KRTAPs and found them in 

several linked clusters across the genome, the result of recent segmental duplications (281).  

Intriguingly, the KRTAP2, 4 and 9 subfamilies are all clustered together on chromosome 17, 

near ERRB2, a frequent target of amplification in breast cancer.  Not surprisingly, we observed a  
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strong correlation between copy number and expression level for ERBB2 in our tumor-normal 

pairs.  As this correlation suggests, ERRB2 expression is significantly upregulated in the  more 

luminal HER2+ and ER/PR+ tumor subsets which rarely harbor TP53 mutations.  However, 

ERRB2 expression is unchanged in the TP53-Mut set of tumors.  These data suggest that 

KRTAP up-regulation in TP53-Mut tumors is independent of their copy number status, and not 

likely to be affected by their close linkage to ERRB2.  While the observed amplification events 

of these KRTAPs seem likely to be passenger effects of ERBB2 amplification, these distinct 

cases of upregulated expression in a specific tumor subtype indicate an alternative mechanism 

for KRTAP induction in some cancers that is not dependent on amplification.   

A parallel scenario is apparent for a cluster of KRTAP5 subfamily genes (KRTAP5-7 - 

KRTAP5-11) located on chromosome 11, about 1.7 Mb away from CCND1.  Though these 

KRTAPs are sometimes co-amplified with CCND1, their overexpression in TP53-Mut tumors 

appears to occur independently of amplification.  Accordingly, we observe that CCND1 is 

significantly overexpressed in ER/PR+ and HER2+ tumor subsets, but that its expression is 

unaltered in TP53-Mut tumors, in contrast to the expression pattern of the KRTAPs.  These data 

suggest a role for KRTAPs in TP53 mutated/basal-like/triple negative breast tumors; perhaps 

regulation of their expression is controlled, directed or indirectly, by p53 expression. 

Alternatively, their effect may be enhanced by a TP53 null background, or they may function 

synergistically with some other gene or genes frequently altered in this molecular subtype.   

Discovery of Cancer Drivers and Cancer Gene Islands 

While the Class III GO genes identified by our screens function in many interesting 

pathways, some of which are connected to tumorigenesis, we were interested to look more 
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directly at known cancer drivers within our gene sets.  We first asked whether known oncogenic 

drivers were enriched among Class III GO genes. 

We utilized publications that have catalogued such driver genes to assemble lists for 

comparison with the Class III GO genes (71, 105).  As we predicted that our screens would 

predominantly identify wild-type genes that promote proliferation through increase in gene 

dosage, rather than via activating point mutations, as is the case for many oncogenes, we focused 

especially on genes known to promote tumorigenesis through amplification and associated 

overexpression.  Luckily a census of known amplified oncogenes exists, providing a positive 

control gene set to assess the potential of our screen to identify such drivers.   Additionally, 

studies of recurrent focal amplicons in cancer have catalogued the previously validated 

oncogenes that lie within these amplified regions and are among the gene targets that confer 

selective advantage to these amplification events (102, 103, 105).  Encouragingly, each of these 
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collections of oncogenes was significantly overrepresented among the top 500 Class III GO 

genes identified by each library individually, and by the combined enrichment p-value (Fig. 2.10 

A).  Conversely, we asked whether STOP genes were enriched with known TSGs.  We compared 

TSGs from the cancer gene census and from the TUSON prediction algorithm based on 

mutational signatures (also known as Class II STOP genes) to our set of Class III STOP genes 

and again found significant enrichment within each library alone, or in combination (Fig. 2.10 B) 

(71, 88).  These data clearly demonstrate the efficacy of BC-ORF screens for proliferation 

regulators in the discovery of cancer driver genes.   

However, an ultimate goal of this project was to expand the repertoire of known cancer 

driver genes.  Having shown that strong drivers of proliferation are frequently oncogenes, we 

reasoned that genes that promote proliferation in our screen and are also subject to recurrent 

amplification in cancers would have a high likelihood of contributing to tumorigenesis.  To 

search for these genes we compared Class III GO genes to genes located in predicted peak 

regions of focal amplification in pan-cancer and breast cancer (BrCa) datasets generated using 

two different algorithms – GISTIC (Genomic Identification of Significant Targets in Cancer) 

(102, 282), and GISTIC 2.0 (103, 283).  Additionally, we investigated a third algorithm, termed 

ISAR (Identification of Significantly Altered Regions) which utilized the same TCGA breast 

cancer dataset as the GISTIC 2.0 algorithm but employed a different method for identification of 

peak focal SCNAs (104).  Our top 500 Class III GO genes were enriched within the sets of genes 

predicted to be recurrently focally amplified by each of these algorithms (Fig. 2.11 A).  The 

effect was statistically significant in most cases, with the only exception being the GISTIC 2.0 

BrCa gene set, which failed to meet the threshold for significance although it contained more GO 

genes than expected by random chance (Fig. 2.11 A).  That the proportion of Class III GO genes  
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in cancer-amplified peak regions exceeds random chance suggests that many members of 

this class of GO genes are likely to be true cancer drivers.    

Genes which are not expressed in normal breast tissue may continue to be unexpressed 

even when amplified, and thus may not contribute to the selective potential of recurrent 

amplicons in breast cancer.  This principle has been demonstrated to be true for glioma and may 

apply to other cancer subtypes (284).  If breast-specific expression patterns are maintained 

following amplification, then by eliminating unexpressed genes from our analysis, we 

hypothesized that we might be able to enhance the enrichment of Class III GO genes.  To 

determine if this was the case, we limited the dataset of breast cancer-amplified genes to only the 

top 50% of transcripts detected in normal breast, using TCGA RNA-Seq data (73).  Strikingly, 

we saw an increase in the magnitude of enrichment of GO genes in the expression-restricted 

amplicons relative to the unrestricted enrichment of all genes (Fig. 2.11 B).  Although 

expression-restricted GISTIC 2.0-predicted amplicons still failed to meet the cutoff of 

significance for enrichment of GO genes, their relative enrichment of GO genes nonetheless 

improved, as did the p-value for this enrichment.  These data suggest that breast-expressed 

amplified genes are more likely to be Class III GO genes exhibiting functional proliferation 

phenotypes than unexpressed amplified genes.         

As mentioned above, the ISAR algorithm was applied to the same set of tumors used for 

the GISTIC 2.0 algorithm.  However, noting that GISTIC 2.0 failed to identify certain 

oncogenes, the ISAR algorithm was designed to assess local copy-number changes relative to 

surrounding regions, rather than focusing on absolute copy number.  As such, it has the potential 

to detect events such as focal amplification occurring in a largely deleted region which may be 

missed by GISTIC 2.0.  Furthermore, while GISTIC 2.0 assumes a constant rate of alteration 
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across the genome, by comparing each region to both local and global distributions of alterations, 

ISAR can account for variations in alteration frequency.  Using nearly 800 breast cancer 

samples, ISAR identified 83 gene-containing peaks versus the 33 found by GISTIC 2.0. The 

resulting ISAR peak regions of focal amplification are also larger, and contain more genes on 

average than the GISTIC 2.0 peaks.  A stated goal of the GISTIC 2.0 algorithm was to define the 

narrowest possible peak CNA regions, under the assumption that each contains one or very few 

true driver genes.  However, Class III GO genes are not significantly enriched within GISTIC 2.0 

BrCa-predicted genes, while conversely, they are substantially enriched within ISAR BrCa 

amplified peaks (Fig. 2.11 C).  This direct comparison indicates that an algorithm seeking to 

narrowly define CNAs encompassing single driver genes will miss many relevant potential 

drivers.  This is in agreement with the Cancer Gene Island model, suggesting that continuums of 

pro- and anti-proliferative genes exist, and many of these are present in recurrent CNAs (42, 88).  

Amplified GO genes may provide additive effects when co-amplified together with other GO 

genes or other types of oncogenic drivers in cancer gene islands.      

The Cancer Gene Island model has previously been demonstrated to explain recurrent 

cancer deletion regions (42), and the distribution of Class I STOP and GO genes discovered 

through RNAi screening can explain in part the observed patterns of SCNA and aneuploidy in 

tumors (88).  We thus asked whether focal deletion regions are also enriched with the 

overexpressed Class III STOP genes discovered by our screens.  Indeed, both pan-cancer and 

BrCa deleted regions contained significantly more Class III STOP genes than expected by 

chance (Fig. 2.12 A).  The percentage of enrichment beyond the expected overlap was again 

further enhanced by restricting deletions to consider only genes expressed in normal breast. 
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Indeed, loss of an unexpressed gene cannot offer any selective potential, so it is very likely that 

only normally expressed genes are contributing to patterns of deletions. 

The previous studies describing cancer gene islands indicate that the distribution across 

the genome of Class I STOP genes discovered through RNAi screening can help explain patterns 

of copy number variation (88).  We asked if in addition to clustering in deletion peaks, 

overexpressed Class III STOP genes might also be excluded from peaks regions of amplification.  

Indeed we saw fewer Class III STOP genes than expected by chance in BrCa amplified peaks 

(Fig. 2.12 B).  However, the effect was only significant when considering the STOP genes 

identified by Library 1.  Limiting the analysis to genes expressed in normal breast improved the 

exclusion of Library 2 STOP genes from amplified peaks however, driving it past the threshold 
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for significance.  These data suggest that Class III STOP genes are sensitive to changes in gene 

dosage in both directions.  While their deletion, resulting in haploinsufficiency, provides 

selective benefit to cells, their dosage increase may be deleterious, a condition termed 

triplosensitivity.  

Sublibrary of Amplified ORFs 

In order to further focus on discovery of cancer-amplified drivers, we assembled a 

sublibrary of ORFs found in recurrent focal amplicons and cloned these ORFs into our TRE-BC 

library vector.  We selected genes included in pan-cancer focal amplicons predicted by both 

GISTIC and GISTIC 2.0 (102, 103).  In total, this resulted in approximately 2200 amplified 

genes, of which 1550 were present in our ORF collections and included in this sublibrary.  To 

enhance driver gene discovery, we were interested in studying the more stringent growth 

conditions that are likely experienced by early neoplasms.  Cultured cells are generally exposed 

to a high concentration of growth factors through serum, or, in the case of HMECs, semi-defined 

medium supplying defined growth factors in addition to bovine pituitary extract.  Culture 

medium is designed to promote constant cell proliferation.  In contrast, proliferation decisions of 

cells in vivo are tightly regulated, and the ability to overcome such regulations with self-

sufficiency of growth factor signaling is a hallmark feature of cancers (1).  We thus screened the 

amplified sublibrary for ORFs that could enhance cell growth in conditions of limited growth 

factor availability.  We supplied HMECs with only 5% of the concentration of growth factors 

normally supplemented in their medium, and passaged the cells for three weeks.  We observed 

high cell death and saw that only a small subset of cells were able to proliferate under these 

conditions.  Another way to assay for self-sufficiency of growth signals is to limit the availability 

of paracrine signals received from neighboring cells.  To identify ORFs that could overcome this 
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proliferation barrier, we seeding library-expressing cells at clonal density and harvested the 

resulting cells capable of outgrowth.  Finally, we also performed a proliferation screen using this 

sublibrary, identical to the screen performed with the genome-scale libraries (see Appendix 3).  

As with the genome-scale screens, data were analyzed with edgeR to capture information 

about read depth and replicate reproducibility in informing p-values for enrichment.  We found 

that 199 of the 1482 genes significantly enhanced clonogenic growth while 96 genes 

significantly enriched under GF restriction (p<0.05) (Fig. 2.13 A, B) (Supplementary Table 3).  

We did not focus our analysis on the depleted genes from these screens, as both screens applied 

stringent selective pressure to the cells resulting in widespread cell stasis (in the clonogenic 

growth screen) or death (in the GF-restriction screen).  Thus, while survival and expansion under 

these conditions should represent a specific growth advantage conferred by the expressed ORF, 

depletion was the default state and is not likely to represent a specific growth phenotype.   

Similar to our proliferation screen results, D-type cyclins, G1/S CDKs and MYC family 

members scored among our top hits.  Thanks in large part to these genes, the hit lists for both 

screens were significantly enriched for genes that promote cell proliferation (Fig. 2.13 C).  This 

is unsurprising, as these genes function in the direct regulation of proliferation decisions, and 

alteration of their abundance/activity is the mechanism through which many upstream signals act 

to promote proliferation.  Thus, their overexpression is likely to enhance growth under almost 

any conditions. 

Additionally, the GF-restriction screen is enriched for genes that decrease apoptosis of tumor 

cells (p=3.61x10-4) (Fig 2.12 C).  Some of the genes involved in protection from apoptosis, 

including BCL2L1 which scored in the GF-restriction screen, did not alter proliferation rates in 
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the genome-scale proliferation screen, suggesting that apoptosis may be less frequent during 

normal passage of HMECs in culture, but is induced by the challenging conditions of GF 

deprivation.  It is possible that some of the uncharacterized hits that uniquely score in the GF 

restriction screen may also regulate apoptosis. Interestingly, genes enriched in the clonogenic 

growth screen were not significantly associated with apoptosis.  This is consistent with our 

observation that during passage, a substantial portion of cells were detaching and dying during 

the GF restriction screen, but that few cells appeared to be dying during the clonogenic growth 

screen, instead becoming depleted through failure to divide and expand in the absence of cell-

cell interaction.   

Additionally, both sublibrary screens exhibited significant enrichment of genes associated 

with migration of tumor cells (Fig 2.13 C).  This class of genes was also enriched in the set of 

GO genes from the genome-scale screens, however many of the genes associated with migration 

in the sublibrary screen scored uniquely in one or both of those screens.  This result suggests that 

cells growing at low density or without sufficient GF stimulation may benefit from the ability to 

migrate towards one another, promoting cell-cell association and paracrine signaling.  

In total, we discovered 341 genes that significantly enrich in at least one of the three 

sublibrary screens (including the proliferation sublibrary screen performed in 1-9 rtTA-HMECs, 

see Appendix 3) (Fig. 2.13 D, E).  Of these, 96 score in more than one screen (in this analysis we 

excluded genes that scored in the genome-scale proliferation screen and the sublibrary 

proliferation screen, but not in the other two screens, as these do not represent different 

phenotypes).  We believe these genes are very likely to be important cancer drivers as they are 

frequently amplified in tumors and promote enhanced growth under multiple conditions.  They 

are summarized in Supplementary Table 4. 
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Discussion 

We report two genome-scale gain-of-function screens utilizing barcoded ORF libraries 

for the discovery of genes regulating proliferation and cancer.  We demonstrate that these 

screens robustly identify known cancer driver genes functioning as both OGs and TSGs.  

Furthermore, the candidates from our screens are significantly enriched within regions of focal 

amplification and deletion in human cancers, indicating that they are likely to contain additional 

novel drivers.   

These libraries are a valuable resource with many applications beyond the work described 

herein.  Genetic screens for any phenotype of interest in nearly any cell line can be conducted.  

Such applications would likely shed significant light on even  well studied processes, as gain-of-

function screens offer the potential to discover genes missed by loss-of-function techniques, 

which have generally comprised the majority of human genetic inquiry (234).  The presence of 

unique DNA BCs further enhances the utility of these libraries.  We have demonstrated that the 

BCs are faithful and reproducible reporters of ORF behavior (Fig. 2.4), and as such can be 

widely applied to other screening applications.  For example, using microarray or NGS methods, 

it can be challenging to differentiate genes with highly similar sequences.  Different isoforms of 

a gene may have many exons in common, but can be easily differentiated by pairing with unique 

BCs.  Furthermore, collections of various mutant isoforms of a gene, such as the repertoire of 

cancer mutants could be barcoded and then directly compared in phenotypic assays, remaining 

easily distinguishable. 

Another important feature of our libraries is their inducibility.  Use of a Tet-inducible 

system provides precise control over the timing and duration of expression.  This feature can be 

especially beneficial for applications in vivo, as well as for work with lethal or detrimental 
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ORFs, whose expression during selection and expansion of cell lines for downstream 

experiments cannot be tolerated.  While concerns exist about the leakiness, or background rate of 

expression of Tet-inducible systems, our data suggest that in our system, the effect of leakiness is 

negligible.  We observe high abundance of cells carrying lethal genes such as CDK inhibitors in 

our uninduced cells, even after passage for more than 10 PDs.  As expression of these genes 

leads to efficient depletion from our induced cell populations (Fig. 2.4, Supplementary Tables 

1a, 1b, 2), their abundance in the absence of dox suggests that very little leaky expression occurs.  

The tight control provided by this expression system will be of great utility to applications 

involving expression of constructs likely to be negatively selected. 

As our two libraries contained a substantial number of genes in common, we were able to 

assess the agreement between their performances in each screen.  The majority of the 6490 genes 

found in both libraries exhibited similar behavior in each screen (r=0.64, Fig. 2.3 C).  However, 

there were some divergences in behavior.  Several factors may account for this observation.  

First, not all clones corresponding to a given gene are the same; if different isoforms of a gene 

are present in each library, we may not expect their behavior to be the same, as they will encode 

different proteins.  Secondly, it should be noted that even in cases where the sequence of the 

ORF clone is identical in both libraries, the encoded protein will differ slightly, as all Library 1 

clones lack wild-type stop codons, while the majority of Library 2 retain them.  In the absence of 

the wild-type stop codon, an in-frame stop codon built into the lentiviral vector will terminate 

translation, resulting in the addition of 9 amino acids to the C-terminus of the protein.  While we 

do not anticipate that this small exogenous peptide sequence (NPAFLYKVV) will impact the 

function of most proteins, it is likely to alter the function of some.  In extreme cases, this 

exogenous sequence could interfere with protein function in a dominant negative fashion through 
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disruption of protein interactions mediated by the C terminus.  Finally, genetic screens are 

seldom saturating, as evidenced by the large variation in candidate genes discovered by similar 

screens performed by different groups (285).  While some of this variation can be attributed to 

slight disparity in technical details between labs, differences in the lot of culture medium, and 

other such minutiae, it is likely that the same screen performed twice, side-by-side will produce 

divergent results.  Indeed, this is the premise upon which inclusion of multiple independent 

replicates is based.  Thus, a degree of variation is to be expected.  It should also be noted that the 

dynamic range of our screens appeared to be slightly different, as the magnitude of enrichment 

seen for the strongest Library 2 clones was greater than that observed in Library 1.  Thus, it is 

possible that some divergence between genes results from genes with moderate phenotypes 

which may meet a cutoff in one experiment but fail to do so in another.  However, where results 

are more dramatically divergent between the two libraries, further downstream verification of 

phenotypes will be required. 

We present these libraries as a resource and hope that they enable the expanded 

application of genome-scale gain-of-function screens for gene discovery.  Such screens have 

been a relative rarity in mammalian genetics.  While many groups have utilized specialized 

sublibraries of ORFs to great effect, such screens are not fully unbiased, and may miss unique 

and unexpected genes (286, 287).  In order to more fully characterize larger libraries, some 

studies have utilized well-by-well formats for ORF screens, which is a powerful, but costly 

approach (156, 288).  Our pooled, barcoded system facilitates low-cost, high-throughput 

screening resulting in quantitative measurements for each library ORF.  Depending on 

experimental design of the screen, both enhancers and suppressors of the phenotype of interest 

can be discovered.     
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The genome-scale proliferation screens described in this chapter reliably and robustly 

discovered some of the most potent regulators of the G1/S transition as top Class III GO and 

STOP genes in both libraries.  Importantly, they also discovered genes in many of the signaling 

pathways that function upstream to modulate the G1/S transition node.    

Our Class III GO gene set was significantly enriched for genes involved in GPCR signal 

transduction through cAMP, a pathway known to be important in controlling cellular decisions 

about proliferation and a target of deregulation in cancer (267).  However, the relative 

enrichment at different nodes in the pathway was highly variable (Fig. 2.5).  There are several 

possible explanations for this inconsistency.  First, it is possible that cAMP is the limiting factor 

in the signaling pathway.  This would be consistent with our observation that overexpression of a 

wide variety of GPCRs, G proteins and Adenylate Cyclase enzymes results in markedly 

increased proliferation while the effects of overexpression of components further downstream 

are quite variable.  Secondly, overexpression can lead to dominant negative effects through 

disruption of the stoichiometry of multi-protein complexes.  A recent analysis observed that 

changes in complex stoichiometry may account for more than 20% of observed overexpression 

phenotypes (289).  This effect could explain the variation among subunits of Protein Kinase A.  

This holoenzyme consists of two regulatory and two catalytic subunits, and imbalance of these 

components may impact holoenzyme assembly and function (290).  Thirdly, the underlying 

biological functions of the encoded ORFs may actually vary, explaining their variable 

performance in our screen.  The existence of multiple CREB family members and various co-

activators suggests that an array of potential activities might be specified, and may be tissue or 

cell-context dependent.  There are as many as 5000 putative CREB-responsive genes, further 

lending credence to the idea that downstream effects of CREB activation may be widely variable 



85 

 

and dependent upon cell type or other conditions (291).  In fact, several studies indicate that 

under certain conditions, CREB exerts anti-proliferative effects (292, 293).  These explanations 

are not mutually exclusive and may all contribute to explaining the variation in phenotypes 

observed. 

Importantly, GPCRs are a readily druggable protein class – and in fact, they are the most 

common targets of currently available pharmaceuticals (294).  Additionally, they are commonly 

overexpressed or constitutively activated in a wide variety of cancers (267).  But despite the wide 

availability of inhibitors and therapeutic promise, only a few anticancer compounds directly 

target GPCRs in current clinical practice (295).  Many of the GPCRs and related signaling 

pathway molecules in our GO gene set may be bona fide cancer drivers, and may represent a 

facile opportunity for therapeutic intervention as their inhibitors already exist.  GPCRs can also 

mediate growth-promoting signals through transactivation of RTKs.  For example, activation of 

the G-protein coupled receptor 30 (GPR30) can stimulate extracellular EGF release, promoting 

EGFR activation (296).  Activated EGFR signaling is a common mechanism of acquired 

resistance to anti-hormonal treatments like tamoxifen in breast cancer (297).  Investigations of 

tamoxifen-resistant breast tumors show frequent overexpression of GPR30, and strongly 

correlated overexpression of EGFR (298).  Furthermore, in vitro studies of tamoxifen-resistant 

MCF7 cells demonstrated increased GPR30 levels at the cell surface and increased interaction 

with EGFR, suggesting that GPR30-mediated transactivation of EGFR signaling may contribute 

to the development of resistance to targeted therapies in hormone-dependent cancers (298).  

Thus, the potential for combination therapy simultaneously targeting RTK and GPCR signaling 

pathways may have promise, as well.  
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Surprisingly few RTKs were observed among the Class III GO genes identified by our 

screens.  This is in clear contrast with the fact that a large number of these are known to be 

oncogenes, and many are specifically activated through amplification/overexpression (105).  One 

possible explanation is that the excess of GFs present in culture medium results in constitutive 

activation of these pathways, and little benefit can be achieved by increasing the sensitivity of 

GF detection through RTK overexpression. However, reducing the GF concentration in the 

medium did not facilitate enrichment of this class of genes (Supplementary Table 3).  Another 

possible explanation may be that some of the ORFs encoding RTKs in the libraries are not full-

length wild-type sequences, and thus are unable to recapitulate the predicted functions of the 

wild-type proteins.  Finally as HMECs are of basal/myoepithelial origins, they may not exhibit 

the same responsiveness to alterations in RTK signaling as luminal epithelial cells do.  Indeed, 

RTK alterations are primarily observed in luminal subtypes of breast cancer where TP53 

mutation is rare, and conversely, basal breast cancers frequently harbor TP53 mutation but rarely 

exhibit activation of RTK signaling pathways (73, 299) .  Interestingly, many of the adaptor 

proteins associated with RTK activation, including GRB2, and SCH1 and 4 were robust 

enhancers of proliferation in our screens (Fig. 2.5).  These adaptors are known to associate with 

other transmembrane receptors, including GPCRs, and thus may be functioning independently of 

RTKs to stimulate proliferation (300). 

We similarly observed a lack of MAPKs from the RAF/MEKK/ERK cascade among out 

GO genes, consistent with relatively poor responsiveness to RTKs and GFs.  However we found 

several p38/SAPK MAPK family genes, a family at the center of cellular stress response 

decisions which can promote cell cycle arrest and apoptosis, or proliferation depending on the 

stimulus (271).  The observation that cyclin D and Rb are among p38 MAPK targets suggests 
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one possible route to their enrichment in our screens (270).  Additionally, p38 MAPK has been 

implicated in promoting tumorigenesis in a non-cell-autonomous fashion through maintenance of 

the pro-inflammatory senescence-associated secretory phenotype in stromal cells of the tumor 

microenvironment (301).  This is consistent with observations of the role of p38 MAPK in other 

inflammatory diseases (302).  It is thus also possible that overexpression of p38 MAPK in 

HMECs similarly promotes secretion of pro-inflammatory or other pro-growth signals.  The 

precise mechanism of their growth-promoting potential in HMECs is unknown, but this result 

underscores the need to further characterize the full spectrum p38 MAPK downstream effects.   

The Wnt pathway is a critical developmental signaling module which regulates diverse 

processes including cell proliferation, survival, polarity and fate.  While it is generally inactive in 

differentiated cells, it is frequently disregulated in human cancer (272).  Many ORFs encoding 

Wnt pathway proteins were found within the GO gene set, including Wnt ligands, Frizzled 

receptors, く-catenin, and TCF/LEF family transcription factors (Fig. 2.6).  Interestingly, 

overexpression of Dishevelled proteins does not seem to potently stimulate growth in our system.  

Three Dishevelled genes (DHS1, 2, and 3) were present in our libraries, but only DSH2 

overexpression generated a modest enhancement of proliferation in Library 1 (Log2FC = 0.46, 

p=0.015), while it was slightly depleted from Library 2.  Dishevelled proteins mediate inhibition 

of the Axin/APC complex responsible for く-catenin degradation following association with 

activated Frizzled receptors (272).  Their absence from our screen candidates may indicate that 

overexpression of Dishevelled proteins in the absence of GPCR activation is not sufficient to 

induce く-catenin accumulation.  However the failure of any gene or gene family to enrich in a 

screen must always be interpreted with caution, as genetic screens are rarely able to identify 
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every gene that may be involved in the phenotype of interest.  Such effects may be context-

dependent, and also may be affected by stochastic variation. 

The Hippo pathway has emerged as a master regulator of cell number in the context of 

tissue organization, integrating diverse inputs from cell-contact status, actin cytoskeleton state, 

and extracellular signaling cascades into decisions about proliferation, survival, and apoptosis.  

A kinase cascade results in the inhibitory phosphorylation of YAP/TAZ transcriptional 

coactivators (Fig. 2.6) (275).  When in their active state, YAP/TAZ can associate with a TEAD 

family transcription factor to promote proliferation and suppress apoptosis. 

Intriguingly, overexpression of MST1 had no discernable effect on cell growth in our 

screen (MST2 was absent from both libraries).  So while the majority of Hippo pathway 

components exhibit phenotypes consistent with their known role in proliferation, the Hippo 

paralog itself is a striking exception.  However, some variation in the requirements for elements 

of the signaling cascade is known to exist between cell types.  For example, MST1/2 are 

dispensable in epidermis (303).  As previously mentioned, the failure of a gene to exhibit a 

certain phenotype in a high-throughput screening context cannot be taken as evidence of its lack 

of functional impact on that phenotype.  Nonetheless, these data may indicate that HMECs are 

more dependent on other proteins in the Hippo pathway.  Another surprising result was the 

modest enrichment of the tumor suppressor Merlin (NF2) in our screens.  The ORF is present in 

both libraries, and although the magnitude of the effect is small, it is consistent (Average 

Log2FC= 0.37, combined p =0.0024).  This result is unexpected, as NF2 is known to activate 

MST1/2, leading to YAP/TAZ inhibition.  Interestingly, many tumorigenic mutations of NF2 

behave dominant negatively, including those that underlie the cancer predisposition disorder 

Neurofibromatosis, which exhibits autosomal dominant inheritance (304, 305).  However, there 
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are no reports of dominant negative effects of NF2 overexpression, and all characterized 

dominant negative isoforms contain point mutations, while an investigation of the amino acid 

sequence encoded by the NF2 clone in our libraries indicated that it is wild-type.  Thus, it is 

difficult to understand our results, although we cannot ignore the possibility that the addition of 9 

exogenous amino acids to the C-terminus of the Library 1 clones could cause unexpected and 

possibly dominant negative effects.    

Additionally, the Wnt and HIPPO pathways are known to engage in crosstalk.  One of the 

input signals to the Hippo pathway regarding ECM and cell-cell attachment status comes from 

the transmembrane molecule CD44, which activates NF2 when bound to ECM component 

hyaluronic acid (306).  As NF2 is known to activate the Hippo pathway leading to growth 

suppression, this may suggest that CD44 can negatively regulate proliferation.  However, other 

reports indicate that CD44 can attenuate Hippo signaling to promote proliferation (307).  

Importantly, CD44 is a transcriptional target of く-catenin/TCF complexes, and thus represents an 

opportunity for the Wnt pathway to regulate the Hippo pathway, although the direction in which 

this may function remains unclear (308).  In our screen, CD44 modestly but significantly 

stimulated growth (Log2FC=0.45, p=0.0063), suggesting that in the context of cultured HMECs, 

CD44 may suppress the Hippo pathway and promote proliferation.  Additionally, YAP1 itself is 

a direct target of く-catenin/TCF (309).  This further suggests that Wnt activation may promote 

attenuation of Hippo signaling.  However, the converse does not appear to be true.  Hippo 

effector TAZ, when activated, can suppress Wnt signaling by binding Dishevelled, causing 

unrestricted activity of the destruction complex, promoting degradation of く-catenin (308).  

Though the interactions between these pathways are complex and further characterization is 
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required, the abundance of Wnt and Hippo proteins in the GO and STOP gene sets suggests that 

both pathways, possibly in cooperation, are important regulators of HMEC proliferation. 

One of the most unexpected and exciting findings of the genome-scale screens was the 

robust, highly penetrant proliferative enhancement of certain sub-families of the Keratin 

Associated Proteins (KRTAPs) (Fig. 2.7).  This family of proteins is involved in the formation of 

a sulfur-rich matrix which enmeshes and organizes keratin intermediate fibers (KIFs) in hair 

(279).  Several sub-classes of KRTAPs exist, and those that scored as GO genes in our screen 

were exclusively members of the high/ultrahigh cysteine class, suggesting a high potential for 

protein cross-linking. 

KRTAPs are a relatively young gene family; they are only present in mammals and 

appear to have been inserted into a few chromosomal locations in the ancestral mammalian 

genome (278).  As the structure of keratin intermediate filaments is highly conserved across 

species of mammals, the diversity of hair phenotypes is thought to relate to the variation in 

species KRTAP repertoires (310).  The human genome carries 101 protein coding KRTAP genes 

in addition to 21 KRTAP pseudogenes.  High pseudogene rates (>50%) are associated with 

aquatic mammals which have lost hair structure, while species with coarse hair, such as the sloth, 

have a larger total repertoire of KRTAPs (310).  

Some human disorders characterized by brittle hair have been associated with decreased 

expression levels of KRTAP genes (311).  Interestingly, a knockout mouse null for the Hoxc13 

transcription factor exhibits down-regulation of KRTAP gene expression in hair follicles.  

Though the hair follicles in this mouse develop normally, the mouse appears naked, as its brittle 

hairs break off of the skin surface (312).  This suggests that loss of cysteine cross-linking could 
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be responsible for the phenotype and thus may give clues to some of the developmental 

transcriptional programs controlling KRTAP gene expression. 

We observe that several of the strongest growth-promoting KRTAP genes from our 

screens are overexpressed specifically in basal-like TP53-mutant breast cancers (Fig. 2.9).  

While KRTAP genes are sometimes co-amplified with neighboring oncogenes, their 

overexpression appears to occur through an independent mechanism.  An interesting question is 

whether this observed subtype specificity is a result of KRTAP expression in the normal 

precursor cells for basal-like carcinomas or whether something in the course of tumor evolution 

of this subtype specifically selects for KRTAP expression.  A study of KRTAP expression in 

normal human tissues indicates that KRTAP5 and 9 subfamilies are not expressed in normal 

breast, but that KRTAP9 subfamily proteins are expressed in 5 of 9 breast tumors examined (data 

not available for KRTAP5 or other subfamilies), suggesting that KRTAP expression may 

represent an acquired characteristic of breast tumor cells, rather than a pre-existing event in a 

rare precursor cell population (232).   

Interestingly, the basal/myoepithelial subpopulation of primary mammary epithelial cells 

that are selected in culture in serum-free MEGM, and comprise the HMEC line in which these 

screens were performed, exhibit some similarities to epidermal cell types, including 

keratinocytes (313).  Indeed, the mammary gland itself is an epidermal appendage, so this result 

is not unexpected.  Furthermore, the types of tumors generated by oncogenic transformation of 

HMECs are generally metaplastic, exhibiting squamous cell morphology more frequently 

associated with carcinomas of the skin (313, 314).  Under certain three-dimensional culture 

conditions, HMECs can form skin-like structures, characterized by stratified layers and 

expression of skin markers.  That KRTAP expression is increased specifically in basal-like triple 
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negative carcinomas is consistent with the observation that basal/myoepithelial cells exhibit 

epidermal features.  Although luminal cells can also give rise to basal-like carcinomas, the 

precise identity of the cells of origin of various subtypes of breast cancer remains a subject of 

investigation (313).  Perhaps epidermal markers can be used to identify tumors arising from 

basal/myoepithelial precursors. 

Our laboratory has recently described a novel breast cancer oncogene, PVRL4, that also 

implicates the biology of the epidermis in the control of mammary tumorigenesis (154).  Like 

KRTAPs, PVRL4 expression is normally restricted to a small subset of tissues including skin 

epidermis and hair follicles (315).  When deprived of basement membrane attachment, HMECs, 

as well as the untransformed mammary cell line MCF10A seem to avoid apoptosis through 

undergoing terminal squamous differentiation (316).  Interestingly, overexpression of PVRL4 

suppresses this differentiation pattern and promotes proliferation in the absence of attachment 

(154).  These results suggest that HMECs and other mammary epithelial cells may be especially 

sensitive to regulators of squamous and epidermal cell biology.  It remains to be seen whether 

genes like the KRTAP family can exert their pro-proliferative effects in a wider array of tissue 

types, or whether their influence is restricted to cells of the epidermal lineage.   

The unexpected identification of KRTAPs as potent enhancers of HMEC growth 

highlights the utility of unbiased, genome-scale screens for uncovering novel candidates which 

have not been previously implicated in a given pathway or function.  We are eager to uncover the 

mechanisms through which this protein family drives proliferation.    

We demonstrated that the Class III GO and STOP genes identified by our screens are 

significantly enriched with known OGs and TSGs, respectively (Fig. 2.10).  Furthermore, we 
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also demonstrate that recurrent peaks of focal amplification and deletion harbor more Class III 

GO and STOP genes, respectively, than expected by random chance, indicating that many of 

these genes may behave as cancer drivers (Fig. 2.11 - 2.12).  We further demonstrated that 

restricting our analysis to genes only expressed in normal breast improved enrichment of GO 

genes and is likely to help hone in on bona fide drivers, weeding out any passengers.  The pool 

of potential drivers might be further reduced by identifying amplified Class III GO genes whose 

expression level correlates with their copy number, a method that has previously been used 

successfully to narrow down driver candidates (105, 317). 

Importantly, we tested a variety of cutoffs in the determination of Class III GO and STOP 

gene sets when testing their enrichment within focal CNAs (Fig. 2.11 C and data not shown).  

The GO genes were typically significantly enriched across a wide range of cutoffs, from the top 

200 genes up to the top 1000, confirming that this effect is real and persistent.  For the STOP 

genes, however, we generally found that more stringent cutoffs of 200 or 500 genes missed the 

threshold for significant enrichment in deletions.  This may be due to the fact that the Class III 

STOP gene set is less specific for regulators of proliferation than the GO gene set.  While all 

Class III GO genes found in our screen must have enriched through some form of enhanced 

growth capacity, depletion from the screen could occur through negative regulation of 

proliferation/growth or also through non-specific toxicity effects of over-expression.  The 

disruption of complex stoichiometry of essential genes (which are especially likely to take part in 

such complexes) is one mechanism through which toxicity could arise, in a manner unrelated to 

proliferation (234).  This class of genes would be highly unlikely to be found in focal deletions – 

in fact, work from our laboratory showed that essential genes are significantly excluded from 

deletions (42).  Thus, their presence in the Class III STOP gene set dilutes the signal of true anti-
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proliferative genes resulting in less robust enrichments.  However, in light of such non-

specificity, the enrichment that we do see indicates that a substantial proportion of Class III 

STOP genes do truly restrict growth and that their deletion will offer selective advantage to 

cancer cells. 

Interestingly, this effect may also explain why Class III STOP genes are selectively 

enriched within GISTIC 2.0 deletion peaks, while this effect is not significant for GISTIC or 

ISAR deletion peaks.  GISTIC and ISAR utilize more inclusive methods for defining peak 

regions, and as we showed, this resulted in pronounced enrichment of Class III GO genes, 

suggesting that these larger peaks capture more functionally relevant genes than do the narrow 

ones identified by GISTIC 2.0.  Nonetheless, GISTIC and ISAR peaks will also likely contain 

more passengers, as they include more total genes.  Given that the Class III STOP gene set also 

contains a subset of non-specific passenger-like genes, true enrichments of this dataset are 

already diminished due to noise.  When this dataset is intersected to another dataset containing a 

high frequency of passengers, significant enrichment cannot be achieved.  Thus, in the case of 

noisier functional datasets, stringent definitions of amplified and deleted peaks may be more 

useful for detecting potential drivers. 

Previous work from our laboratory demonstrated that focal cancer deletions were not 

only enriched with Class I STOP genes discovered from an RNAi screen, but also the number of 

deleted Class I STOP genes was greater than the total number of peaks, thus providing statistical 

evidence that the peaks contained multiple target genes (42).  We conversely looked at the 

enrichment of our overexpressed Class III GO genes within regions of pan-cancer focal 

amplification.  In looking at the set of 58 gene-containing peaks with q<0.1 predicted by 

GISTIC, we found a total of 87 GO genes (combined enrichment p<0.05) to be contained within 
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these peaks.  Thus, we propose that at least some of these peaks contain two or more driver 

genes, and constitute cancer gene islands.  Importantly, proliferation is only one of many 

phenotypes that can be leveraged for tumorigenesis, so consideration of the genomic locations of 

additional oncogenes that function through other mechanisms will likely increase the number of 

target drivers found within these peaks. 

Finally, we report the construction of a sublibrary containing ORFs found to be 

recurrently amplified in human cancer.  This library is a valuable resource for generating 

functional data to aid in the discrimination between drivers and passengers in these amplicons.  

We used this sublibrary to search for ORFs whose overexpression promoted cell growth at clonal 

density or during deprivation of GFs.  In comparing the results of these screens to our 

proliferation screen data, we present a list of 96 high confidence genes that score in at least two 

screens.  This robust functional data demonstrating a role for these genes in proliferation and 

survival, paired with their presence in recurrent focal amplicons in cancer constitutes strong 

evidence to implicate them as likely cancer drivers.  We hope that with additional 

characterization of these genes, new candidates for therapeutic intervention may emerge. 
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Materials and Methods 

Vectors and Library Construction 

pHAGE-CMV-DEST-PGKpuro 3' BC -Barcode Library (Library 1) 

The barcodes were ordered from IDT as oligos, amplified by PCR and subcloned into pHAGE-

CMV-DEST-PmeI (SbfI/XhoI).  The resulting barcode library is called pHAGE-CMV-DEST-

PGKpuro 3’ barcode library (aka Library 1). 

The pHAGE-CMV-DEST-PGKpuro 3’ BC barcode library was linearized with BstZ17I and gel 

purified.  LR reaction was performed on this library with ORFeome v8.1 pools.  This barcode 

library has an average complexity of 5 barcodes per gene.   

Mapping the ORF-BC Pairs in the pHAGE-CMV-DEST-PGKpuro 3' BC -Barcode 

Library (Library 1) 

The pHAGE-CMV-ORF-PGKpuro 3’ BC barcode library was linearized with I-SceI, sheared by 

sonication, end repaired, dA tailed and ligated with an adaptor.  After ligation, fragments ranging 

300-500 bp were gel purified and 2 rounds of PCR were performed to add appropriate sequences 

for pair-end sequencing by illumina. 

pHAGE-CMV-DEST-PGKpuro 3'-Barcode (24 mer) Library (Library 2) 

The 3’ barcodes (24 mer) were ordered from IDT as oligos, amplified by PCR and subcloned 

into pHAGE-CMV-DEST-PmeI  (SbfI/XhoI).  The resulting barcode library is called pHAGE-

CMV-DEST-PGKpuro 3’ BC (24 mer) library (aka Library 2). 

The pHAGE-CMV-DEST-PGKpuro 3’ barcode library was linearized with BstZ17I and gel 

purified.  LR reaction was performed on this library with Ultimate ORF clones assembled into 
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six pools of about 3000 ORFs each.  An additional pool of 3000 ORFs from the human 

ORFeome v8.1 and the ORFeome Collaboration was also included in LR reaction.  This barcode 

library has an average complexity of 5 barcodes per gene. 

Mapping the ORF-BC pairs in the pHAGE-CMV-DEST-PGKpuro 3'-Barcode (24 mer) 

Library (Library 2) 

The pHAGE-CMV-ORF-PGKpuro 3’ barcode library was linearized with I-SceI, sheared by 

fragmentase, end repaired, dA tailed and ligated to an adaptor.  After ligation, fragments ranging 

300~600 bp were gel purified and 2 rounds of PCR were performed to add appropriate sequences 

for pair-end sequencing by illumina. 

pHAGE-TRE-ORF-3' Barcode Library Pools 

TRE promoter was PCRed from pInducer20 (258) and cloned into pHAGE-CMV-DEST-

PmeI.  The promoter was sequence verified and cloned into pHAGE-CMV-ORF-PGKpuro-

3’barcode library pools as pI-SceI/I-PpoI fragment. 

Amplified ORF Sublibrary  

A library of ORFs found in regions of recurrent amplification in two pan-cancer analyses (102, 

103) was manually assembled from arrayed library Gateway Entry clones.  Clones of interest 

were grown overnight at 30ͼC in 1 ml LB in 96 well culture blocks.  Cultures were combined 

and maxiprepped (Sigma).  Pooled Entry Clone DNA was used for a Gateway LR reaction to 

clone ORFs into pHAGE-TRE-DEST-PGKpuro3’ vector.  Sufficient colonies for an average of 5 

BCs per ORF were collected.  

Mapping the ORF-BC pairs in the Amplified ORF Sublibrary 
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The pHAGE-TRE-ORF-PGKpuro 3’ barcode library was linearized with I-SceI, sheared by 

fragmentase, end repaired, dA tailed and ligated to an adaptor.  After ligation, fragments ranging 

300~600 bp were gel purified and 2 rounds of PCR were performed to add appropriate sequences 

for sequencing by Ion Torrent.  Final PCR products were gel purified and prepared for 

sequencing Ion PGM sequencing using the Ion PGM Template OT2 400 Kit (Life Technologies) 

according to manufacturer’s instruction.  Sequencing was performed using the Ion PGM 

Sequencing 400 Kit v2 and the Ion 318 Chip Kit v2, according to manufacturer’s instructions. 

Generation of rtTA-Neo Construct 

rtTA-Neo construct was derived from pInducer20 (258).  pInducer20 was digested with BstXI, 

gel-purified and ligated.  Resulting vector was sequence verified.  

Cell Culture and Virus Production 

HMECs from a reduction mammoplasty were purchased from Lonza, immortalized with human 

telomerase, and maintained in MEGM (Lonza).  hTERT-HMECs were transduced with rtTA-

Neo LV and selected for 7 days with 200 たg/mL Neomycin (Invitrogen).  Individual Neomycin-

resistant clones were isolated and tested for inducibility by transducing with pHAGE-TRE-

EGFP- PGKpuro3’ lentivirus and adding Doxycycline (Sigma) at 50-200 ng/ml.   

Lentiviruses were produced by transfecting 293T cells with plasmid DNA along with lentiviral 

packaging plasmids using TransIT-293 (Mirus) according to manufacturer’s instructions.  

Lentiviral supernatant was harvested two days after transfection, and concentrated using Lenti-X 

concentrator (Clontech) per manufacturer’s instructions.  pHAGE-TRE-ORF-PGKpuro-3’ 

Library 1 and 2 virus pools and Amplified ORF sublibrary virus were treated with Benzonase as 

described (9. Sastry et al., 2004), using 500 units/ml of viral supernatant and Benzonase Buffer 



99 

 

(500 mM Tris-HCl pH 8.0, 10 mM MgCl2, 1 mg/ml bovine serum albumin) at a final 

concentration of 1X.  Lentiviruses were incubated for 30 minutes at 37ͼC following addition of 

benzonase, and then were titered and stored at -80ͼC until use. 

Genome Scale Proliferation Screens 

1-9 rtTA HMECs were transduced with Library 1 or 2 lentivirus in triplicate with 8ug/ml 

polybrene (Sigma) at an average representation of 1000 cells per ORF using a multiplicity of 

infection (MOI) of 0.5.  Medium was changed the following day.  Cells were selected with 

2ug/ml Puromycin (Clontech) and expanded for 10-12 days following infection.  Cells were split 

into + Dox (100ng/ml) and –Dox branches, and initial reference samples covering the full library 

at 1000X representation were collected and stored at -80ͼC.  +Dox and –Dox branches were each 

passaged for 10 population doublings (PDs), with representation of ≥ 1000X maintained at each 

passage, and final cell pellets containing ≥ 1000X library coverage were collected. 

Amplified ORF Sublibrary Screens 

Amplified ORF Sublibrary lentivirus was transduced into 1-9 rtTA HMECs in triplicate, with the 

same conditions described above for the genome scale screen infections.  Screens were 

performed for clonogenic growth and resistance to low growth factor conditions.  The clonogenic 

growth screen was performed at an average representation of 500 cells per ORF.  Cells were 

induced for 2 days with 100 ng/ml Dox, and then plated at clonal density (5x10
4 

cells per 15 cm 

culture dish).  Upon reaching ≥ 80% confluency (approximately 8 days), cells pellets covering 

>500X library representation were collected.  The GF restriction screen was performed as 

described for the proliferation screen, but cells were cultured in MEGM prepared using 5% of 

the total volume of growth factors supplied (Bovine Pituitary Extract (BPE), hydrocortisone, 
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hEGF, and insulin; full provided volume of gentamicin/amphotericin-B was added to medium).  

Calculation of population doublings was difficult due to low survival of cells seeded after each 

passage.  Final pellets were collected after 3 weeks of culture in 5% GF-MEGM.  Due to very 

low survival of –Dox cells in both clonogenic and low growth factor conditions, PD0 cells were 

used for normalization of these screens, rather than end-point –Dox cells (used in proliferation 

screens).   

Genomic DNA preparation and PCR 

Screen cell pellets were thawed and lysed in 10 mM Tris pH 8.0, 10 mM EDTA, 0.5% SDS, 0.5 

mg/ml Proteinase K at 55C overnight. Genomic DNA (gDNA) was extracted using Phaselock 

tubes (5 PRIME) with Phenol:Chloroform and then Chloroform. RNase A was added to a final 

concentration of 25 g/ml and following incubation overnight at 37C, gDNA was again 

extracted using Phaselock tubes with Phenol:Chloroform, followed by two Chloroform 

extractions. gDNA from Amp-ORF Sublibrary cell pellets was extracted using Thermo Scientific 

GeneJET Genomic DNA Purification Kit, per manufacturer’s instructions, using 1 column for 

every 2x10
6
 cells.  DNA from either extraction method was ethanol precipitated, recovered by 

centrifugation, and washed three times with 70% ethanol.  Dried pellets were resuspended in 10 

mM Tris-Cl, pH 8.5 and BCs were PCR amplified with Phusion High-Fidelity DNA Polymerase 

(NEB Cat # M0530S) in three PCR steps for BC recovery, addition of Illumina adaptors, and 

sample indexing (318).  The first round of PCR was performed using common primers flanking 

the unique BC region (forward primer ORF.BC1.for: 5’- CCAGTAGGTCCACTATGAGT; 

reverse primer ORF.BC.1.rev: 5’ CTAGTTCCGCTTACACAGCT).  The reaction contained a 

total of 110 ug gDNA (Library 1) or 140 ug gDNA (Library 2), corresponding to library size, 
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with individual 100 ul reactions containing 10 ug gDNA, 1X Phusion HF Buffer, 200 uM 

dNTPs, 1 uM each of ORF.BC1.for and ORF.BC1.rev and 4 units of Phusion Polymerase.  

Reactions for each replicate were pooled, and 5 ul of pooled PCR1 was used as the template for a 

100 ul reaction containing 1X Phusion HF Buffer, 250 uM dNTPs, 2 uM each of primers ISP-

ORF.BC1.for (5’– 

GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCTCCAGTAGGTCCACTATGAGT) and 

P5-ORF.BC1.rev (5’– AATGATACGGCGACCACCGACTAGTTCCGCTTACACAGCT), and 

4 units of Phusion Polymerase.  A third PCR reaction was performed to add indices and allow 

sample multiplexing.  The 100 ul PCR3 reaction contained 2 ul of PCR2 product, 1X Phusion 

HF Buffer, 250 uM dNTPs, 2uM each of primers P7-Index-ISP (see ref 1. Meyer and Kircher, 

2010 for sequences) and P5-ORF.BC1.rev (5’– 

AATGATACGGCGACCACCGACTAGTTCCGCTTACACAGCT), and 4 units of Phusion 

Polymerase.  PCR3 products were gel-purified using QiaQuick Gel Extraction columns 

(Qiagen). Samples were sequenced on two lanes of an Illumina HiSeq 2500 with the primer 

heyME19: 5- GCG ACC ACC GACTAGTTC CGCTTA CAC AGCT -3.   

Data Analysis 

Screen data were analyzed with edgeR (262), applying a signal cutoff to exclude ORFs with less 

than approximately 100 reads in at least one replicate.  For the genome scale screens, the 

independent p-values obtained in each library were combined into a unified p-value using the 

Fisher’s method (263). The unified p-value was calculated separately for positive (enrichment) 

or negative (depletion) changes throughout the screens. In the case where a gene was absent in 

one of the two libraries, a p-value of 0.5 was considered for the missing p-value. In addition, a 
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minimum threshold of 1e-200 was considered for the p-values to be combined. The q-value was 

computed by using the Benjamini & Hochberg method.  

Lists of known and predicted OGs/TSGs and genes found within focal amplifications and 

deletions are provided in Supplementary Table 5.  All cancer datasets were limited to the genes 

found within the working gene universe, defined as the complete set of genes for which we had 

sequence reads above background level in either library.  Fisher’s exact test was performed to 

determine significance of the intersection between datasets.  When filtering for genes expressed 

in normal breast tissue, we used TCGA RNA-Seq data (73).  We applied a cutoff of 200 reads 

(median read number = 225), resulting in retention of 9958 genes in the Breast-Expressed gene 

universe. 

Ingenuity Pathway Analysis (IPA) analysis was conducted on the GO gene set from the 

combined p-value data, restricting the analysis to upregulated genes with a p-value < 0.05, for a 

total of 948 genes included in the analysis.  We also performed the analysis using a more 

stringent cutoff of 0.01 and observed very similar enrichments.  We additionally analyzed 

enriched pathways from genes discovered by each screen alone, and found similar pathways to 

be enriched in the individual library data, indicating that the combined data is representative of 

the behavior of each library.  Candidate gene sets were uploaded into IPA software and scanned 

for functional enrichment and interaction networks based on information in the Ingenuity® 

Knowledge Base. Enrichment p-values for functional terms and canonical pathways were 

determined using the Fisher’s Exact Test by IPA.  
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Chapter 3: Sources of Error in Mammalian Genetic Screens 

 

Retroviruses, and particularly the lentivirus subfamily, are extraordinarily powerful tools 

for human genome manipulation.  Their use is so frequent and streamlined in human genetics 

that we rarely stop to consider the biology of the viruses themselves, and the ways in which it 

may impact our methods.  Additionally, standard protocols for virus preparation generate a 

heterogeneous supernatant containing potential contaminants as well as the intended virion 

particles.  This chapter will consider the effects of the viral life cycle and methods for viral 

production on mammalian genetic screens.  Firstly, reverse transcription of retroviral genomes is 

prone to recombination, and we show that this can cause unexpected proviral integrants to be 

generated by viruses produced from pooled genetic libraries.  Secondly, we show that plasmid 

DNA contaminates viral supernatants, causing inaccuracies in measurements of the abundance of 

library elements in reference samples used to normalize genetic screens, and resulting in 

systematic bias in recovery of GC-rich elements. 

Retroviruses  

Viruses are biological agents comprised of nucleic acid genomes encased within protein 

coats which reproduce inside host cells, through co-option of cellular machinery.  The viral 

family Retroviridae, or retroviruses, are RNA viruses so named for their unique ability to 

reverse-transcribe their RNA genomes into DNA intermediates, which are ultimately able to 

stably integrate into the host cell genome (319).  As such, they have been exploited as biological 

tools to mediate gene transfer.  The structure, life-cycle and biomedical applications of 

retroviruses and lentiviruses, a genus of Retroviridae, will be explored in this section. 
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Retroviral Structure 

Gammaretroviruses, the most commonly used retroviruses for gene transfer applications, 

contain only four coding regions flanked by two long-terminal repeat sequences (LTRs) (319).  

While HIV-1, the primary lentiviral genome used for gene transfer, carries nine open reading 

frames and thus a more complex genome, the critical proteins are similar in each virus type 

(320).  The gag gene encodes several structural proteins involved in capsid formation.  The pol 

gene encodes the reverse transcriptase (RT) and integrase (IN) enzymes which are required to 

convert the viral RNA genome into double-stranded DNA and to insert it into the host genome, 

respectively.  The env gene encodes transmembrane and surface proteins which mediate viral 

entry and exit from the host cell.  They are present on the viral envelope, which is a layer of host 

cell plasma membrane that encircles the virion as it buds away from the cell.  All retroviruses are 

enveloped, and the envelope is required for host cell entry.  Finally, the pro gene encodes a viral 

protease which cleaves the polyproteins expressed from this small number of genes into their 

constituent mature proteins.  The additional proteins encoded by LV genomes are termed 

accessory proteins as many are not strictly necessary for viral replication, but contribute 

functions like enhancing transcription of the proviral genome or promoting pathogenesis (319).  

The abundance of non-essential genes in the HIV-1 genome is highly beneficial for its adaptation 

to a vector system.  The larger genomic capacity enables transfer of larger, or multiple, 

transgenes and the elimination of accessory genes increases the safety of such vectors as more 

than 60% of the wild-type HIV-1 genome is excluded from lentiviral vector systems (321). 

Retroviral Life Cycle 
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The viral life cycle begins with entry of a virion particle into the host cell.  This occurs 

through binding of viral envelope proteins to receptors on the cell surface, followed by 

membrane fusion.  The virus then becomes uncoated, exposing the RNA genome and associated 

proteins to the cytoplasm, and allowing the RNA genome to be reverse transcribed into double-

stranded DNA by RT (322-324).  The viral components remain associated with one another in a 

structure termed the preintegration complex, which translocates along the microtubule 

cytoskeleton toward the nucleus (324).  There, the IN enzyme then catalyzes integration of the 

virus into the host genome, where it will be stably maintained through cell replication as a 

provirus.  Transcription of the viral genome from the integrated provirus is mediated by the host 

RNA Polymerase II.  Viral RNAs are exported from the nucleus for translation and packaging.  

Gag proteins localized at the plasma membrane orchestrate packaging of the virion, which buds 

away from the cell surface to become enveloped by host-cell plasma membrane.  Expression of 

Env proteins through the endoplasmic reticulum results in their localization to the plasma 

membrane, so that they ultimately coat the enveloped viruses, which are now able to infect new 

host cells and begin the cycle anew (320, 322). 

A key distinguishing feature of lentiviruses is their ability to transduce non-dividing cells.  

The viral preintegration complex of most retroviruses cannot enter the nucleus while the nuclear 

membrane is intact, so the viral genome can only be integrated into the host genome after the 

nuclear membrane has been disassembled during mitosis (325).  The preintegration complexes of 

lentivurses, however, are able to interact with and traverse through nuclear pores to enter the 

nucleus, eliminating dependence upon host cell cycle (326).  This capability has increased the 

effectiveness of lentiviruses as pathogens and has proved useful for research applications by 

facilitating the transduction of non-dividing cells.   
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Recombination 

The retroviral life cycle, and especially the error-prone process of reverse transcription, 

creates opportunities for increased viral genetic diversity.  For the virus, this is an evolutionary 

strategy which enables rapid adaptation; for the scientist interested in a tool for reliable gene 

transfer, these features are an often underappreciated source of potential error and noise.  

Retroviruses are the only known viral family to carry two copies of their genome within a single 

virion (327).  The two RNA genomes are non-covalently tethered, and remain dimerized 

throughout the course of their life cycle.  During reverse transcription, the RT enzyme can stall 

or dissociate from one RNA genome and re-associate with the other, resulting in template 

switching, which has the potential to generate a recombinant DNA provirus (328).  Dimerization 

of RNA genomes is obligatory for recombination, as co-infection of two distinct viruses, each 

packaged independently to produce homozygotic virions, does not generate recombinants (329).  

The mechanism of recombination depends on the intrinsic RNase-H activity of the RT enzyme, 

which degrades the RNA portion of the RNA-DNA duplex during DNA synthesis (330).  

Following this template degradation, the exposed single-stranded DNA molecule can hybridize 

to the other copy of the RNA genome, initiating branch migration and resulting in strand transfer 

(Fig. 3.1) (322).      

The frequency of retroviral recombination events has been a subject of great interest.  By 

monitoring the linkage of marker genes carried by two different co-packaged retroviral genomes 

in the final integrated provirus, rates of recombination can be measured.  Using markers like 

drug resistance or expression of fluorescent proteins, many groups have undertaken such 

measurements and estimates range from 3 to 9 recombination events for a single replication 

cycle of the HIV-1 genome, which is approximately 9kb in length (322, 328, 331, 332).  
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Furthermore, measurements of the frequency of deletion of direct repeats leading to restoration 

of functional coding regions (such as antibiotic resistance markers) indicate that longer regions 

of homology between repeats are associated with higher rates of recombination (329).  The 

association between homology length and recombination appears to eventually reach a 

maximum, and markers flanking regions of homology longer than a certain threshold length will 

nearly always recombine.  For a set of murine leukemia virus (MLV)-based vectors, regions of 
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homology greater than 1500 bp were associated with direct repeat deletion in more than 90% of 

cases (333).  However, it should be noted that studies measuring deletion of direct repeats can 

overestimate recombination rates as they can measure both intra- and intermolecular template 

switching, the former of which cannot lead to recombination of markers.  The RT enzyme of 

HIV-1 has been shown to exhibit similar intermolecular template switching frequency to that of 

MLV (334).  However, when a mixed population of viral vectors is used to package viruses and 

transduce cells, the resulting HIV-1 proviruses are recombinant about 6 times more frequently 

than MLV proviruses.  This is thought to result from differences in the recruitment of viral 

genomic RNAs for encapsidation, which may preferentially lead to co-packaging of genetically 

identical viruses in MLV while HIV-1 mechanisms allow for a more random distribution of co-

packaged genomes (334).  Additional factors that influence recombination rates include the viral 

strain, RT enzyme, RNA genome sequence, and host cell genetic background (322).  Thus, 

recombination rates will generally need to be empirically determined for individual viruses. 

Virus Production 

Lentiviruses and retroviruses used as gene delivery vectors are produced through 

transient transfection of plasmid DNA encoding the viral genome and other required packaging 

elements into producer cell lines.  Expression of the encoded RNAs and proteins results in 

generation of all necessary components for an intact virion, which buds away from the producer 

cell as a mature, enveloped virus (335). 

Viruses for therapeutic or experimental gene transfer applications are designed to be 

replication-defective, as further virus production and the associated detrimental side-effects are 

undesirable and unnecessary once the transgene of interest has integrated into the host cell.  This 
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is achieved by replacing some of the viral coding regions with the transgene of interest, and 

supplying only the minimally required viral genes, such as gag, pol, and env, in trans (319).  To 

ensure that retroviral recombination cannot generate replication competent virus, different 

transcriptional regulatory elements must be used in each plasmid delivered.  This is even more 

critical in lentiviral vector design, as lentiviral genomes contain additional regulatory sequences 

that must be positioned proximal to both the transgene and some of the trans-acting packaging 

coding regions, increasing the potential for homologous recombination.  To maximize safety, 

lentivirus packaging is performed by supplying the four required genes each on separate 

expression constructs, such that four independent recombination events would be required to 

generate replication competent virus (335).  Thus, the propensity for retroviral recombination has 

already had an impact on the methods surrounding their production and use, but as these 

protocols have become standardized, the reason for their existence has been relegated to distant 

memory. 

However, in the context of modern approaches to mammalian genetic screening using 

lentiviral vector libraries, recombination is rearing its head again.  With plummeting costs of 

DNA sequencing and synthesis, and the large transgene capacity of modern lentiviral vectors, 

design of increasingly complex libraries containing multiple unique elements has become an 

appealing, and feasible strategy.  In this chapter, we will describe the effects of lentiviral 

recombination on our BC-ORF libraries. 

PCR-Associated Biases 

Virus production is not the only stage at which error can be introduced into genetic 

screens.  Indeed, PCR, while indispensable for all modern molecular biology, is a well-known 
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source of bias in measuring abundance of multi-template populations (336, 337).  The 

omnipresence of PCR can mask the complexity of factors affecting its accuracy in reflecting the 

relative abundance of mixed populations. 

Sources of Bias 

 One key application of PCR has been the amplification of heterogeneous multi-template 

populations, in order to quantitatively measure the relative abundance of their various 

constituents.  However, for this purpose, certain aspects of the PCR reaction can introduce bias, 

resulting in shifts in perceived abundances that do not accurately reflect the starting material 

(338).  The two major categories of potentially biasing processes are PCR selection and PCR 

drift (339).  PCR selection refers to any case in which some templates within a multi-template 

population are more favorably amplified than others.  Factors that can influence PCR selection 

include GC-content of the primer annealing sites, and of the template as a whole, and secondary 

structure of templates.  PCR drift refers to stochastic variation that can occur in early cycles.  

Because drift is random, it should not be reproducible across multiple replicate reactions, so its 

contribution to inference about template abundance can be controlled. 

 Thus, PCR selection presents the greater obstacle to fidelity of product to template ratios.  

Many groups have investigated and quantified some common selection biases, frequently in the 

context of the use of universal, degenerate primers to amplify 16S rRNA genes from microbial 

communities for profiling diversity (340).  One consequence of degeneracy is variation in the 

binding energy of the primers depending on whether the template contains a G/C or A/T base at 

the degenerate position.  Presence of a G or C in such cases increases the binding efficiency, and 

results in increased amplification efficiency, distorting the product to template ratio (338).  The 
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observed distortion of ratios becomes more pronounced with increased cycle numbers.  

Interestingly, GC-richness of the template, outside of primer annealing sites, can have the 

opposite effect.  High GC content results in poor or incomplete denaturation of templates, 

leading to reannealing, and blocking accessibility of these templates to polymerases for 

amplification (341).  Further exacerbating potential differences efficiency of amplifying GC- 

versus AT-rich template are differences in stability during reaction assembly.  As AT-rich 

templates are less stable and more prone to denature, depending on DNA extraction conditions, 

these templates can be spontaneously amplified during reaction assembly by polymerases that 

are active at low temperatures, providing a head start and a potentially skewed abundance 

relative to their GC-rich counterparts (337).   

Other variations in sequence composition can also result in different inherent 

amplification efficiencies for different templates (337).  Sequences with a propensity to form 

secondary structures, such as ribosomal RNA genes or hairpin structures characteristic of 

miRNAs and shRNAs can reduce PCR efficiency (342, 343).  Secondary structure of single-

stranded templates can block progression of the polymerase, leading to distortions of product to 

template ratios.  Finally, differences in template length can profoundly affect amplification 

efficiency, with a bias against longer sequences (253). 

Variations in template abundance can also impact PCR efficiency.  For example, PCR 

products present at high concentration can rehybridize to one another, instead of annealing to 

primers.  This generally occurs in later cycles (as the PCR product concentration must be quite 

high), but results in lower efficiency of amplification of that particular product relative to others 

in the population.  Thus, for reactions with many cycles, this effect can result in a perceived 1:1 

ratio even where the ratio differs, as more abundant products will reach a plateau in their 
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amplification, allowing less abundant ones to catch up (344).  However, use of a limited number 

of cycles can minimize this effect.  Conversely, the pre-existing differences in template 

abundance can themselves contribute to bias.  Such differences result in different likelihoods of 

amplification, such that low abundance templates are amplified less efficiently, underestimating 

their representation (345, 346).   

 In this chapter, we will describe the identification of several sources of error we 

discovered in the design and testing of our barcoded ORF libraries.  Importantly, these errors are 

applicable to some common methodologies for mammalian genetic screening and may contribute 

systemic bias and noise to such experiments.  In addition to their enumeration, we will also 

propose methods for the reduction or elimination of these potential sources of noise. 

Results 

Barcode Recombination 

In the previous chapter, we described the design of inducible barcoded (BC) ORF 

expression libraries.  In the course of developing those libraries, we designed and tested two 

additional BC-ORF systems, both using the constitutive human cytomegalovirus (CMV) 

promoter to drive ORF expression.  In one version the BC is positioned upstream of the CMV 

promoter, while in the other it is positioned downstream of the ORF sequence (termed the 5’BC 

and 3’BC libraries, respectively) (Fig. 3.2 A).   Each contains 30bp DNA BCs, uniquely paired 

with the ORFs to provide a uniform template for amplification.  The pairing of several BCs with 

each ORF allows for an internal measure of the reproducibility of ORF behavior.  We performed 

identical proliferation screens in hTERT-HMECs with each version of this library, identifying 

BCs that shifted in abundance over 10 population doublings (PDs).  
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Surprisingly, we frequently observed discordance in the log2 of the fold change ratios (Log2FC) 

among the sets of BCs reporting for each ORF in the 5’BC library.  While neutral genes might be 

subject to random drift, causing some barcodes to become slightly enriched, while others are 

slightly depleted, we observed marked divergence in reported phenotypes from BCs paired with 

ORFs known to potently regulate proliferation, such as CCND1 and CDKN1A (Fig. 3.2 B,C).  

Furthermore, when we measured the abundance of the CCND1 ORF in the 5’BC screen genomic 

DNA (gDNA) by qPCR, we saw that the ORF was becoming enriched over time in at least two 

of the three replicates (Fig. 3.2 D), though this was not reflected by the average behavior of the 

paired BCs (Fig. 3.2 B, bottom panel). We sought to investigate and correct the source of this 

variation, as the fidelity of our BCs as specific and precise reporters for ORF behavior is critical 

to the success of our library design.  

One possible explanation for this observation was retrovirus-mediated recombination 

between BC-ORF pairs causing shuffling of these library elements.  We knew this was possible, 

as retroviruses carry two copies of their genome and reverse transcribe them with a 

recombination-prone RT enzyme (322, 327).  To test whether retroviral-mediated recombination 

occurred in our libraries, and at what frequency, we assembled small sub-libraries containing 11 

ORF clones from each library, each associated with a single, unique BC (Fig. 3.3).  We packaged 

lentiviruses from plasmid DNA containing a mixture of all 11 clones, and used this to transduce 

hTERT-HMECs.  We isolated genomic DNA from stably infected cells and then designed PCR 

primers to amplify the BCs attached to one of the 11 ORFs using an ORF-specific primer and a 

common primer that anneals to the vector.  The final PCR product contains the associated BC. 

(Fig. 3.3).  We then sequenced these PCR products to identify the associated BCs.   
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One concern in using PCR to amplify proviral integrants for measurement of 

recombination frequency is the possibility that PCR artifacts could distort this measurement.  

Specifically, the PCR reaction itself can generate chimeric products, which for our purposes, 

could lead to perceived recombination between ORFs and BCs (344, 347).  To control for this 

possibility, we also prepared lentiviruses from each of the 11 BC-ORF clones from the two sub-

libraries individually.  We transduced cells with these homozygous lentiviruses, selected stable 

integrants, and isolated gDNA.  We then pooled gDNA from each individual cell line together 

into a single PCR reaction (Fig 3.3).  Thus, both our PCR control and recombination test 

conditions consisted of a population of heterogeneously infected cells, each carrying a single 

integrant of one of eleven possible ORF-BC clones.  However, only in the recombination test 

condition could retrovirus-mediated recombination contribute to any observed shuffling of BCs 

between ORFs. 

We observed recombination events in more than 25% of the sequences tested from the 

5’BC library (Table 3.1).  Conversely, in the 3’BC library recombination occurred at a measured 

frequency of only 5.5%.  This substantial difference in recombination frequency correlates with 

the length of homologous sequence residing between the ORF and the BC.  This distance is 720 

bp in the 5’BC library, and 96 bp in the 3’BC library.  This observation is consistent with other 

publications showing that retroviral recombination frequency is closely correlated to length of 

homology (329, 333).  Importantly, we did not observe any recombination in our PCR control 

conditions, indicating that the retroviral reverse transcription step is the likely source of this BC-

ORF uncoupling.  It should be noted that our measurements will underestimate the true 

recombination frequency, because we are unable to detect recombination events that occur in 

homozygous viruses.  As this is expected to occur in 9% of cases for a sub-library of 11 ORFs, 
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we estimate the true recombination frequency to be greater than 28% in the 5’BC library, and 

approximately 6% in the 3’BC library (Table 3.1). 

The final TRE-driven version of our BC-ORF library described in the previous chapter is 

nearly identical to the 3’BC ORF library, utilizing the same BC-ORF pairs with the same 

distance separating them.  The only difference between these libraries is the promoter, as the 

CMV promoter from the 3’ BC library has been replaced by a TRE promoter (Fig. 3.2 A).  

Encouragingly, when using this library we no longer observe divergent behavior among the BCs 

paired with ORFs known to promote strong proliferation phenotypes, such as CCND1 and 

CDKN1A (Fig. 3.2 E, F). 

Plasmid Contamination of Viral Supernatants Generates Distorted Distributions of BC 

Abundance 

The 3’ and 5’ BC libraries were constructed of 5 or 13 distinct pools of ORF clones, 

respectively.  Each pool was packaged into lentivirus and titered individually and these were 

then combined for infection and pooled screening of the complete collection.  In the context of  

  

Library Distance 

between 

ORF and 

BC (bp) 

Experimental 

Condition 

Number 

of 

Sequences 

Analyzed 

Number of 

Recombined 

BCs 

Measured 

Frequency 

Estimated 

True 

Frequency 

5’ BC 720 

Recombination 

Test 

65 17 26.15% 28.53% 

PCR Control 33 0 0% 0% 

3’ BC 96 

Recombination 

Test 

55 3 5.45% 5.95% 

PCR Control 20 0 0% 0% 

Table 3.1. Frequency of retroviral-mediated recombination in BC-ORF libraries.  

Results of experiment outlined in Fig 3.3.  Estimated True Frequency is the sum of the 

measured frequency and the calculated frequency of undetected recombination events in 

homozygous virions, predicted to be about 9.09% of the total population of virions. 
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constitutive expression, we sought to maximize the dynamic range of these screens by collecting 

initial reference samples of cells for sequencing two days after transduction with library virus.  

Additional samples of cells were collected at each passage, and a final sample was taken after 10 

PDs.  In both of these screens, deep sequencing of initial reference samples revealed a non-

random distribution of read density across the library BCs.   Subpopulations of BCs were present 

at substantially (2-10 fold) different abundances.  Furthermore, these differences did not persist 

at 10 PDs, suggesting a transient effect (Fig. 3.4 A and data not shown).  The subpopulations 

corresponded to our library lentivirus pools, and the signal abundance of each pool negatively 

correlated with its viral titer (Fig. 3.4 B).  This suggested that the source of over-representation 

of individual pools may have been the lentivirus itself. 

We hypothesized that following transfection for virus production, residual plasmid DNA 

may remain in the viral supernatant and be carried over to the target cells at the time of infection.  

To test this hypothesis, we asked whether we could detect evidence of plasmid DNA in the 

gDNA isolated from our screen cell samples.  We designed primers to the bacterial origin of 

replication (ORI), and observed a PCR product of the correct size (Fig. 3.4 C).  In samples from 

both the 3’ and 5’BC libraries, band strength in each sample roughly corresponded to the 

observed pattern of distortion in Illumina reads for that time-point.   We reasoned that using 

primers targeting a portion of the lentiviral genome that integrates into cells, we could detect the 

combined signal from both plasmid and proviral integrations in each screen sample.  Using 

qPCR primers to amplify the CMV promoter region of our vector, we confirmed the presence of 

a large overabundance of signal at the initial time-point of the 5’ BC screen, most of which 

disappeared after 2 PDs, leaving a smaller population of plasmid which appears to dilute out  
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completely by 6 PDs (Fig. 3.4 D).  Presumably, the remaining signal is generated only by 

proviral integrants, as the contaminating plasmid is no longer present.  We estimate the amount 

of plasmid DNA in the initial 5’ BC screen samples to be about 5.8 pg per 50 ng DNA, 

corresponding to more than 70 times more copies of the viral genome than are present integrated 

into the genomic DNA. 

Elimination of Plasmid DNA from Viral Supernatant 

We took several approaches to minimize or eliminate plasmid DNA from viral 

supernatants.  We first asked whether modifications to our transfection protocol might mitigate 

the contamination.  We attempted to dilute residual plasmid following 293T transfection by 

washing cells several times the day after transfection, however this had no effect on plasmid 

levels as detected by qPCR using ORI primers (Fig. 3.5 A).  We also tested whether removing 

only 90% of transfection medium at the time of medium replacement would exacerbate the 

observed contamination but we did not see such an effect (Fig. 3.5 A).  We investigated methods 

of viral concentration, including Lenti-X concentrator and ultrafiltration, but found that these 

only modestly decrease contamination (Fig. 3.5 A).  We did, however, observe that reducing the 

amount of transfected DNA led to reduced amounts of contaminating plasmid, with minimal 

effect on viral titer (Fig. 3.5 A and data not shown). 

However, none of these methods was sufficient to completely eliminate the 

contamination, so we sought to actively degrade the remaining plasmid molecules.  Previous 

work has demonstrated that the bacterial nuclease Benzonase is effective for eliminating plasmid 

contamination from clinical preparations of lentivirus (348).  This endonuclease can degrade 

both DNA and RNA, so contaminating plasmid DNA is accessible for degradation, while  
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enveloped viruses are protected.  Indeed, Benzonase treatment is commonly included in the 

workflow for large-scale lentivirus vector production for gene therapeutic applications (349).   

Initially, we tested whether Benzonase treatment could eliminate detectable levels of 

plasmid DNA from viral supernatants.  Because Benzonase is highly stable, and retains activity 

even after storage at -80ͼC, any PCR-based method for detection of residual plasmid in 

Benzonase-treated virus is masked by degradation of PCR products (Fig. 3.5 B).  In order to 

visualize PCR products and assess plasmid levels in our virus, we needed to inactivate 

Benzonase without affecting the subsequent PCR reaction.  We found that the non-specific serine 

protease Proteinase K could completely digest Benzonase, so that no nuclease activity remains 

(Fig. 3.5 B and data not shown).  Conveniently, Proteinase K can be heat-inactivated, allowing 

the PCR reaction to proceed uninhibited.  While Benzonase-treated virus without subsequent 

inactivation masks the signal of spiked-in untreated virus (Fig. 3.5 B lane 5), use of Proteinase K 

to inactivate Benzonase following virus treatment yields apparent elimination of plasmid (lanes 

9-10) but no longer suppresses the signal of spiked-in untreated virus (lane 11).  

      In the context of genetic screens, our greatest concern was to ensure that plasmid 

contamination was no longer present at the time of collecting samples of infected cells for screen 

reference samples. To test this, we prepared several different viruses, inputting varying amounts 

of transfected DNA and employing varying concentrations of Benzonase for plasmid elimination 

before infection.   We then infected HMECs at an MOI of <0.5, following our standard protocol 

for screens.  Cells were harvested on the third day after infection, gDNA isolated, and residual 

plasmid levels were detected by qPCR of the CMV promoter.   In comparing our test samples to 

gDNA from 3’ BC library screen cells which had undergone 13 PDs and no longer exhibited any 

distortion of sequence reads due to plasmid contamination, we identified a baseline abundance of 
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CMV that corresponds to a single proviral integration per diploid genome (Fig. 3.5 C).  As 

expected, gDNA from 3’ BC library screen cells that had undergone only 3 PDs after infection 

exhibited about twice as much CMV signal, half of which must derive from plasmid DNA.  

While our untreated viruses exhibit contamination levels that roughly correspond to the relative 

amount of transfected DNA, Benzonase treatment at 100 or 1000 units/ml completely eliminates 

residual plasmid.   

For screens using the TRE-ORF libraries described in the previous chapter, library virus 

was generated by transfecting a reduced amount of input plasmid DNA (20%) relative to the 

amount used to generate 3’ BC and 5’ BC library virus.  Viral supernatants were then treated 

with 100 units/ml of Benzonase.  Library-infected cells were then passaged for 6 PD in the 

absence of doxycycline (dox) before initial reference samples were collected.  We compared 

contamination levels of our TRE screen gDNA samples to samples from the 5’BC library, using 

primers amplifying the PGK promoter which drives expression of the Puromycin resistance gene 

in both vectors (Fig. 3.2 A).  We observe nearly complete elimination of plasmid at PD0 (Fig. 

3.6 B).  As expected, in the absence of plasmid contamination, the distributions of Illumina reads 

at 0 PD and 10 PD are nearly identical (Fig. 3.6 A), with the persistent visible variations in 

abundance between viral subpools likely corresponding to real differences in MOI resulting from 

imperfect estimates of viral titer.   

GC Bias Upon PCR Amplification 

Several aspects of multi-template PCR reactions can contribute to variation in 

amplification efficiencies based on the GC richness of each template. While we generally  
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observe less efficient recovery of high-GC elements, this effect in itself should not impact the 

computed fold change values, as differences in efficiency should be uniform across screen 

samples.  However, contaminating plasmid DNA present in screen genomic DNA may lead to 

different degrees of GC bias in different screen samples.  The overabundance of target DNA in 

normalizing initial reference samples due to the presence of plasmid could increase the 

efficiency of recovery of high GC elements relative to their recovery from final screen samples.  

This would cause higher GC-containing elements to erroneously appear to be depleting from the 

screens, although this effect would be due to artifact rather than phenotype.  We looked at the 

relationship between GC content of BCs and their Log2FC in our 5’BC and 3’BC library screens 

and indeed observed a negative correlation (Fig. 3.7 A and data not shown).  We then asked 

whether this effect extended to other types of library elements.  As our laboratory also works 

with shRNA libraries, we looked at a set of non-targeting shRNAs carried through a viability 
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screen for 10 PD as internal negative controls.  Again, a negative correlation was observed 

between the GC content of each hairpin and it’s Log2FC during the screen (Fig. 3.7 B). 

To test whether elimination of plasmid contamination could abolish the observed GC 

bias, we performed a mock screen using a library of 1000 non-targeting shRNAs.  The library 

contains five pools, each with 200 shRNAs of uniform GC content: 40%, 45%, 50%, 55% or 

60% GC bases in the hairpin sequence.  The shRNAs were expressed from a Tet-inducible 

lentiviral vector.  We pooled these plasmid libraries together and packaged them into virus either 

according to our standard protocol or following a modified protocol for plasmid elimination, 

utilizing reduced plasmid DNA input and/or treating LV supernatants with Benzonase (Fig. 3.8).  

U2OS cells were infected with these viruses at an MOI of <0.5 and cell pellets were collected 3 

days post-infection, and again after 10 population doublings in the presence or absence of dox.  

We isolated genomic DNA and recovered half hairpin amplicons by PCR.  The abundance of 

each shRNA in each of our screen samples and reference samples was quantified by deep 

sequencing of the half hairpin amplicons.  

In order to further assess the impact of plasmid DNA on relative PCR efficiency of GC-

rich templates, we designed some additional reference samples.  Rather than computing the fold 

change of a hairpin relative to its abundance in infected cells, we assessed the direct 

quantification of plasmid DNA for this purpose (Fig. 3.8).  Many laboratories use library plasmid 

DNA, rather than infected cells to normalize screen data (165, 350).  We recovered half-hairpins 

through PCR of library plasmid DNA using the same mass of DNA in the PCR reaction as we 

used to recover half-hairpins from gDNA of infected cells.  Although the total DNA in both 

reactions was identical, they vary significantly in the ratio of the abundance of the target  
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template to the burden DNA, or excess DNA present in the reaction which will not be used as a 

template.  As the gDNA samples contain much more burden DNA relative to the template, fewer 

total template molecules are present in these samples than in the plasmid DNA condition.  In 

order to try to more precisely recreate the conditions of PCR in our screen samples, we also 

linearized library plasmid DNA and mixed it with un-transduced gDNA from U2OS cells, so 



127 

 

  



128 

 

that the number of template copies was equivalent to library-infected cells.  This reference 

condition mimics both the ratio of template to burden DNA experienced in screen sample PCRs, 

as well as the structure of the DNA molecule containing the template, which is relaxed, rather 

than the supercoiled form of plasmid DNA.   

We measured the abundance of the shRNA half-hairpin template in each of our reference 

conditions by qPCR (Fig. 3.9 A).  The baseline degree of contamination observed in this 

experiment was more modest than in most of our previous experiments (Fig. 3.9 A compared 

with Fig. 3.5 C).  Nonetheless, we observed a statistically significant correlation between GC 

content and Log2FC when cells infected with lentivirus produced under standard conditions were 

used as the reference sample for normalization (Fig. 3.9 B, top, left panel).  In contrast, reducing 

the amount of DNA used for transfection, or treating LV supernatants with Benzonase eliminated 

this correlation.  Additionally, normalizing screen samples to cells which had been carried for 10 

PD in the absence of Dox induction also successfully eliminated observed GC bias.  Though 

infected with contaminated lentivirus, these cells underwent sufficient doublings for dilution of 

the plasmid to occur, allowing the population to reach equilibrium.  We also observed that 

normalizing our screen samples to a reference sample consisting of diluted linearized plasmid 

DNA was effective in eliminating GC bias.  Finally, we observed a significant negative 

correlation between GC richness and LogFC when plasmid DNA was used as the reference (Fig. 

3.9 B, bottom, center panel).  Importantly, shRNA half-hairpin template was over 200-fold more 

abundant in the plasmid sample relative to the linearized-plasmid in gDNA condition (data not 

shown).   This suggests that the total number of copies of the template present in the PCR 

reaction can dramatically influence the relative efficiency of amplification of GC-rich targets. 
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Discussion 

We have reported several sources of error intrinsic to common genetic screening 

techniques in mammalian tissue culture systems.  For each, we suggest methods to eliminate or 

minimize them, which should result in improved fidelity of screen data.  Most genetic screens in 

human cells generate sets of candidate genes which putatively play a role in the phenotype of 

interest, but these are plagued by a high proportion of false positives (351, 352).  This ceiling of 

detection of true hits is often attributed to quality of the genetic element; for instance, variation 

in reagent knock-down efficiency and off-target effects are thought to account for many of the 

false-positives in candidate gene lists derived from RNAi screens (353, 354).  However, as this 

ceiling can be observed for overexpression screens, in which the reagent is the wild-type coding 

sequence itself, reagent quality seems unlikely to be solely responsible.  We suggest that a 

portion of this noise comes from the sources described in this chapter, most notably from 

unrepresentative abundance measurements and GC bias attributable to variable library template 

concentration between reference and experimental samples.     

A potentially common, systematic cause of variable library template representation is the 

presence of contaminating plasmid in cell populations shortly after infection.  This 

contaminating plasmid is carried over to the cells in the viral supernatant, where it is present 

following the transient transfection step required to produce the lentivirus.  The extent of 

distortion of initial reference populations by plasmid contamination is unclear, and may vary 

depending on screen design.  For experiments in which a single pool of virus is used, the effect 

may be mitigated, as it will uniformly affect all library elements.  However, even in the absence 

of dramatic differences in representation of different viral subpools, different plasmids within the 

library can produce viruses with varying efficiencies, due to differences in transgene size (355).  
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Thus, even when using a single viral supernatant, the relative abundance of individual clones 

within the plasmid DNA may not be a faithful reporter of the relative abundance of integrated 

proviral genomes, especially for ORF libraries which vary in construct size.  Furthermore, the 

effects of expression of the ORFs themselves in the packaging cells can lead to variations in viral 

titer (356).  Even uniform plasmid contamination of a single viral pool will cause distortion of 

perceived genetic hits due to the persistent negative correlation between GC richness of barcodes 

or hairpins and Log2FC over the course of the screen.   

We have described the use of the endonuclease Benzonase for degradation of 

contaminating plasmid DNA from lentiviral supernatants that will be used for genetic screens in 

vitro.  This method is well-established in preparation of clinical-grade lentivirus for gene therapy 

applications (348, 349, 357).  However, to our knowledge, it has not been previously reported to 

be used in preparation of lentivirus for genetic screens or other tissue culture applications.  We 

demonstrate that Benzonase treatment can significantly increase the fidelity of specific detection 

of integrated viral genomes from genomic DNA from a population of infected cells.  

Furthermore, Benzonase treatment, or use of an inducible expression system passaged to 

equilibrium minimize the GC bias caused by plasmid contamination.  This fidelity is critical to 

downstream analyses of changes in abundance in the cell population through the course of a 

particular genetic screen.  These analyses are the cornerstone of pooled screening technology, so 

a precise reference population is necessary for accurate identification of screen hits.   

Though we observed a modest reduction in the degree of plasmid contamination after 

concentrating our lentiviruses by ultrafiltration, we ultimately used LentiX Concentrator 

(Clonetech) in our standard workflow.  This was primarily because we found the LentiX 

Concentrator to be more scalable for large-scale library lentiviral preparation.  For our purposes, 
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concentration was performed primarily for convenience.  For some applications, notably 

preparation of clinical grade lentivirus, high concentration and purity are especially necessary 

(358).  LentiX Concentrator may not be able to achieve the high degree of concentration required 

for such applications, and the cost of the reagent is likely to be limiting as well.  Protocols for 

clinical lentiviral preparation generally recommend centrifugation, ultrafiltration, or affinity 

chromatography for achieving required concentration of viral particles (349, 358).  Benzonase or 

other DNase treatment is also standard practice in clinical-grade lentivirus generation (348, 349, 

357).  Use of a U.S. Food and Drug Administration (FDA)-approved recombinant human DNase 

Pulmozyme has also been reported to have equivalent or greater efficiency of removal of 

contaminant plasmid DNA to that of Benzonase (359).  Benzonase, a bacterial-derived nuclease, 

is not currently FDA-approved.  However, while useful for clinical grade lentivirus production, 

the higher cost of Pulmozyme makes it a less ideal choice for experimental tissue culture 

applications.  

We further describe a persistent inverse correlation between GC-richness of library PCR 

templates and Log2FC.  We hypothesized that this GC bias results from variation in PCR 

efficiency of GC-rich templates depending on their abundance.  Thus, while excess 

contaminating plasmid causes a bias, elimination of this contamination abolishes the relationship 

between GC content and Log2FC (Fig. 3.9).  The abundance of contaminating plasmid in our 

mock screen was lower than we had seen in previous experiments, and correspondingly we 

observed only a modest, though statistically significant correlation between GC content and 

Log2FC.  Nevertheless, we were able to abolish that correlation by normalizing our screen 

sample to reference conditions which did not exhibit contamination, and thus contained the same 

number of copies of template as the screen sample.  Accordingly, using excess copies of plasmid 
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DNA to normalize screen samples resulted in pronounced bias while no bias was observed when 

using linearized plasmid diluted into gDNA such that template copy number was equivalent to 

screen samples.  These observations confirm that variations in template abundance between 

experimental and normalization samples cause artifactual GC bias.  

Many groups have previously studied PCR bias and selection in amplification of multi-

template populations, but the majority have focused on the use of universal, degenerate primers 

to amplify 16S rRNA from microbial communities (340).  While insights from these studies have 

been invaluable, some of the primary sources of bias they have identified are not applicable to 

multi-template PCRs used for recovery of genetic libraries from gDNA.  Most notably, genetic 

libraries are designed to contain identical primer annealing sites flanking the unique BCs or 

shRNAs to be recovered.  So, while the template sequences vary, the primer annealing 

efficiencies do not, eliminating an important source of bias.   

Recently, some groups have begun to assess multi-template PCR efficiency in the context 

of pooled genetic screens (360, 361).  These studies have primarily focused on shRNA libraries, 

in which the amplification of templates with complex secondary structure creates unique 

challenges (343).  Despite this difference, many of the conditions described are similar to those 

involved in deconvolution of our BC-ORF screens.  Strezoska and colleagues demonstrate that 

using a PCR template population that includes an average of 150X coverage per shRNA 

dramatically increased correlation between replicates, compared with using only 50X coverage.  

Furthermore they showed that increasing the shRNA representation to 500 at the time of 

infection, and maintaining this representation at the PCR step was the optimal condition for 

replicate reproducibility.  While maintenance of consistent representation throughout cell culture 

and PCR steps was already practiced by many groups (160, 165), this study empirically 



134 

 

demonstrates the importance of accurately determining the number of copies of library templates 

used as input for PCR.  Although they use plasmid DNA for their reference population, they do 

not investigate the effects of varying the amount of input between screen and reference samples.  

As we have shown in this chapter, such considerations are equally important.  Furthermore, they 

focused solely on replicate reproducibility as a metric for PCR optimization, and did not look at 

other biases such as GC bias in relation to their conditions.  The systematic nature of GC bias 

suggests that it would occur similarly in both replicates, and thus would not be detected as a 

problem when measuring replicate correlation.   

 Similarly, Hoshiyama and colleauges also investigated multi-template PCR 

deconvolution of pooled shRNA libraries, and identified the PCR amplification step as the 

primary source of variation between technical replicates prepared from the same gDNA sample 

(361).  They propose reducing the burden DNA in the PCR reaction by enriching shRNA targets 

through hybridization to biotinylated oligos.  However, they do not analyze other types of bias, 

such as GC bias, which may be affected by these additional processing steps.   

Many genetic screens are normalized to the distribution of genetic elements present in the 

plasmid DNA library, rather than using the transduced cell population before treatment or 

passage as a reference.  In fact, a recent analysis suggested that plasmid DNA was the optimal 

reference point for shRNA screens, compared with viral cDNA or early time-points immediately 

following viral integration (165).  However, for the use of ORFs, as previously mentioned, this 

option would fail to report information about significant differences in lentiviral packaging 

efficiency correlated with transgene size, and thus would lead to the potential for overestimating 

the abundance of long ORFs and underestimating the abundance of short ORFs (355).  Pooled 

shRNA libraries are uniform in size, and thus may be more amenable to use of plasmid as the 



135 

 

reference for normalization.  Nonetheless, our results indicate that unless plasmid input is diluted 

such that the number copies of the template present is equivalent to the number in the transduced 

cell population, bias against GC-rich templates will be observed. 

Several studies have directly investigated and sought to mitigate GC bias in PCR.  By 

comparing un-amplified sheared human gDNA to libraries generated by amplification of this 

same gDNA using various commercially available polymerase/buffer systems, these studies have 

shown that polymerase choice, as well as cycle number can dramatically influence the fidelity of 

the GC distribution in the product (253, 362).  However, for screening applications, rather than 

direct genome sequencing, the impacts of GC bias are different.  Because our screens compare 

relative abundance of each template between samples, poor recovery of GC-rich templates 

should apply equally in each sample, and thus should not affect calculated abundance changes.   

Here, we demonstrate an exacerbating factor for GC bias that affects screens samples unevenly, 

with the observation that the cryptic inclusion of extra contaminating copies of the template can 

distort amplification efficiencies even for templates of identical sequence composition.  To our 

knowledge, considerations of the variable impact on PCR biases of different timepoints or 

samples from screens have not previously been explored.     

In this study, we also report that recombination occurs between unique library elements 

resulting in uncoupling and reshuffling of BC-ORF pairs.  This recombination can occur at 

frequencies of nearly 30% and correlates with the length of the homologous region between 

unique elements.  This observation is consistent with a large body of work describing 

recombination in wild-type HIV strains during the RT stage of the viral life cycle (329).  Effects 

of this recombination have been studied extensively in the field of virology, but are less 

frequently acknowledged in the context of use of retroviruses and lentiviruses as gene transfer 
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vectors.  Recombination in retroviral vectors resulting in deletion of one or more elements from a 

single virus construct has been demonstrated (363, 364). However, to our knowledge, 

intermolecular retroviral recombination resulting in shuffling of elements in a polyclonal 

population of viral vectors has not yet been reported. 

The recombination frequency in the final version of our library (Table 3.1) was 

approximately 6%.  While not negligible, this small proportion of the total number of barcodes is 

unlikely to be detectable, with 94% of the signal still accurately reflecting the behavior of the 

proper ORF.  In theory, a recombination event which pairs a phenotypically potent ORF, such as 

CCND1, with a neutral ORF, such as a housekeeping gene, should dampen the enrichment 

signal, but not reverse it.  In the rare cases where a BC recombines to an ORF which confers a 

very strong and opposing phenotype relative to the ORF it was originally paired with, the effect 

is still likely to be masked by the combined effects of the additional BCs for that ORF.  Thus, the 

ability to measure internal, independent events and assess their reproducibility within the 

experiment provides additional confidence in the measurements made with this library. 

Retroviral recombination has important implications for experimental design when using 

constructs with more than one unique element.  For example, combinatorial RNAi (co-RNAi) is 

being explored as both a tool for gene discovery and a therapeutic opportunity for combating 

resistance prone-diseases like viral infections and cancer (365-367).  Two recent studies 

comparing methods for delivery of multiple RNAi triggers determined that using multiple 

promoter/shRNA cassettes resulted in greater efficiency and consistency of knockdown 

compared to long hairpin RNAs which exhibit uneven activity among hairpins (368), and was 

also superior to polycistronic miRNA-embedded shRNAs or use of multiple expression vectors 

(369, 370).  Thus, design and use of viral vectors containing multiple unique elements separated 
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by large regions of homology is likely to become more prevalent.  Efforts at co-RNAi 

optimization have illuminated one downstream effect of lentiviral recombination tendency in the 

observation that one or more elements can be deleted through intramolecular recombination 

when a promoter sequence is present multiple times throughout a construct, driving the 

expression of several distinct elements (363, 364).  

While effects of recombination can be suppressed for applications utilizing a single 

multi-element construct by varying the promoters driving each element, our results demonstrate 

that new recombination-related challenges emerge in pooled polyclonal lentiviral populations.  

Pooled co-RNAi screening is an emerging tool, and may prove to be especially useful for 

discovering synthetic lethal interactions in cancer cells, expanding the repertoire of druggable 

targets for potential therapy (367, 371).  However, particular caution must be exercised with this 

approach, with special attention given to the distance between such elements to ensure fidelity in 

deconvolution.  One study has shown that the orientation of the second promoter driving hairpin 

expression does not impact knockdown efficiency (370).  This could enable library designs in 

which two unique shRNAs are positioned nearly adjacent to one another, with flanking promoter 

sequences driving expression of each in opposite directions.  Such a design would overcome the 

challenges of recombination in dual expression systems (370).  However, this study utilized 

PolIII promoters for expression of shRNAs, and it is unknown whether similar results will be 

observed for other PolIII promoters, or for PolII promoters. 

While we have explored biases and errors caused by preparation of library viral 

supernatants and by PCR recovery of library elements, bias can be introduced at every stage of 

screening and deconvolution.  For example, an analysis of the source of bias contributed at each 

step of the process of Illumina whole genome sequencing found that while PCR amplification 
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contributed the largest effect, bias can also be introduced by cluster amplification and sequencing 

steps, and furthermore, systematic errors in downstream processing steps like base calling can 

also influence data quality (362, 372).  As exploration of these errors continues, technology will 

continue to improve, enhancing fidelity of NGS experiments. 

We have described several sources of error which can contribute to biased results of 

genetic screens performed in cultured mammalian cells.  Furthermore, we have suggested 

strategies to mitigate these errors, and demonstrated that the application of these strategies to 

screens performed in our laboratory substantially diminished bias.  Although modern techniques 

for pooled screening and NGS-based deconvultion have been in practice for several years, only 

more recently have groups begun to empirically determine optimal conditions for some of the 

steps in the screening process (165, 360, 361).  While pooled genetic screens have dramatically 

enhanced our understanding of gene function, we hope that the application of our findings and 

those of others engaging in related work will serve to enhance gene discovery capabilities and 

maximize the potential of future genetic screens. 

Materials and Methods 

Cell Culture 

U2OS osteosarcoma cells (American Type Culture Collection) were maintained in McCoy's 5A 

medium supplemented with 10% (v/v) FBS (Hyclone), 100 units of penicillin per ml, and 0.1 mg 

streptomycin per ml.  293Ts were maintained in DMEM supplemented with 10% (v/v) FBS 

(Hyclone), 100 units of penicillin per ml, and 0.1 mg streptomycin per ml.  HMECs from a 

reduction mammoplasty were purchased from Lonza, immortalized with human telomerase, and 

maintained in MEGM (Lonza).  
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Virus Production 

The Standard LV production protocol is for virus production in 150 mm culture dish.  Virus 

production can be scaled down using the ratio of culture dish surface area as a conversion factor.  

Relative proportions of all reagents are maintained at any scale. 

Standard LV production protocol:  293T’s are seeded 24 hours before transfection at 1x107
 cells 

per 150 mm dish.  For transfection, plasmid DNA is diluted into reduced-serum medium (Opti-

MEM, Life Technologies) for a final volume of 3 ml.  18 ug each of target LV plasmid and a LV 

packaging plasmid mixture (1:1:1:1 of SV40 VSVG, Gag-Pol, Tat, and Rev) are added to Opti-

MEM.  108 ul of TransIT-293 reagent (Mirus) is added to diluted DNA, and mixture is vortexed 

to mix well, and incubated at room temperature for >20 min.  Note that the volume of TransIT-

293 is always equal to 3X the total mass of plasmid DNA in the mixture.  Following incubation, 

resulting lipid complexes are added dropwise to cells.  After 12-18 hours, transfection medium is 

removed and replaced with 15-20 ml of normal culture medium.  24-36 hours following medium 

replacement, viral supernatants are collected, aliquoted and stored at -80ͼC until further use. 

Modified LV production protocols:  

Protocol modifications depicted in Fig. 3.4A were all tested in 6-well plate format.  For this well 

size, cells are seeded 24 hours before transfection at 6x10
5
 cells per well. 

2X Wash: Following removal of transfection medium, 1 ml of PBS is slowly added to the wall of 

the well, and allowed to pass over the cells for several seconds.  PBS is then removed, and an 

additional wash performed in the same manner.  After removal of second wash, 2 ml normal 

culture medium is replaced. 
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Incomplete Transfection Removal: Morning after transfection, 10% (200 ul) of the transfection 

medium is left on the well.  An additional 1.8 ml normal culture medium is added for a final 

volume of 2 ml. 

Reduced Plasmid DNA Input: Where indicated, plasmid DNA amounts were reduced to the 

indicated percentage of the total.  In 6-well plate format, the standard transfection using 100% 

input DNA uses 1.125 ug LV plasmid and 1.125 ug packaging plasmids.  LV plasmid was 

always kept at a 1:1 ratio to the total mass of packaging plasmid mixture used.  TransIT-293 

reagent (Mirus cat # MIR 2700) was added at 3 ul for every 1 ug of transfected DNA.  

Transfections were otherwise performed per manufacturer’s instructions, as described above. 

Concentration: Ultrafiltration was performed with Amicon Ultra Centrifugal Filters (Merck 

Millipore catalog number: UFC810096), according to manufacturer’s instruction.  Lenti-X 

Concentrator (Clonetech) was used according to manufacturer’s instructions.  Recovered virus 

from both concentration methods was diluted to a final volume of 200 ul for a final relative 

concentration of 10X input.   

Benzonase Treatment 

LV supernatants were treated with Benzonase as described (348), using indicated units/ml of 

viral supernatant and Benzonase Buffer (500 mM Tris-HCl pH 8.0, 10 mM MgCl2, 1 mg/ml 

bovine serum albumin) at a final concentration of 1X.  The mixture was incubated for 30 minutes 

at 37ͼC following addition of Benzonase. LVs were then aliquoted and stored at -80ͼC until use. 

Library Construction 

3’ BC Library and TRE-ORF Library construction are described in Chapter 2. 
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pHAGE-ORF-PGKpuro-DEST-5’BC- Barcode Library and Mapping 

The 5’ barcodes were ordered from IDT as oligos, amplified by PCR and subcloned into 

pBluescript SKII (XhoI/NotI).  The barcodes were cut out of pBluescript SKII as AscI/NotI 

fragments and subcloned into same sites of pHAGE-ORF-PGKpuro-DEST to generate pHAGE-

ORF-PGKpuro-DEST Barcode Library (5’ Barcodes). 

The pHAGE-ORF-PGKpuro-DEST-5’BC Barcode Library (5’ Barcodes) was linearized with 

NcoI and gel purified.  LR reaction was performed on this library with human ORFeome v8.1 

clones assembled into 5 pools of approximately 3000 ORFs each.  This barcode library has an 

average complexity of 10 barcodes per gene.   

ORF-barcode fragments were isolated by AscI/I-CeuI digest and gel purified.  The DNA were 

sheared by sonication and size selected by gel to 350~550 bp, followed by end repairing, dA 

tailing and adaptor ligation.  After the ligation, fragments ranging 420~620 bp were gel purified 

and 2 steps PCR were performed to add appropriate sequences for pair-end sequencing by 

illumina. 

CMV promoter was cloned into pHAGE-ORF-PGKpuro-Barcode –V8 Library (5’ Barcodes) 

pools as pI-SceI/I-PpoI fragment.  The resulting library is pHAGE-V8-BC-CMV-ORF-Library 

(5’ Barcodes). 

qPCR 

Quantitative RT-PCR (qPCR) was performed in triplicate or quadruplicate using the Platinum 

Sybr Green Kit (Invitrogen) on an Applied Biosystems Fast 7500 machine.  Detection of 

combined gDNA and plasmid signal using CMV or PGK primers was performed using Relative 
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Quantitation (RQ) settings, and was normalized to total gDNA using primers targeting the 

GAPDH promoter as the endogenous control.  Detection of shRNA half-hairpins was performed 

in this same manner, using primers JH353F and HHR2L, with GAPDH promoter as the 

endogenous normalization control.  Detection of plasmid DNA ORI abundance was performed 

using Absolute Quantitation (AQ) settings using plasmid DNA standards.  Sequences of all 

primers used in this study can be found in Table 3.2   

Proliferation Screens 

Proliferation screens of the 5’BC and 3’BC libraries were performed as described in Chapter 2, 

except that doxycycline was not used, as these libraries were controlled by a constitutive 

promoter.  Accordingly, BC abundance in PD10 screen samples was normalized to BC 

representation in gDNA from cells harvested 2 days after LV infection.  shRNA screen depicted 

in Fig. 3.6 was performed as described (160).  The mock screen described in Fig. 3.7-8 was 

performed using U2OS cells, infected at MOI < 0.5.  Medium was replaced 24 hours after 

infection.  Initial normalization samples were harvested 3 days following infection, and cells 

were then selected with Puromycin (1.5 ug/ml).  Following selection, cells were seeded in the 

presence or absence of 1ug/ml doxycycline.  Library representation of an average of 200 copies 

of each shRNA was maintained at every passage.  Final screen samples were harvested after 10 

PDs in the presence (or absence) of dox.  gDNA was isolated as described in Chapter 2.  Half-

hairpin amplicons were recovered by PCR using primers JH353F and HHR2L (Table 3.2).  

Amplified half-hairpins were gel-purified and amplified by two additional rounds of PCR to add 

Ion Torrent adapter sequences, and sample index sequences.  Final PCR products were gel 

purified and prepared for sequencing Ion PGM sequencing using the Ion PGM Template OT2 

200 Kit (Life Technologies) according to manufacturer’s instruction.  Sequencing was performed 
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using the Ion PGM Sequencing 200 Kit v2 and the Ion 318 Chip Kit v2, according to 

manufacturer’s instructions.              

PCR Assay to detect ORF-BC Recombination 

For PCR assays to measure frequency of ORF-BC Recombination, 11 clones were picked at 

random from each ORF-BC library, and sequenced to identify individual ORF-BC pairs.  Clone 

plasmid DNA was transiently transfected into 293Ts individually, or pooled together for 

transfection, to produce LV.  hTERT-HMECs were transduced with individual or pooled LV, 

and stable integrants were selected with Puromycin (2ug/ml).  gDNA was isolated from each 

stable cell line.  PCR using primers targeting one of the 11 ORFs and a common region of the 

primer (Table 3.2) were used to amplify BCs from either the pooled LV-transduced gDNA or the 

combined gDNA from each of the individual LV-transduced cells.  PCR products were cloned 

using the pENTR/D-TOPO Cloning Kit Cloning kit (Life Tech K2400-20) and clones were 

sequenced to determine BC identity.     
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Table 3.2.  PCR and qPCR Primers used in this study 

Primer Name Primer Sequence (5’ – 3’) Experiment 

5pBC.KRTAP19-

7.ORF 

CCA CAT CCA CAG CTA TAG C 5’BC Recombination Test 

ORF.BC1.for CCAGTAGGTCCACTATGAGT 5’BC Recombination Test 

and screen BC PCR 

3pBC.MAX.ORF CAACCGAGGTTTCAATCTGC 3’BC Recombination Test 
ORF.BC1.rev CTAGTTCCGCTTACACAGCT 3’BC Recombination Test 

and screen BC PCR 

Amp F GCA AGA GCA ACT CGG TCG C Plasmid contamination qPCR 

Amp R CTC ATG GTT ATG GCA GCA CTG 

C 

Plasmid contamination qPCR 

ORI F CTG CCA GTG GCG ATA AGT CG Plasmid contamination qPCR 

ORI R TCA GTT CGG TGT AGG TCG 

TTCG 

Plasmid contamination qPCR 

GAPDH Promoter F ATC CAA GCG TGT AAG GGT CC qPCR Endogenous Control 

GAPDH Promoter R GGA CTG AGA TTG GCC CGA TG qPCR Endogenous Control 

Plasmid F1 ATG AGT ATT CAA CAT TTC CGT 

GTC GC 

Plasmid Contamination PCR 

Plasmid R1 GTG CTA CAG AGT TCT TGA AGT 

GGT G 

Plasmid Contamination PCR 

CMV F TGGCATTATGCCCAGTACATGAC

C 

Plasmid contamination qPCR 

CMV R CCATTGATGTACTGCCAAAACCG

C 

Plasmid contamination qPCR 

PGK F CAA CCG GCT CCG TTC TTT GG Plasmid contamination qPCR 

PGK R CAC GAG ACT AGT GAG ACG 

TGC TA 

Plasmid contamination qPCR 

JH353F TAGTGAAGCCACAGATGTA Plasmid contamination qPCR 

and mock screen shRNA 

PCR 

HHR2L ATGTATCAAAGAGATAGCAAGGT

ATTCAG 

Plasmid contamination qPCR 

and mock screen shRNA 

PCR 

CCND1 F GCTGTGCATCTACACCGACA qPCR 

CCND1 R TTGAGCTTGTTCACCAGGAG qPCR 
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Chapter 4: Conclusions and Perspectives 

 

With molecular biological inquiry in the twentieth century culminating in the complete 

enumeration of the human genome sequence, a major goal of research in the early twenty-first 

century is the functional annotation of the genetic features discovered therein.  With the genome 

sequences of thousands of human tumors currently available, the task of understanding the 

functional consequences of the structural alterations they carry is crucial for leveraging them into 

therapeutic opportunities.  Genetic screens are a critical tool for this pursuit.   

Genetic Screens for Functional Gene Characterization 

As described in Chapter 1, copy number alterations and gene dosage modulations are 

recurrent events in human cancer, often occurring early during tumor development and 

frequently resulting in gain or loss of known cancer drivers.  Their importance to tumorigenesis 

underscores the need to understand their biological impact.  The multi-genic composition of 

many CNAs impedes identification of the genes driving their selection, making them fertile 

territory for functional dissection through genetic screening.   

A common approach to functional characterization of cancer genomes has been RNAi 

screens performed in cancer cell lines (160, 175).  These studies have identified many genes 

whose encoded proteins may make potent drug targets, as their depletion is lethal to cancer cells.  

Furthermore, this approach enables dissection of the vulnerabilities inherent to specific genetic 

backgrounds through synthetic lethal screens (173).  However, recent work has shown that 

products of genes with increased copy number are inefficiently depleted with RNAi, hampering 

the effectiveness of this approach for identifying amplified drivers (181).  Furthermore, the 
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expression level of AGO2, a core component of the cellular RNAi machinery strongly correlates 

with effective discovery of known essential genes, indicating a source of variability and 

inefficiency in these screens.    

Thus, gain-of-function screens represent a parallel and potentially more efficient 

approach to the identification of driver genes from regions of focal amplification.  However, 

application of this approach has been infrequent based in part on the notion that the reagents 

available for conducting such screens are inferior to their loss-of-function counterparts (149).  

We have sought to address the relative dearth of gain-of-function screens by constructing two 

genome-scale libraries of sequence-verified human open reading frames (ORFs), each paired 

uniquely with DNA barcodes used to monitor their abundance in a pooled population.  We have 

demonstrated that screens performed with this library can efficiently detect cancer drivers.   

As previously noted, both gain-of-function and loss-of-function techniques are probably 

required to discover and characterize all relevant genes involved in a pathway or phenotype.  By 

comparing our BC-ORF library proliferation screen dataset to the results of a nearly identical 

screen performed in the same cell type using a genome-wide shRNA library, we are able to 

evaluate this hypothesis (42).  Indeed, we observe no significant overlap between the RNAi 

Class I GO genes and our overexpressed Class III GO genes, nor between Class I and Class III 

STOP genes (Table 4.1).  We do not believe that this is due to poor performance of either screen, 

as both datasets are significantly enriched for positive control genes.   

One explanation that can account for this difference is that not all genes exhibit 

phenotypes in response to dosage changes in both directions.  That gene knock-down can elicit a  
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Table 4.1.  Performance of GO and STOP gene sets identified by ORF and shRNA screens.  

Enrichment or depletion of indicated functional gene sets from Class III GO and STOP gene sets 

discovered by ORF library screens.  Class III GO and STOP gene lists are identified as the set of 

overexpressed genes with combined p-value < 0.01 for enrichment, or depletion, respectively.  

Class I GO and STOP genes are from a genome-wide shRNA screen for regulators of 

proliferation in HMECs performed in our laboratory (42).  Essential gene set contains highly 

conserved housekeeping genes (88). 

 Class III GO Genes Class III STOP Genes 

Gene Set observed expected 
% of 

expected 

p-

value 
observed expected 

% of 

expected 

p-

value 

Class I 

GO 
20 27.4 73.0% 0.948 70 74.9 93.4% 0.293 

Class I 

STOP 
32 33.7 95.1% 0.427 84 92.0 91.3% 0.832 

essential 7 12.2 57.5% 0.076 24 33.3 72.1% 0.046 

 

 

phenotype does not necessarily predict that overexpression of that gene will produce an equal 

and opposite phenotype, nor even any phenotype at all (145).  Essential genes are an example of 

a functional gene set that does not seem to exhibit binary phenotypic responses to dosage 

changes, according to these data.  We utilized a set of genes defined as essential based on their 

role in cellular housekeeping functions and their degree of conservation across species (88).  

These genes are significantly depleted from the Class III STOP genes, yet they are also 

substantially depleted from the overexpressed Class III GO gene set (Table 4.1).  Loss of 

function of essential genes, by definition, should have a phenotype – namely, lethality.  

However, as our results demonstrate, increasing the dosage of these genes does not necessarily 

promote growth.  This is consistent with the observation by Davoli et al., that chromosome and 

arm gain frequency was not associated with the genomic distribution of essential genes, though 

their distribution could partially predict copy number losses (88).  Overexpression of essential 

genes may even be deleterious, as they are likely to participate in multi-protein complexes, 
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which can be functionally disrupted by dosage changes (181).  As the Class I GO gene set is 

significantly enriched with essential genes, the two classes of GO genes actually contain 

different functional classes of genes, consistent with the relatively low overlap between the Class 

I and Class III GO gene sets.  

These results cement the notion that the function of all genes cannot be discovered by a 

single genetic approach.  As loss-of-function studies have already been broadly applied to human 

genetics, especially in the search for cancer driver genes, the gain-of-function screens presented 

in this dissertation represent a critical contribution to the genetic dissection of cancer genomes.       

As described in Chapter 1, recent discoveries have enabled leveraging of the bacterial 

acquired immunity system CRISPR for genome editing (236).  These systems offer the potential 

to manipulate the human genome with unprecedented penetrance, efficiently producing 

homozygous null mutations in the genes against which they are targeted.  Additionally, they 

provide the opportunity to study gain-of-function, through the clever pairing of catalytically 

inactive versions of the Cas9 enzyme with transcriptional activation domains (209).  By targeting 

this Cas9 activation complex precisely to transcriptional start regions using guide RNAs, gain-

of-function phenotypes can be studied.  Indeed, a genome-wide screen using this system, termed 

CRISPRa, has been performed (210). 

CRISPR offers great promise to the goal of functional characterization of the normal and 

cancer human genomes.  By expressing genes from endogenous loci, CRISPRa enables the study 

of all possible transcripts produced from a gene.  While multiple isoforms of many genes are 

present in ORF libraries, comprehensive coverage of all such transcripts will be an immense 

challenge.  Conversely, the potential variation in function between transcripts from the same 
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gene may impede detection of some phenotypes, especially if artificial transcriptional activation 

alters the endogenous regulatory mechanisms that control expression of different isoforms.  As 

no single technology is likely to saturate functional characterization of all genes, pairing results 

from CRISPR-based screens to those from other screening techniques will likely be a valuable 

approach to generating a comprehensive functional catalogue.   

The advent of CRISPR has already ushered in an onslaught of new screens, and this trend 

is likely to continue.  However, as the work described in Chapter 3 demonstrates, screens 

conducted with any of these systems, many of which utilize lentiviral-mediated gene transfer for 

library delivery, must be designed with caution and care, in order to avoid the potential pitfalls 

and errors associated with library virus production.  During the library design phase, special 

attention must be paid to the arrangement of unique library elements, which can recombine 

during reverse transcription of the viral genome.  This is especially important as the compact size 

of CRISPR guide RNAs may make them ideal for combinatorial library design, to enhance 

efficiency or study synthetic genetic interactions.  Combinatorial strategies have been applied to 

RNAi screen design, and are likely to be broadly applied to other screening approaches as well 

(371).  Additionally, our results have shown that the composition of reference samples used to 

determine initial library abundance in genetic screens can greatly impact their outcome.  Unequal 

template abundance between reference and screen samples, due to plasmid contamination of 

viral supernatants, can cause inaccuracies in measurements of fold change, and can result in bias 

correlating with GC-richness of library elements.  As new and powerful technologies like 

CRISPR reinvigorate screening efforts, careful consideration of potential errors will allow 

genetic screens to reach their maximum potential. 
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Even as novel techniques for gain-of-function studies emerge, we believe our libraries 

can serve as a valuable resource for discovering gene function.  In combination, over 15,500 

genes are represented by at least one ORF in our libraries, providing substantial coverage of the 

known coding regions in the human genome.  The internal measure of reproducibility provided 

by the barcodes enables increased confidence in screen candidates, minimizing time spent 

performing tedious verification experiments.  While currently, our data analysis pipeline 

collapses the data from each BC into a single measurement for each ORF, the sensitivity of our 

screens may be improved by developing a method to consider BC performance independently.  

One concern with such a method is that it might bias results against ORFs with fewer BCs, 

considering them less confident.  While it is true that reproducibility of a phenotype across a 

large number of BCs increases confidence in that result, the number of BCs paired with each 

ORF is a product of stochastic variation and does not in and of itself reflect any property of the 

ORF, so a method that does not systematically undervalue ORFs with few BCs would be ideal.   

As collections of sequence-verified ORFs improve, libraries that contain true genome-

wide coverage can be generated.  Our current libraries are missing several thousand genes, and 

when all possible isoforms encoded by those genes are considered, there are many ORFs lacking 

from the collection.  Furthermore, though reportedly “sequence-verified”, these collections 

contain a substantial number of mutations and truncations, some of which have considerable 

phenotypic consequence.  For example, the strong enrichment of TP53 observed in both of our 

libraries was surprising, until we discovered that the ORFs encoding the TP53 gene were in fact 

dominant negative mutant isoforms.  As higher quality and more extensive ORF collections 

become available, use of our Barcoding pipeline will continue to enable facile, quantitative 

screening of them.   
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Our Barcoded ORF libraries can be broadly applied to address a wide range of questions.  

As they can be delivered to cells via lentivirus, enabling transduction of most cells, we are 

interested to investigate the control of proliferation across a variety of cell types.  We plan to 

screen our ORF libraries for GO and STOP genes in pancreatic epithelial cells and in human 

lung fibroblasts, and to investigate whether profiles of proliferation vary between different cell 

types within the epithelial lineage or between different cell lineages (373, 374).  For example, as 

described in Chapter 2, the dramatic growth-promoting potential of the Keratin Associated 

Proteins (KRTAP) in HMECs may relate to the shared lineage of mammary epithelial cells and 

epidermal cells.  Whether this unexpected finding applies more broadly across tissue types or 

reflects lineage-specific biological networks of proliferation may shed light on the mechanism of 

KRTAP function.  Conversely, perhaps other similarly unexpected pathways and families will 

emerge that are unique to each cell type/lineage we test.  Only through unbiased genetic screens 

can this question be addressed. 

An additional attractive application of the BC-ORF libraries described in this study is 

overexpression screening to identify drug targets and shed light on their mechanism of action.  

Furthermore, overexpression screens can identify factors other than the target whose increased 

dosage mediates drug resistance.  To perform such screens, a cancer cell line that exhibits drug 

sensitivity can be transduced with our BC-ORF libraries, and then treated with the appropriate 

dose of the inhibitor, killing all cells except those that acquired resistance due to overexpression 

of the target or of an ORF that modulates responsiveness.  As these conditions will result in a 

stringent selection, killing the majority of cells, the presence of multiple BCs for each ORF will 

provide an immediate indication of the reproducibility of candidates, as ORFs for which several 

BCs show evidence of resistance are very likely to be true hits.  These types of screens are 
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critical for improving cancer therapy, as most targeted therapies can encounter resistance.  This 

method has been employed for several decades following the observation that overexpression of 

drug targets can convey drug resistance in a wide variety of cell types (375, 376).  A landmark 

study leveraged this knowledge to perform overexpression screens using a yeast genomic DNA 

library for genes that mediated resistance to several drugs, establishing an important paradigm 

(377).  This approach continues to shed light on important drug resistance mechanisms, as in a 

recent ORF screen in human cells which identified factors mediating resistance to several 

chemotherapeutics (155).  By carefully studying overexpressed genes that promote resistance in 

concordance with the genomic changes that drive resistance, the responsible genes and pathways 

can be identified. 

Myriad additional applications of our BC-ORF libraries exist, and we are certain that this 

resource will enable important biological discoveries.  Functional gene characterization 

facilitated by high quality screening reagents, including the libraries described herein will play 

an integral role in unlocking the mysteries of the cancer genome. 

Gene Dosage in Human Biology and Cancer 

As discussed above, CNAs represent an especially challenging feature of cancer 

genomes, as the genes responsible for their selective potential are seldom immediately 

identifiable.  CNAs can also affect proximal or distal regulatory regions, thereby exerting a 

potentially farther-reaching influence on protein levels in the cell (378).  Additionally, recurrent 

patterns of epigenetic alteration have been identified in tumors (379, 380).  Recurrent mutations 

in epigenetic regulators further implicate these mechanisms as a driving force in cancer evolution 

(381).  Along with CNAs, epigenetic modifications are an additional and notably, reversible 
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method for altering transcription levels of broad sets of genes.  The variety of methods for 

altering gene dosage in cancer demonstrates the central role of overexpression in driving 

tumorigenesis.   

The abundance of recurrent CNAs in human tumors is just one example of the exquisite 

sensitivity of human cells to gene dosage.  While it is quite intuitive that loss of one or both 

copies of a gene can result in a phenotype, it is not necessarily obvious that effects can result 

from the presence of additional copies of genes.  However, study of human genetics has 

demonstrated this to be the case.  Nearly all meiotic nondisjunction events that result in zygotes 

with too few or too many chromosomes result in embryonic lethality.  The notable exceptions, 

including Down’s syndrome (trisomy 21), Klinefelter Syndrome (47,XXY), and Turner 

Syndrome (45,X) each involve a missing or extra copy of a single chromosome.  While not fatal, 

the phenotypic consequences of such dosage changes are substantial.  Intriguingly, individuals 

with these chromosomal syndromes often exhibit variation in the risk of some cancers.  

Individuals with Down’s syndrome have a risk of solid tumors decreased by about 50% relative 

to the general population (382).  Conversely though, they suffer from an increased risk of 

leukemia.  Patients with Klinefeleter syndrome exhibit higher mortality from lung cancer and 

breast cancer, among other subtypes, and individuals with Turner syndrome similarly exhibit 

increased risk for multiple cancer types (383, 384).  While changes in risk of some cancers in 

individuals with Klinefelter’s or Turner’s syndrome may also be affected by the hormonal 

therapies with which these patients are treated (384), these observations nonetheless suggest that 

inherited copy number alterations can impact tumorigenesis just as somatic CNAs do.  While 

these cases describe gross chromosomal abnormalities, recent tumor sequencing efforts have also 
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uncovered patients and families harboring rare, pathogenic germline focal CNAs which 

predispose them to cancer (378, 385).  

It is not entirely clear whether modulation of gene dosage effects changes due to 

increased absolute levels of the encoded proteins or due to their dis-proportionate abundance 

relative to the rest of the proteome, and the subsequent stoichiometric disturbances this can 

cause.  It is likely that both mechanisms can impact phenotypes, depending on the gene of 

interest.  The frequently observed amplification of genes encoding RTKs and other molecules 

that increase cell sensitivity to growth factors in cancers demonstrates the potential impact of 

increasing overall protein abundance.  Conversely, altering the relative ratio of proteins involved 

in mutli-component complexes can affect the formation of those complexes, resulting in 

unexpected, and sometimes misleading phenotypes.  An early example of such an effect was the 

study of overexpression of either one of the paired histone proteins H2A and H2B in yeast (386).  

Overexpression of one or the other subunit resulted in increased chromosome loss, likely due to 

decreased fidelity in segregation.  However, over-production of both proteins simultaneously 

caused no deleterious effect.  The mechanisms of overexpression phenotypes will likely vary 

among genes (145).   

Our results, together with other work from our laboratory (42, 88), demonstrate that the 

specific modulation of the dosage of growth promoting genes (GO genes) and growth 

suppressing genes (STOP genes) is a common feature of cancer cells.  We show that 

overexpressed Class III GO genes are preferentially found in regions that are significantly 

focally amplified in human cancers.  Similarly, in concordance with previous work from our 

laboratory, we show that Class III STOP genes are over-represented within regions of focal 

deletion in cancer (42).  As many of the recurrent focal deletions observed in cancer are 
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hemizygous, the selective benefit provided by loss of a single copy of STOP genes further 

underscores the dosage sensitivity of human cells.  

We also observe that our set of Class III STOP genes is selectively excluded from peak 

regions of focal amplification in human breast cancer.  This finding further demonstrates the 

sensitivity of cells to gene dosage changes in both directions, at least for the important functional 

class of genes represented by the STOP genes.  STOP genes are not only selectively deleted in 

cancer, but they are also amplified less frequently than expected, suggesting that CNA patterns 

are optimized to maximize the copy number of pro-proliferative genes and minimize the dosage 

of anti-proliferative ones, consistent with the observations of Davoli et al (88). 

We did not observe significant exclusion of Class III GO genes from focal deletion 

regions in cancer genomes, in contrast to the behavior of Class I GO genes defined by RNAi (42) 

or the mutational-signature predicted Class II GO genes (88).  In the case of overexpressed Class 

III GO genes, there may not be strong selective pressure to actively avoid their deletion, as loss 

of one growth-promoting gene can be complemented by the activity of another in the same 

pathway, or through distinct pro-proliferative mechanisms.  It is likely that only a handful of 

oncogenic growth enhancing pathways must be activated for carcinogenesis so that any single 

pathway is unlikely to be strictly necessary.  Thus, while it would be expected that over-

production of an anti-growth STOP gene is likely to be deleterious to growth, or at least to 

diminish the benefit of the amplification as we have observed, loss of a GO gene through 

deletion may not hamper growth.  Furthermore, considering the many possible consequences of 

overexpression, it is likely the Class III GO gene set contains genes that promote proliferation by 

acting in a dominant negative manner and the loss of function of these genes may have a similar 
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effect to over-production.  Finally, not all GO genes will be haploinsufficient, and since loss of 

the second allele is unlikely to be selected, loss of a single copy may not have any phenotype.     

Although the Class I GO genes discovered by RNAi-mediated protein depletion were 

excluded from focal deletions, there is an important distinction between these two classes of GO 

genes (42).  Class I GO genes include a mixture of bona fide regulators of proliferation and 

genes whose respective knockdown is deleterious for any other reason – as is the case for 

essential genes.   Essential genes are indeed enriched among Class I GO genes, as would be 

expected.  However, essential genes are not enriched among the overexpressed Class III GO 

genes (Table 4.1).  Thus, the exclusion of Class I GO genes from peaks of focal deletion may be 

driven in large part by the essential genes included within that gene set.  In some ways, the Class 

I GO gene set is analogous to the Class III STOP genes; both consist of the genes that deplete 

throughout the course of each screen, an outcome which can occur both specifically or non-

specifically with respect to proliferation.  In the RNAi proliferation screen, as in the ORF screens 

reported in this study, more genes deplete from the screens overall than enrich.  This difference 

is probably reflective of the additional contribution of non-specific toxicity to the depleted gene 

sets, while enriched genes will primarily become over-represented through specific modulation 

of the pathway/phenotype of interest. 

The significant intersection between regions of recurrent CNA in cancer and the various 

classes of functional GO and STOP genes reinforces the importance of modulation of gene 

dosage as a driving force in human cancer.  Continued dissection of the effects of gene dosage 

changes in cancer is likely to result in the discovery of novel opportunities for therapeutic 

intervention. 
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Future Directions: Functional Categorization of GO Genes 

 

 In this dissertation, we report several sets of candidate genes whose overexpression 

promotes proliferation, and demonstrate that these Class III GO genes are enriched with known 

and putative cancer drivers.  We similarly identify Class III STOP genes whose overproduction 

restricts growth, and demonstrate the inclusion of many tumor suppressors in this class.  The 

next step for this project is the characterization of the functional pathways through which these 

regulators act.  To this end, we have constructed candidate gene sublibraries containing 

approximately 300 top GO genes, 150 top STOP genes and 50 neutral ORFs, each uniquely 

barcoded.  We can begin to classify the functions of these candidates through epistasis screens 

using sensitized cell lines.  We are currently generating rtTA HMECs with homozygous null 

mutations of key tumor suppressors p53 and Rb.  Using these lines, we can assess the 

proliferative potential of our candidate ORFs in specific genetic backgrounds.  ORFs that 

function to promote (or restrict) the G1/S transition will fail to produce a proliferation phenotype 

when overexpressed in Rb-null cells, as these cells no longer regulate their restriction point.  

Similarly, ORFs that function through modulation of p53 activity will fail to promote 

proliferation in its absence.  We are also interested in determining whether some of our GO 

genes promote growth through modulation of the activity of Myc family members, as they 

unsurprisingly comprise some of our most potent GO genes.  Screens performed in mouse 

embryonic fibroblasts (MEFs) isolated from a mouse in which the endogenous c-Myc locus has 

been engineered to encode a GFP-Myc fusion protein could be used for this purpose (387).  

Following transduction with ORF libraries, cell expressing the highest GFP levels, indicating 
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induction or stabilization of c-Myc, could be sorted by FACS, and the most abundant ORFs in 

the high-GFP cells identified by sequencing the associated BCs. 

 Though many intriguing novel candidates are present among our top GO genes, we 

rediscovered many known strong regulators of proliferation, especially Myc family members and 

regulators of the G1/S transition, as described above.  These results confirm that these genes are 

among the most potent individual genetic targets for increased proliferation.  However, human 

tumors generally harbor several alterations, including multiple regions of amplification and 

possibly multiple activating mutations in likely oncogenes (88).  We are thus interested to 

determine whether the proliferation rates resulting from overexpression of Myc, CCND1, or 

CDK4/6 represent the maximal growth rates of HMECs, or whether proliferation could be 

enhanced even further, through additive or synergistic effects of multiple genetic aberrations.  As 

several cancer cell lines exhibit doubling times as low as 13-16 hours (388), while hTERT 

HMECs require 30-36 hours to progress through the cell cycle, we suspect that further 

improvements can indeed be made.  An interesting approach to test this would be to utilize our 

candidate sublibrary of high confidence GO genes to super-infect cells such that each cell would 

overexpress several ORFs simultaneously.  Clones exhibiting the highest proliferation rates 

could be isolated and the responsible ORFs identified.  Through this approach, we could identify 

combinations that incrementally inch HMEC proliferation toward the rates observed by cancer 

cells through additive or synergistic effects.  Perhaps even more intriguingly, we could even 

investigate whether any combinations of GO genes exist which can further decrease the doubling 

time of some of the fastest growing human cells, like HeLa or 293T cells.  A more thorough 

understanding of the dynamic interactions between genetically altered loci in cancer cells may 
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provide hints as to inhibitors, or combinations of inhibitors that could maximally impede cancer 

cell division.   

 Finally, to enhance our confidence in our candidate GO genes as drivers of tumorigenesis 

in vivo, we would like to investigate their growth-promoting potential using mouse models.  We 

plan to infect our candidate GO gene sublibrary into breast cancer cell lines that form small, 

slow-growing tumors when implanted into the cleared mammary fat pads of mice, such as MDA-

MB-468s (389).  Resulting tumors can be isolated and BC abundance quantified, enabling 

identification of the GO genes which prominently promote enhanced proliferation in vivo, as 

well as in vitro.  Importantly, inclusion of a set of neutral genes in this pooled experiment should 

allow us to directly compare the growth potential of GO genes in tumors to the basal growth rate 

of the cell lines utilized.  Even in cases of extreme bottle-necking which could result from the 

complex selective pressures of the in vivo growth environment, the presence of multiple 

barcodes paired to each ORF should enable reliable identification of truly growth-enhancing GO 

genes.   

 Our barcoded-ORF expression systems have enabled the identification of many candidate 

cancer drivers through proliferation screens.  These expression systems can now be employed to 

dissect the molecular functions, synthetic interactions and in vivo proliferative potential of these 

candidates.  GO genes that demonstrate broadly applicable growth enhancement will be 

promising potential therapeutic targets in the treatment of human cancer. 
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Appendix 1: Supplementary Tables 

 

All Supplementary Tables can be found in the accompanying digital supplement stored on the 

USB drive. 

Table S1a. Results of Proliferation Screen for Clones in Library 1 

Table S1b. Results of Proliferation Screen for Clones in Library 2  

Table S2. Combined p-values for enrichment and depletion of all unique genes in Library 1 or 2 

Table S3. Results of Amplified ORF Sublibrary Screens for Proliferation, clonogenic growth, 

GF restriction, and performance of each gene in genome scale screens 

Table S4. High Confidence Candidate Amplified Drivers.  Selected results from Table S3 for 

genes that scored in either Clonogenic Screen or GF Restriction Screen and at least one 

additional screen 

Table S5. Cancer Gene, Amplified, and Deleted Gene Lists.  These gene lists were used for the 

intersections with Class III GO and STOP genes described in Figures 2.10 – 2.12. 

 

 

 

  



161 

 

Appendix 2: An ORFeome Screen for Regulators of Proliferation 

Using Custom Microarray Deconvolution 

 

A major goal of cancer research is the identification of genes whose alterations provide a 

driving force towards tumorigenesis.  The recent availability of large-scale datasets of somatic 

copy number alterations (SCNA) and mutations in a variety of cancers has highlighted the 

extreme degree of genomic instability exhibited by these cells.  The large extent of genomic 

alterations in cancer has limited the utility of these datasets in distinguishing driver mutations 

from the myriad passengers.  Furthermore, a recent analysis of the mutational spectra of 8200 

tumors suggested that many cancer drivers have yet to be identified (88).     

Both mutations and SCNAs have the potential to provide important selective advantages 

to cancer cells.  However, studies of frequently recurring SCNAs identify both amplification and 

deletion events that cannot be explained the presence of a known driver gene.   A recent study 

from our lab has demonstrated the utility of the proliferation phenotype for identification of 

putative tumor suppressors localized to recurrent deletions (42). Furthermore, this work suggests 

that many regions of focal SCNA are likely to contain multiple target drivers.  In an effort to 

further investigate this effect, and to continue in the identification of novel cancer drivers, we 

have performed a genetic screen using the human ORFeome v5.1.  In identifying novel 

regulators of proliferation we have also discovered a significantly enriched set of genes 

recurrently amplified in breast cancer. 

To identify novel regulators of proliferation we choose to carry out a genetic screen of 

the human ORFeome v5.1 collection, containing 15,483 ORFs corresponding to 12,794 unique 
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genes (151).  In hopes of finding ORFs that may be functionally relevant to the progression from 

a normal epithelial cell to a tumor cell, we elected to conduct the screen in Human Mammary 

Epithelial Cells (HMECs) which have been immortalized by exogenous hTERT expression, and 

have silenced expression of the tumor suppressor p16, but are otherwise unperturbed, and are not 

transformed.  To carry out the screen, ORFs were cloned using Gateway cloning (Life 

Technologies) into the pHAGE-TREx-DEST vector, a lentiviral vector that drives strong 

constitutive ORF expression from a CMV promoter (Fig. 5.1 A).  Once cloned, these ORF 

expression constructs were packaged into lentiviruses and HMECs were infected with library 

virus at a multiplicity of infection (MOI) of 1.0, with 1000 copies of each unique virus.  The 

infections were done in triplicate, and following 3 days of selection with Puromycin (2ug/ml), a 

portion of cells were harvested, and the remainder of cells were passaged for 10 population 

doublings (PD) (Fig. 5.1 B).  Genomic DNA was collected from start and end samples for each 

replicate and ORFs were PCR-recovered, in vitro transcribed and labeled with Cy3 or Cy5.  

Labeled start and end samples were then competitively hybridized onto two Agilent microarrays, 

containing custom-designed probe sets of either 25 base or 60 base oligonucleotide length.  The 

use of two independent probe-sets should help minimize noise due to cross-hybridization or 

other signal issues.  We computed a log2 ratio of the fold enrichment (end signal over start 

signal) to compare ORF performance during the screen.   In assessing the distribution of log2 

ratios of end to start signals, we see efficient identification of ORFs that both increase and 

decrease proliferation (Fig. 5.1 C).  A comparison of the mean Log2FC for each ORF as detected 

by the two different microarray probe sets revealed that many ORFs that suffered from poor 

signal to noise ratio in one probe set were able to be detected in the other (Fig. 5.1 D).  Based on 

this observation, we were interested in the set of ORFs within the top 10% of Log2FC-rank  
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ordered ORFs as detected by either microarray probe set.  We identified 2101 ORFs that were 

within the top 10% in at least one probe set.   

Within this set, we discovered many well-characterized regulators of proliferation (Fig. 

5.2 B).  Many known members of the growth factor receptor signaling cascade scored within our 

top 10%, as well as many regulators of the G1/S transition.  Notably, CCND1 had the largest 

fold change as measured by the 25mer probe set.  Conversely, know negative regulators of this 

transition (CDK inhibitors) were found to be depleted throughout the course of our screen.  

Furthermore, Ingenuity Pathway Analysis revealed significant enrichment of genes associated 

with cell cycle progression (p=4.84x10
-5

), proliferation (p=1.78x10
-4

), and importantly, cancer 

(p=2.84x10
-10

).  The rediscovery of known players in cell cycle and proliferation control 

suggests that novel regulators are likely to be identified within our dataset. 

To identify these bona fide regulators of proliferation among our screen hits, we 

independently experimentally validated 91 of the top candidates identified by each microarray 

probe set.  We performed a multi-color competition assay (MCA) in which cells expressing 

candidate ORFs or empty vector are seeded at a 1:1 ratio with cells expressing GFP (390).  The 

proportion of GFP-positive cells is monitored over time, and ORFs that promote proliferation 

will out-compete GFP-positive cells.  In a test of 91 candidate ORFs, we found that 31 (about 

34%) promote significantly increased cellular proliferation (Fig 5.2 A). 

We next compared our list of proliferation regulators with genes found within recurrent 

peaks of focal amplification in cancers.  Identification of driver genes within these focal peaks of 

amplification remains an important goal of cancer genomics, as approximately 60% percent of  
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peaks do not contain any genes currently known to function in tumorigenesis (102).  

Furthermore, the mean number of genes within peaks lacking a known driver is significantly 

higher than the mean gene number for peaks whose likely target has been identified (29.8 and 

12.3 respectively, p=0.026, data from pan-cancer peak analysis in (102)).  This observation 

supports the emerging theory that many focal SCNAs in cancer are likely to contain multiple 

driver genes.  The Cancer Gene Island Model proposes that contiguous genetic alterations 

provide additive selective advantage and contribute to cancer.  This model was previously 

demonstrated to explain recurring focal deletions (42).  We find that within recurrent focal 

amplifications in breast cancers, our gene set is significantly enriched (p=0.0006) (Fig 5.2 C).  

Thus, we provide evidence that the Cancer Gene Island model can also explain focal 

amplifications in cancer, and accordingly term our gene set as GO genes, or growth-promoting 

genes and oncogenes.  The distribution of GO genes and STOP genes across chromosomes thus 

provides an explanation for the selection of high frequency SCNAs in cancer (42, 88). 

Importantly the enrichment of amplified genes within our GO gene set persists if we use 

a cutoff of 5%, rather than 10% (p=0.0194), demonstrating that the robustness of the effect 

regardless of arbitrary cutoffs (Fig 5.2 C).  We looked for further confirmation of this result by 

testing the set of genes found within recurrently amplified peaks in breast cancer as identified 

from an independent dataset using an updated algorithm (103).  We again observe a significant 

enrichment (28% within the top 10%, p=0.0389; 52% within the top 5%, p=0.111) of amplified 

genes within our GO gene set. 
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Appendix 3: Comparing Library Performance in heterogeneous and 

clonal rtTA-expressing HMECs 

 

The BC-ORF libraries described in this dissertation can be expressed under the control of 

the inducible TRE promoter.  To control expression, an exogenous source of the reverse 

tetracycline transactivator protein (rtTA) is also required.  We generated an additional construct 

to supply this expression to our cells in trans, so as not to reach the lentiviral packaging limits for 

the larger ORFs in our library, and risk diminishing their titers (Fig. 2.1 B) (355).  As described 

in Chapter 2, we tested the consistency of induction across a population of cells stably infected 

with this rtTA construct at an approximate MOI of 1 (Fig. 2.2 A, B) (henceforth referred to as 

MOI1 cells).  We also isolated clones from this infected population, and tested induction in 

several lines derived from these clones (Fig. 2.2 A, B).  We observed that a much higher 

percentage of cells in some of the clonal lines (>95%) induced expression of EGFP from the 

TRE promoter in the presence of 100 ng/ml doxycycline (dox) than did MOI1 cells (75% 

induction).   Based on this observation, we elected to perform our screens in one of these clonal 

lines clone 1-9. 

However, we wondered how substantially this difference in consistency of induction 

would actually affect our screen results.  As we hope to utilize our library in a variety of cell 

lines and conditions, the ability to obtain reliable results from heterogeneously infected cell lines 

would save the labor-intensive steps of isolating and testing clones for each new cell type.  To 

determine whether we could recover similar results with a heterogeneously infected cell line, we 

performed proliferation screens using our sublibrary of amplified ORFs (described in Chapter 2) 

in both MOI1 cells and 1-9 cells.  Screens were performed in triplicate, as described for the 
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genome-scale BC-ORF screens in Chapter 2.  Cells passaged 10 population doublings (PDs) in 

the absence of dox were used as a reference.   

For each cell line, we computed the Log2 fold change ratio (Log2FC) for each ORF 

within each of our three replicates.  We then assessed the correlation between the Log2FCs 

computed for each replicate, as this should indicate whether the signals of ORFs that enrich or 

dropout will be detected reproducibly despite the presence of background noise due to a 

population of uninduced cells.  We observe very poor correlation between replicates of the MOI1 

cells (r<0.3) (Fig. 6.1 A).  In contrast, replicates of the 1-9 cells correlate nicely (r>0.6), with few 

cases in which an ORF enriches in one replicate but depletes in another (Fig. 6.1 B).  The 

correlation coefficients observed in the 1-9 screen are similar to the correlations between 

replicates of the genome scale screens (data not shown).  Furthermore, the dynamic range of the 

MOI1 screen is compressed, relative to the 1-9 screen, with the majority of hits in each replicate 

exhibiting Log2FCs between -1 and 1 (Fig. 6.1 A).  A broader range of enrichments and 

depletions is observed in the 1-9 screen, indicating improved sensitivity.    

We next computed the average Log2FC for each ORF across the three replicates of each 

screen, and compared the performance of each ORF in the MOI1 screen and the 1-9 screen (Fig. 

6.1 C).  Interestingly, the averages of each screen correlated with one another more strongly than 

the replicates of the MOI1 screen correlated with one another.   This suggests that by taking an 

average of three replicates, the apparent noise of these replicates is somewhat diminished.  

However, when we compared the performance of the sublibrary ORFs in each cell line to those 

same ORFs from the genome-scale screen, the 1-9 sublibrary screen correlated considerably 

better than the MOI1 screen (Fig. 6.1 C).    
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Overall the MOI1 screen identified 65 ORFs that significantly enriched over 10 PD, 

based on analysis using edgeR (262) (Fig. 6.1 D).  The same screen in the 1-9 cells identified 

108 significantly enriched genes, substantially more, suggesting that it was indeed more sensitive 

and reliable.  Furthermore, nearly 50 (43.5%) of those were also found as GO genes by the 

genome-scale screen, based on the combined enrichment p-value from Library 1 and 2 

(Supplementary Table 2).  Conversely, only 23 (35%) of the growth-promoting genes discovered 

by the MOI1 screen were GO genes from the genome-scale screen, and the vast majority of these 

were also re-discovered by the 1-9 screen.  

These data suggest that using a heterogeneously infected population of rtTA-expressing 

cells is likely to identify only the most potent candidate genes for a given phenotype, if the 

average performance in three replicates is considered.  Thus, while such a system may be 

amenable for strong selections, it may lack the sensitivity necessary to profile the spectrum of 

potent and moderate proliferation phenotypes exhibited by our ORF libraries.  Therefore, we 

considered only the results of the 1-9 amplified ORF sublibrary proliferation screen in compiling 

our list of high-confidence candidate amplified drivers (Supplementary Table 4).   

Isolating and testing individual clones is not only time-consuming, but may also limit the 

biological significance of obtained results as clones fail to capture the genetic heterogeneity 

inherent in cultured cells.  This would be even more relevant for screens using genomically 

unstable cancer cell lines, which are likely to be substantially more heterogeneous than HMECs.  

One possible way to improve sensitivity and reproducibility of a heterogeneously infected cell 

line would be to FACS sort a population of cells population of cells exhibiting good 

responsiveness to dox.  Infecting cells with a construct such as pInducer20 (258) driving 

inducible expression of a fluorescent protein would allow isolation of cells that robustly induce 
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expression.  Through ping-pong sorting (391), clones with high leakiness that may be 

erroneously included through this method could be eliminated.  The resulting population should 

exhibit minimal basal expression and high inducibility, just as observed with our clone.  We are 

currently testing this approach to generation of cell lines for screening with barcoded-ORF 

libraries.    
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