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Abstract
Gene interference screens are a widely adopted and popular tool for uncovering gene
function but imperfections in the technology limit the power of these investigations. There
are many completed and on-going RNAi investigations across a multitude of biological systems because these experiments are scalable, cost-effective, and relatively easily adapted
to multiple experimental environments. The most influential disadvantage is that many of
the individual reagents are non-specific and interfere with genes other than the intended
target. Efforts to improve limitations in RNAi have focused on statistical models and improv-

ing reagents, yet have not explored using biological context to select gene targets. This
thesis uses network modeling and data integration to provide context for gene interference
studies, and demonstrates the utility of this approach in two systems:
Acute Lymphoblastic Leukemia (ALL) is a disease of undifferentiated B-cells that results from accumulation of genetic lesions, yet we have an incomplete understanding of all
genes contributing to the disease and how they interact. To discover genetic mediators of
this disease, we employ a genome-scale shRNA screen, and complement this data with
differential mRNA expression and ChIP-seq data using network integration. The integrated
model identifies processes not represented in any input set and predicts novel genes contributing to disease. We specifically validate the role of Wwpl as a tumor suppressor in
ALL.
Aberrant growth factor pathway activity drives cancer pathology and is the target of
molecular cancer therapies. Specifically, the epidermal growth factor receptor (EFGR)
pathway and its ligand, transforming growth factor alpha (TGFo) are clinically relevant to
gastric cancer. We use an shRNA screen and Prize Collecting Steiner Forest (PCSF) algorithm to discover the pathway regulating TGF shedding. This pathway identifies common
regulators of TGFa shedding and NFxB regulation, yet targeting NFxB and the EGFR pathway has thus far been unsuccessful in cancer therapies. Our network identifies IRAK1 as
a viable path forward for modulating both TGFL and NFxB in gastric cancer.
Thesis Supervisor: Douglas A. Lauffenburger
Title: Ford Professor of Bioengineering
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Part I

Introduction
Gene interference technology and the advent of high-throughput functional
genomics
The ability to modulate gene function is central to pursuing many biological hypotheses.
Before the 1990s, classical genetic approaches depended upon the creation of mutated
organisms (e.g. plants, mice, yeast) to test gene function. The time required to test gene
function was enormous compared to modern methods, and this greatly limited the number
of genes tested and the number of contexts in which one could interrogate gene function. Fire and Mello's discovery of RNA-interference (RNAi) [99] drastically changed this
landscape by removing the need to create individual mutant organisms. By mimicking the
dsRNAs of invading pathogens, the technology manipulated the cell's inherent ability to
recognize and silence dsRNA sequences. Cells can process these dsRNA sequences
in a way that selectively binds, and degrades existing mRNA sequences that are complimentary to the original dsRNA. Coupled with oligonucleotide synthesis technology, it was
relatively fast and easy to make these dsRNA reagents. Further, because the dsRNAs selectively degraded complimentary sequences, one could target any gene by designing the
dsRNA to match a gene of interest. Finally, RNAi enabled manipulation of gene function in
living systems ad hoc and could be applied to many conditions, treatments, etc.
Nowadays, RNA-interference (RNAi) is just one tool among many functional genomic
technologies that enable the modulation of gene function. Other technologies include TALENS, CRISPR, and many varieties of RNAi (shRNAs, siRNAs, esiRNAs). All of these
technologies aimed to improve gene knockdown and used different techniques to reach
this goal. shRNAs and siRNAs differ in the chemical structure of the dsRNA, esiRNAs
undergo an enzymatic pre-processing before introduction into the cell, and TALENS and
CRISPR rely on distinct enzymatic processes for gene processing. For biologists, this
expanded tool set was an exciting addition to the artillery available for interrogating the
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cell. With an experimental assay for a phenotype of interest, scientists could use RNAi to

uncover the contribution of a gene of interest to many biological processes.
In the age of high-throughput biological sciences, gene-interference technologies have
moved to screening platforms where many genes can be tested in tandem. Several examples of RNAi screens highlight the types of biological questions enabled by this technology:
the Broad Achilles project used genome wide RNAi screens in over 100 cancer cell lines
to systematically identify essential genes, and compare these effects across multiple cancer types[89]. Meacham et al adapted a genome-scale screen to test genetic mediators
of lymphoma in vivo[92]. Further applications include using RNAi to identify genes that

affect homologous recombination [1], searching for genes that exhibit synthetic lethality
with KRAS mutations[130], and identifying genes that regulate ectodomain shedding[24].
It appeared that RNAi technology had transitioned classical genetics into the realm of high-

throughput biology.

The role and consequences of biological pathways
Pathways biology appreciates the interconnectedness of gene products and is an attractive application of RNAi technologies. Pathways thinking considers a gene as part of a
collection of genes rather than as a single entity. In contrast to pathways thinking, reductionist theories characterize individual parts within the cell - genes, proteins, enzymes - but

are unable to appreciate the full spectrum of their interactions. For a simplistic example,
if knock-down of a given gene yielded reduced cell growth, one could infer that the gene

was required for the cell viability phenotype. In practice, these individual parts function in
a vast network of interactions, and biological phenotypes such as growth result from the
concerted effort of many genes. The effect of concerted gene action is that sometimes
a knocking down a single gene doesn't show an effect on a phenotype such as growth.
Especially in the case of disease characterization, biologists have come to appreciate the
interconnectedness and complexity of combinations of genes that give rise to pathology.
In cancer, biologists have recognized that combinations of gene alterations give rise to disease. At its simplest level, the discrepancy between reductionist and pathway biology can
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be explained through a sports analogy: auditioning an athlete separately from the team
will rarely predict whether or not the team will win the game; rather it is how that player interacts with and supports the other players that determines victory. Given the relative ease

of adaptation and the ability to conduct experiments in high-throughput, RNAi appeared
an attractive technology for perturbing whole pathways and presented a viable avenue for

moving classical genetic approaches into the realm of pathways biology.
As we discover new pathways using functional genetics, these gene annotations are

added to a growing cohort of existing pathways. Databases catalogue the sets of molecular interactions that constitute pathways. Examples of these databases include KEGG, GO,
STRING, MINT, HMDB, and iRefWeb. Annotated entries include growth factor pathways,

biochemical pathways, drug pathways, and many others. As we explore more biological
systems - for instance targeted therapies in cancer - it becomes possible to identify pathways for nuanced aspects of biology - pathways for disease progression, drug response,
and relapse.
Biological pathways have real consequences for cancer biology and therapeutic development. Molecular-based medicine aims to classify cancers based on molecular vulnerabilities and then target these vulnerabilities with therapeutic compounds. A striking

example is that of Herceptin therapy, which was designed to target HER2, a protein receptor that is over-expressed in some types of cancers. The treatment gained attention as it
increased overall survival for breast cancer patients with over-expressed HER2 receptor.
Extensive profiling of cancers, at the cell and patient levels, have endeavored to find these
molecular vulnerabilities, design novel therapies, and bring these to the clinic. However,
these molecular vulnerabilities belong to cellular pathways that are interconnected and redundant. As a result, these pathways cause even well-designed and specific chemical
inhibitors to fail in the clinic, or worse, cause patients to become resistant to the initial ther-

apy. Even in the case of the acclaimed Herceptin therapy, patients saw remissions and
metastases after treatment. Metaphorically, this process can be compared to plugging a
leak in a water-filled balloon, except that plugging the initial leak forces additional leaks or
the expansion of smaller, and previously unnoticed leaks. Thus, the field of cancer biology
has moved to investigating these pathways holistically to characterize all molecular vulner13

abilities to try and design the best therapeutic interventions. A more extensive discussion
about resistance to therapy and the importance of pathways is included in Chapter 3.

Network analyses for functional genomic screens
RNAi quickly became a well-developed and widely adopted technology in the cancer biology field. There are numerous screens employed to tackle many biological problems.
However, attractive as the technology us, RNAi is not without limitations. The largest crit-

icisms arise as a result of 'off-target' effects. Primary off-target effects occur when the
RNAi reagent (siRNAs, shRNAs, etc.) have sequence matches with genes other than the
original target. Certain amounts of similarity between the sequences in dsRNA could affect multiple mRNAs, and lead researchers to misidentify genes responsible for a given
phenotype. These effects diminish the power of any individual RNAi in a screen, making it

difficult to reproduce and validate results.
Scientists in RNAi biology have explored many techniques to fix the reagent-based limitations of RNAi. Innovation has focused on improving sequence matching, adding chem-

ical modifications to each RNAi reagent to promote specific binding, creating algorithms
to predict if and when sequence mismatching will occur, and deploying redundant RNAis
against the same gene in aggregate to ensure on-target effects. I refer to these innovations
as reagent-based because they exclusively consider the performance of the technology to
improve existing approaches. I more thoroughly review these limitations and current inno-

vations in Chapter 1.
However, knowing that these genes belong to cellular pathways became a novel avenue for interpreting and modeling the results from these screens. For instance, using an
orchestral analogy, it's possible to continue the performance if any individual player (excluding soloists) is unable to play; the instrument section can compensate for this loss and

the concert continues. In cellular systems, which have evolved to be robust to perturbations (such as mutations or copy number alterations), this same redundancy exists. Some
genes exist within redundant pathways or sections, and thus, even if you knock them down,
it may not be possible to 'hear' the effects of their loss. Knowing that genes act in concert
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shifts the emphasis from discovering single genes to discovering cohorts of genes respon-

sible for a phenotype. This perspective changes the interpretation of RNAi screen results
and improves the utility of existing RNAi investigations.
However, as mentioned, pathway annotations are incomplete, and so resolving cohorts

from RNAi data is not as simple as matching the genes to an existing directory of biology.
Instead, we can leverage other biological information to create plausible pathways which
best explain the data. There exists databases of protein-protein interactions; catalogues
of which molecular entities (proteins, enzymes, receptors, genes, etc.) affiliate with each
other. Metaphorically, this information is akin to knowing the available roadways of biology.
If we think about genes as intersections of these biological roadways, we can infer pathways by collecting interactions between genes that scored in RNAi experiments. In this

process, we will also computationally predict additional gene intersections that are relevant to our phenotype. This type of pathway discovery is valuable for growing our existing

pathway annotations.
In this thesis I explore the nexus of RNAi screens, and pathways construction in the

context of cancer. I employ network biology techniques to construct plausible biological
roadmaps using RNAi datasets, and use targeted molecular biology techniques to validate
the predictions from these models. This work has two main contributions: an extension of
seminal work to find pathways from loss-of-function screens[1 66] where I explore methods

for testing the robustness of network predictions and gain practical insights into how to find
signal within RNAi datasets that have not been designed for downstream network modeling. I expand the value of this methodological extension by validating specific predictions
from these networks to uncover new aspects of biology relevant to cancer.
The first chapter of this thesis work explores the challenges and limitations of RNAi
screening technology. While the majority of work has focused on improving the technology
itself, few investigations have considered using biology to overcome the limitations of RNAi.
I review functional genomic studies, their limitations, and articulate how network integration and pathways approaches can improve these investigations. In the second section, I
identify a pathway governing Acute Lymphoblastic Leukemia (ALL) progression using network integration. This project demonstrates the value of network-based approaches and
15

uncovers novel biology missed by the original shRNA screen. In the third section, we investigate signaling regulators of TGFa shedding, a cellular growth factor that is important
for multiple biological processes. We construct a pathway around shRNA data and predict
novel genes affecting TGFa shedding. The network predicts that modulators of the NFxB
pathway also belong to the TGFa shedding pathway, thus identifying the first connection
between the NFxB pro-survival pathway and the shedding of this growth factor. In the
final project, we use a pathways-based understanding to formulate a heuristic for finding
cohorts of shRNAs governing response to therapy. This project uses an abstraction of
mutual information with machine learning to associate the behavior of these regions with

regions that have known function. Lastly, the discussion focuses on the potential benefits
of having another framework for interpreting gene interference screens. As these experi-

ments have been employed in numerous settings, a pathways-based framework stands to
have impacts in many areas of biology. This pathway-discovery framework is also attractive for forward-engineering contexts where engineers aim to assemble and select genes
to program a specific cellular output.
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Part I

Integrated Network Analyses for Functional

Genomic Studies in Cancer
Discovery of gene products vital for function of a biological system, whether cells in
vitro or tissues/organs/animals in vivo, using gene-interference studies at both small and

large scales has become increasing popular because of the capability for RNAi methods
for manipulating multiple cellular components in either biased or unbiased manner. These
experiments aspire to identify high-confidence "hit" sets as putatively responsible for an
experimental phenotype and conceivably imaginable as drug "targets", although requiring

dedicated follow-up tests to buttress confidence in validity. Typically, the findings from the
initial "screen" study are compiled as list of individual genes whose knockdown yielded
significant alteration of biological system function, and the follow-up validation experiments
are considered in isolation. While there are encouraging successes along this avenue, the
realization that molecular components executing or governing cell/tissue phenotypic operation work in concert among myriad dynamic partners - directly and indirectly - motivates

appreciation for considering a more integrative perspective on interpretation of RNAi-based
functional genomic studies.
'Concerted' operation brings to mind an instrumental orchestra as one notional metaphor.

Proper generation of a musical program depends on the collective efforts of the players
involved, and deviations of any individual in pitch, volume, or timing can produce inappropriate sound and affect the overall orchestral performance as other individuals attempt
to adapt - or naturally produce further errors themselves. The sound of any particular
individual is rarely decisive, while an instrumental section can either mitigate or amplify

aberrations and other instrumental sections may aim to compensate. Accordingly, flawed
performance may be viewed as arising from identifiable "drivers" but sustained pathology
is more likely manifested by inability of the overall company to find an appropriate new balance via diverse modulations. And when aspiring for remediation, as the music proceeds
the original deviations no longer remain the most effective points of correction because

the propagated adaptations and compensations render a simple "re-set" difficult to achieve
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dynamically.
We use this integrative, or 'concerted' point of view to inform our recommendations

about the investigation of cancer systems using RNAi. We offer that a most effective
framework uses multi-node pathways for gaining greatest insight about how a system is
dysregulated and for how that system might be remediated, and further that this point of

view is essential to RNAi analyses.

RNAi screens as a tool for cancer biology
Because cancer is a mutation-driven disease, many investigators have focused on using
genetic characterizations of cancers, yet there are often non-intuitive relationships between
gene features and disease phenotypes[1 1, 139, 91, 10]. Because cancer is a mutationdriven disease, many investigators have focused on using genetic characterizations of
cancers, yet there are often non-intuitive relationships between gene features and disease
phenotypes [139, 153, 97, 71, 151]. Further, occurrence of drug resistance also does
not exhibit direct correlation with mutational status [91, 134]. For instance, in pediatric
medulloblastoma, systematic measurement of mutation-status and transcriptional profiling
revealed that mutation rates are not consistent across pediatric tumors[1 34, 120].

In our orchestral analogy, these investigations are akin to rating the quality of the company using each players' individual audition. This perspective lacks context and an understanding of the player's contribution to the orchestra's performance. To account for this
context, investigators have turned to RNA-mediated interference (RNAi) technologies to

fine tune a genetic player's ability. These tools manipulate genetic features at a functional
level and may be a complementary approach for studying the non-intuitive relationship between mutation, expression, and disease phenotype[97, 134, 65]just as a conductor may
better appreciate a musician's performance while playing with their section.
From an engineering perspective, gene-interference experiments are attractive experiments for understanding cancer because of the opportunity to modulate gene function
under diverse potentially relevant conditions. Investigators have targeted single genes,
or multiple genes together, in large scale screens, as well as pathway specific studies
[97, 134]. When investigating genetic amplifications in liver cancer, one group simulta-
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neously explored the role of these amplification events and the relative contribution of
the in vivo environment with a genome-scale RNAi screen [1, 169]. In this instance, and
many others, RNAi screens afford the opportunity to explore numerous targets simultaneously. The Achilles Project from the Broad Institute added another dimension to genomewide screens by drastically increasing the scale of their investigation and challenging the

reproducibility of shRNA libraries. They introduced a library of shRNAs into more than
100 established cancer cell lines and identified functional phenotypes that were common

and unique to each cell line [135, 94]. Researchers can take advantage of varying RNAi
reagent targeting efficacy to create titrations of gene interference, known as epi-allelic
series [135, 56]. This technique manipulates variation in mRNA expression to create a
gradient of disease phenotype. As expected, this approach created varying lymphoma
phenotypes which increased in disease severity as shRNA targeting efficiency against
p53 increased [56]. While we note here only a few investigations, RNAi experiments lend

themselves to the perturbation of many more parameters: multiple cues, multiple dosing
schemes, multiple environments, and multiple time points.
RNAi reagents hold significant advantages over other interference methods, such as
small molecule inhibitors. More specifically, siRNA offers the advantage of isoform specificity and enable fine-tuning of individual isoform expression and activity. For an investiga-

tion of T-cell Erk regulation, researchers used epi-allelic series with siRNAs against ERK1
and ERK2 to identify the role of these kinases on downstream IL-2 production [158]. The
epi-allelic series again showed a correlation between siRNA targeting efficiency and phenotype. In addition, the researchers identified that IL-2 production scaled with total ERK
activation and was not isoform specific. When siRNA-mediated effects on IL-2 to those
of a MEK inhibitor's effect, they also found that the gene-interference methods reduced
IL-2 production to a greater extent than chemical inhibitor dosing at an equivalent level of
ERK activation [139, 151, 158]. From this finding they inferred that ERK may also have a
role as a scaffold in downstream IL2 production; such a phenomenon may have not been
indicated using only either approach alone.
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RNAi screening challenges
Gene interference screens are quickly becoming high-throughput, but they are poorly
suited to the well-accepted data analysis tools from other 'omics biology experiments.
Birmingham et al (2009) provide a thorough review of statistical adaptations for target
discovery from RNAi experiments [11, 91]. Generally, these adaptations consist of nor-

malization, and some means of 'top-hit' identification based on outstanding performance
relative to the remaining population. However, inconsistent reagent performance limits

statistical power and subsequent validation of these candidates often fails.
Variability in RNAi screening data can derive from a variety of factors, both off-target
and crosstalk events, and cause varying rates of false positives and false negatives in RNAi
screens, reducing confidence in final hit selection [97, 71, 120]. Off-target events are a nonspecific result of the experimental reagents, and may include the inadvertent knockdown
of additional transcripts through microRNA-like effects and the incomplete knockdown of
a protein target due to a protein half-life greater than the experimental timeline. Crosstalk
events, on the other hand, are a result of the biological response to RNAi perturbation as

opposed to the experimental reagents used. These events may include increased expression of transcripts normally repressed by microRNAs that have to compete for use of the
internal degradation machinery, and increased expression or activity of proteins which are
compensatory for the RNAi target [97, 134, 65].

Many approaches attempt to compensate for off-target effects. One method utilizes
multiple RNAi reagents against the same gene, and only considers the gene a hit if multiple reagents yield a similar phenotype [97, 134]. However, the ability to identify true

positives from redundant reagents is complicated by the targeted gene product's context
within the cell [134, 169]. For example, unintended effects are less likely for gene targets
with highly specific, non-redundant roles or those that exist in linear pathways. However, for

highly connected genes or those involved in multiple pathways, there is a greater chance
of biological crosstalk, and thus varied results between redundant siRNAs [134, 94].
A genome-wide screen for homologous recombination (HR) mediators highlights the
role of unintended effects and how redundant RNAi reagents may mislead results [1]. For
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instance, 5 out of 10 RNAi reagents against the HIRIP3 gene decreased capacity for homologous recombination. While all reagents successfully reduced mRNA expression, rescue experiments with RNAi-resistant mRNA failed to recover homologous recombination
activity. Further, relative mRNA expression changes did not correlate with changes in ho-

mologous recombination.
Computational analyses of sequence similarity between siRNA reagents and non-targeted,
mRNA transcripts can predict off-target effects but is imperfect in all situations. Genome-

wide enrichment of seed sequences (GESS) analysis looks for enrichment of non-targeted
3' UTR regions in siRNA sense and antisense sequences [135]. In theory, these 3'UTR
matches identify unintended target genes and subsequent modulation of these genes
should recapitulate the phenotype erroneously assigned to the original siRNA. The method
successfully identifies genes enriched in active siRNAs for multiple screens, and can filter
primary screening hits to decrease the false positive rate [135].
In the previously mentioned screen for homologous recombination mediators, GESS
analysis identified a significant enrichment for RAD51 3' UTR in the high-scoring, nonRAD51 siRNAs [1]. As expected, RAD51 mRNA was depleted in the presence of 4 of
the 7 siRNAs against HIRIP3 and RAD51 mRNA levels better correlated with changes in

the homologous recombination phenotype than HIRIP3 mRNA levels. Yet, only 1 of the 7
HIRIP3 siRNAs actually contained the seed match for the RAD51 UTR demonstrating that
additional cross-talk events may occur in the presence of the HIRIP3 siRNAs. While GESS
successfully identified RAD51 mRNA levels as the true predictor for homologous recombination, it was unable to fully explain the observed changes in this gene's transcription, as
all HIRIP3 siRNAs did not reduce RAD51.

Biological networks add contextual value
A network framework enables researchers to consider contextual influences on how pathway components assimilate, integrate, and propagate knowledge in a manner that is distinct from the list model [9, 75]. More specifically, a network cluster, consisting of a coherent
group of functionally-related genetic regulators, may better explain an observed phenotype
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where statistically-ranked lists are insufficient [10, 164]. Already, these network motifs for

target discovery have lead to better understanding of the non-intuitive relationships between genotype and disease phenotype and identification of better therapeutic targets
[10, 151].

Networks can be useful for predicting drug targets and also for selecting drug combinations [75]. Their functional context provides rational selection of single targets as well
as combinatorial targets that could synergistically affect a desired phenotype because
they consider pathway membership [75]. Where toxicity had previously constrained the
selection of combination therapies, researchers may now instead prioritize combinations
based on specificity to controlling a particular phenotype. Understanding macromolecular pathways led to conclusions about synergies between doxorubicin and TNF-alpha as
chemotherapeutic agents [143]. The authors showed that administering TNF-alpha as an
adjuvant to doxorubicin treatment increased apoptotic cell death in the presence of lowlevels of DNA damage by using an integrated network approach. Without pathway and
network-level information, this non-intuitive relationship may have been missed.
Network interpretation has already added depth to non-intuitive instances of drug resistance. Recently, Wilson et al (2012) showed that growth-factors within the tumor microenvironment may increase resistance to kinase inhibitor therapy [162]. While this might

seem counterintuitive in a linear-process formalism, considering the cell's underlying signaling network make these results less surprising. Wagner et al used network inference

methods to create interaction networks by combining systematic RNAi-perturbation data
with phosphorylation information at multiple time points for six receptor-tyrosine kinases
(RTKs) (EGFR, FGFR1,c-Met,IGF-1R,NTRK2, and PDGFR-beta) [154]. From the resulting networks, they clustered each RTK network, identifying core signaling components
shared between all RTKs as well as cluster-specific modules. They postulated that modules shared between RTKs within the same cluster could explain resistance to targeted
RTK therapy. More specifically, if RTKs of a particular class shared signaling components
and affected the same downstream phenotypes, then these within-cluster RTKs could compensate for chemical inhibition by actuating the original downstream phenotype[1 54]. They
demonstrated this compensation within the EGFR/c-Met/FGFR1 cluster by showing corre22

lation of receptor expression with resistance to therapies targeted to other within-cluster
RTKs.

Functional pathways explain variability among genes classified as "hits"
A meta-analysis of nine RNAi screens for HIV-replication factors used functional enrich-

ment to explain discrepancies across high-scoring targets from each screen[14]. When
they investigated the percentage of scoring targets across three screens, this overlap only
included a modest 3-6% of gene targets. They show that variability between screens, variability between experimental timing and toxicity thresholds all contributed to the minimal

overlap among these screens. However, when they looked at gene membership in GO
ontology categories, they found much greater overlap in the enrichment of GO categories

across screens than in the individual gene targets. This finding indicates that a more global,
functional filter is useful for identifying true positives from highly variable RNAi screens.

Additionally, using functional pathway membership increased experimental validation
rates in an RNAi screen for DNA-damage mediators [123]. The authors screened all
protein-coding genes in Drosophila melanogaster and compared top hits to an analogous
screen in Saccharomyces cervisiae, but did not see a statistically significant overlap between screening targets [123]. They expanded their target list by identifying functional

pathways that contained gene targets from their screen in Drosophila melanogaster and
were able to find enrichment of targets from the Saccharomyces cervisiae screen within
this set. Further, using this expanded set for validation experiments identified false negatives from the original screen. These results reaffirm the utility of filtering data by pathway

membership to identify true positives and also using pathway membership as a search
space for false negatives.
In a pioneering study, Jones et al (2008) demonstrated the significance of using pathway context in a patient setting [69]. They performed a global analysis of mutations in
pancreatic cancers, but found little overlap in the specific mutations across patients. However, they instead found a core set of signaling pathways that consistently enriched for
patient-specific mutations. They postulate that targeting the physiological consequences
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of these pathways instead of the individual mutations would improve therapeutic development [69]. If we consider the discrepancy between RNAi reagent performance across
replicates as similar to the mutational differences between patients, these findings present
more motivation for using a pathway-centered approach for functional genomic studies.

Network integration is a viable tool for hypothesis generation
Given the importance of understanding the functional context of a genetic alteration, net-

work methods are a useful computational tool. Additionally, these tools enable the incorporation of multiple data sets and experiments to create more holistic interpretations of

biological systems. Because of the availability of many experimental datasets through various databases, data integration will be influential in future investigations [75]. Here, we
review a few integrated network approaches and highlight how networks have improved

the interpretation of biological investigations and affected further hypothesis generation.
In metastatic breast cancer, integrating copy-number variation (CNV) and gene expres-

sion data across multiple samples accurately predicted novel drivers of disease [145]. The
authors used a refined method for first identifying recurrent CNVs from gene expression

data and then used a Bayesian methodology to create a network of mutated genes. From
this network, they found master regulators by selecting genes that had a high authority
score. Mathematically, the authority score identified genes with a statistically significant

number of outgoing connections as compared to the mean number of connections. To test
their hypotheses about mediators for breast cancer, they performed an siRNA screen testing the effect of gene interference on cell viability. Of the gene targets that had the greatest
effect on cell viability, they found a significant enrichment of their high-authority regulators
[145]. This finding demonstrates that networks can synchronize disparate datasets and

that network properties are viable characterizations for finding novel regulators.
Utilizing a data-integration approach, Huang et al (2013) constructed an EGFRvIIIspecific signaling network for glioblastoma multiforme (GBM) by incorporating proteomic
and transcriptional data[62]. More interestingly, they used this network to identify, test and
validate novel therapies. Their final networks consisted of a high-confidence set of experi-
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mental data points as well as gene targets not included in the original set, but rather added
through known protein-protein interactions. From this network set, they systematically expanded targets for therapeutic intervention by identifying targets with known chemical inhibitors and ranking them based on their proximity to the core functional network. From this
target set, they identified compounds in clinical trial with known effects on cancer systems

and chemical inhibitors not yet tested for GBM [62].
In the interferon-stimulatory DNA (ISD) sensing pathway, an integrated network ap-

proach proved successful for identifying novel regulators of this process and for testing
new therapeutics[83]. In this analysis, the authors created an interaction network of potential ISD regulators by combining direct interacting partners of known ISD pathway components with interacting pairs from their own quantitative mass-spectrometry experiments.

Perturbation of this compendium network with RNAi reagents identified Abcf1, Cdc37, ad
Ptpnl as effectors of the ISD-sensing response to dsDNA. In this situation, curating and
expanding interaction information around known pathway components successfully identified novel genes for the ISD response. The authors also measured ISD-pathway induction
after treatment with chemical inhibitors against their novel genes and demonstrated a reduction in deleterious interferon production. These results show that integration is useful

for developing new hypotheses for therapeutic development and supports the Jones et
al perspective concerning efficacy of designing therapeutic options around downstream
pathway physiology[69].
Data integration within a network framework also added depth to understanding metabolic
disorders using SNP and genetic linkage data [19]. In this investigation, researchers
created a network where interactions depended upon significant co-expression and linkage data between genes. Using optimization, they selected highly connected gene submodules and then used these modules for further hypothesis generation. Many submodules were enriched for genetic features that were significantly associated with disease
traits (fat mass, weight, plasma insulin levels etc) and one sub-module was significantly enriched for genetic features with significant correlation to all disease traits. They expanded
this module, and created a macrophage-driven superior module from which they selected
and further perturbed genetic loci. From these perturbations, they were able to demon25

strate the sub-network's contribution to the observed disease traits and classify genetic
features previously not associated with metabolic traits. This collective understanding of
genetic interactions ultimately created a more comprehensive view of their dataset and
novel hypotheses distinct from those that would be identified from looking at gene-trait

associations independently.
Recently, our own efforts investigating in vivo mediators of Acute Lymphoblastic Leukemia
(ALL) have employed a data integration approach to ascertain GO biological function enrichment rather than to looking at screening targets independently (unpublished). A B-cell
model of ALL was infected with a genome-scale shRNA library and after infection, cells

were plated in vitro or tail-vein injected into syngeneic recipient mice. After disease developed, cells were harvested and sequenced for final shRNA representation. Simultaneous Analysis of Multiple Networks (SAMNet), is a flow-based formalism which relates

screening hits to downstream expression data using the interactome as a guide for possible connections among the data [32]. The method generated a network enriched for
functional pathways, such as developmental processes, that are known to play a role in
ALL - whereas these were not identified when analyzing experimental data independently.

This enrichment increases confidence that RNAi hits identified within the network are true
positives. Further, SAMNet adds targets, or nodes, to the network that were not present in

the original high-scoring target set, making it possible to hypothesize about potential false
negatives in the data. In these examples, data analysis in isolation was insufficient for

discovering novel regulators and targets for therapeutic intervention. Instead, a concerted
network approach, integrating multiple data sets or experimental results, improved target
identification and created testable hypotheses for therapeutic development.
Reciprocal engineering for future gene-interference investigations
Understanding and modulating cancer requires a concerted understanding of gene function and appreciation for each gene's pathway membership. Much like an orchestra, the
performance of the group depends on the collective group effort rather than the ability of
any one player. Auditioning players individually is important for assessing skills and musi-
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cality, yet their full potential depends on their ability to contribute to the sound of the group.
Gene-interference studies are the experimental parallel of 'auditioning', yet their interpreta-

tion is limited if each player is considered in isolation. Instead, the conductor must observe
the player within his section to see if deficiencies affect the overall sound or if the sound
of his peers compensate for his weaknesses. In the same way, building biological networks using RNAi experimental data puts the player in his section, and uses his pathway

membership to assess his effect on the sound of the orchestra.
'Network Filtering' techniques will increasingly become a secondary post-processing
step to statistical analyses for gene-interference studies. We have conceptualized how
identifying network clusters may complement existing statistical approaches in 1. The network provides context for any RNAi reagent's performance and leverages a gene target's
pathway membership to identify true and false positives. This approach assumes that if
multiple RNAi target genes enrich within a pathway, they are more likely contributing to

an experimental phenotype. Similarly, if an RNAi-targeted gene stands out experimentally,
but does not have interactions with other targets, this target may be a false positive. In this
mindset, networks offer a filter for removing false positives from entering the final 'hit-list'.

Where RNAi study results are affected by unintended effects, noise-reduction techniques
will have a large impact on data interpretation.
However, there is still much to be learned about gene pathways and their modulation for
cancer systems. While pathways provide context for gene function, pathways themselves
are context specific and require systematic perturbation[1 53]. For instance, melanoma patients with BRAF mutations have drastically different sensitivity to therapy than colorectal
cancer patients with similar mutations[1 53]. As such, many considerations remain about
interpreting pathways and using them to refine experimental evidence. Conceptualizing
pathways instead of individual molecules changes the hypotheses generated as well as
the experimental validations that follow[9]. For instance, because of the increased level
of interconnectedness, disease modules are computationally identifiable by graph theory
parameters such as clustering coefficients, and shorter path lengths. Further, designing
validation experiments around these modules may provide novel insight into understanding disease and also improve correlation between predicted perturbation and experimen27
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Figure 1: Network Filtering Uses Functional Relations to Identify Candidate Targets.
Traditional methods for target selection collect high-throughput data, then use statistical
methods to filter data for top candidates and further experimental validation. A network filtering approach would collect high-throughput data, perform statistical analyses, but would
add an additional network-construction step to find functional consensus among top targets
before identifying candidate regulators or predicted pharmacological targets and moving to
experimental validation.
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tal phenotype[151, 154]. This conceptualization further requires consideration of network

properties instead of only experimental phenotype and may instead prioritize candidates
based on number of connections (network degree) or enrichment against randomized networks. Yet, it is unclear which graphical parameters are most predictive of false positives or

false negatives and whether these parameters are consistently predictive across multiple
systems.
As network motif discovery becomes more common, we envision an accompanying
shift in approach to these methods. This shift incorporates reverse engineering principles
through a desire to find models that explain system behaviors as well as forward engineering principles in which the investigator designs the system to control a particular phenotype. We propose that future efforts to construct and manipulate cancer networks will use

an 'Reciprocal Engineering' approach (Figure 2). In this 'Reciprocal Engineering' mindset,
researchers balance motivation to explain a system with motivation to design a controllable
system. Already researchers have alluded to the value of 'Integrated Interactomics' and
how future data integration which balances motivations for understanding and prediction,
changes our investigation of cancer systems[1 0].
Recent commentaries in the area underscore the potential impact of this paradigm shift.

These articles concur with the notion that signaling pathways drive cancer progression, and
are a rich source of targets for therapeutic development [153, 164]. Both biological network

models and gene-interference studies are cutting edge techniques that have greatly added
to our understanding of cancer systems. As such, future endeavors merging these growing
fields will enhance understanding of cancer systems and improve ability to manipulate a
complicated disease.
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Figure 2: Reciprocal Engineering Balances Forward and Reverse Engineering Principles.
Reciprocal Engineering balances the mechanism-driven paradigm of reverse engineering
with the design-motivated paradigm of forward engineering. In the graphical representation, reverse engineering is exemplified by the desire to uncover mechanisms explaining
relationships among the data - for example using correlation to infer relationships among
expression. On the other hand, forward engineering is using a known network to manipulate the system - in this example, inhibiting node functions to alter downstream gene
activation. Blending both paradigms, Reciprocal Engineering balances relationship discovery with design motives to create networks that infer biological function as well as discover
points for manipulation.
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Part III

Pathway-based network modeling finds

hidden genes in shRNA screen for
regulators of Acute Lymphoblastic
Leukemia
Abstract
Data integration stand to improve interpretation of RNAi screens which, as a re-

sult of off-target effects, typically yield numerous gene hits, of which, only a few validate. These off-target effects can result from seed matches to unintended gene targets
(reagent-based) or cellular pathways which can compensate for gene perturbations
(biology-based). We focus on the biology-based effects and use network modeling
tools to discover pathways de novo around RNAi hits. By looking at hits in a functional
context, we can uncover novel biology not identified from any individual 'omics measurement. We leverage multiple 'omic measurements using the Simultaneous Analysis of Multiple Networks (SAMNet) computational framework to model a genome scale
shRNA screen investigating Acute Lymphoblastic Leukemia (ALL) progression in vivo.
Our network model is enriched for cellular processes associated with hematapoetic
differentiation and homeostasis even though none of the individual 'omic sets showed
this enrichment. The model identifies genes associated with the TGF-beta pathway
and predicts a role in ALL progression for many genes without functional annotation.
We further experimentally validate the hidden genes - Wwpl, a ubiquitin ligase, and
Hgs, a multi-vesicular body associated protein - for their role in ALL progression. Our
ALL pathway model includes genes with roles in multiple leukemias and roles in hematological development. We identify a tumor suppressor role for Wwpl in ALL progression. This work demonstrates that network integration approaches can compensate for
off-target effects, and that these methods can uncover novel biology retroactively on
existing screening data. We anticipate that this framework will be valuable to multiple
functional genomic technologies -siRNA, shRNA, and CRISPR - generally, and will
improve the utility of functional genomic studies.
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Insight, innovation, integration
This work integrates multiple 'omic data sets to better understand leukemia pathology. The
most striking finding in this work is that we can identify biological annotations from these
data when these datasets are integrated in a network model even though these annotations
were not present in either dataset alone. Further, we use RNAi screening data as the

model's foundation; this screening technology is a popular tool for probing gene function
that is criticized for noise and off-target effects. Though, with integration, we derive novel
insights in spite of this noise and are able to test our theoretical findings through dedicated
validation.

Introduction
Functional genomic screens are a powerful tool for systematically probing gene function in
the context of many biological systems[97, 142, 38, 98, 161, 12]. Shortly after its adaptation to experimental work, RNAi gained popularity as the technology is relatively easily and

quickly adaptable to multiple biological systems[142, 38, 12]. However, off-target effects
(OTEs) which can result from seed matches between the individual RNAi and unintended
genes[65] are a widely criticized limitation of this technology. These effects complicate
validation and pursuit of further hypotheses[142, 71, 135] and thus, RNAi screens require
analysis methods that can more efficiently identify true targets for validation[1 42, 65]. Many
studies have focused on improving the stability and specificity of the RNAi reagents themselves[1 0], or have developed algorithms for predicting real effects by considering unin-

tended seed matches[1 35, 122, 13]. Other studies have considered alternative platforms,
such as TALENS or CRISPR, for probing gene function[12]. CRISPR systems can exhibit stronger loss of function phenotypes than RNAi and seem a promising alternative[48].

These systems enable precision genome engineering by more efficiently blocking gene
function, and have the added capacity of being able to activate and inactivate genes[48].
CRISPR systems still suffer from OTEs and are sensitive to mismatches in the 12 bases
proximal to the guide strand[14]. Overall, these approaches only address the technical
challenges of gene interference and do not consider the biological consequences.
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Few investigations have considered how a cell may compensate for a gene perturbation. An RNAi reagent may perfectly block an mRNA transcript, but a redundant protein
may compensate for the loss of a particular gene or the targeted protein may be stable
beyond the duration of knockdown, leading to false negatives. Further reasons for false
negatives include the inability for RNAi to sufficiently diminish expression of highly stable
proteins (e.g. enzymes which may retain function after knockdown) or the use of small, tar-

geted libraries. To compensate for the possibility of false positives and false negatives, one
group used GO analysis to find consensus among three different siRNA screens for HIV
replication factors. The group saw little overlap between the specific hits from each screen,
but saw that all three screens had top hits enriched for the same GO functions[14]. Given

the propensity for OTEs, it is not surprising that three independent screens identified different candidate hits, though it is striking that the individual hits fall in similar pathways[1 4].
This work foreshadows the value of using pathways to provide context around any individual hit. Though, our current definitions of cellular pathways are incomplete and there is a
real need for discovering pathways and attributing new genes to existing pathways.

Here we pursued an integrated, pathway-based approach to identify in vivo specific regulators of Acute Lymphoblastic Leukemia (ALL) progression. Development of treatments
for Acute Lymphoblastic Leukemia (ALL) has had mixed success and improvements in
patient overall survival is still unchanging[1 26]. For childhood ALL patients, 10% suffer
remissions and further, treatments have high toxicity[64]. We already know that the tumor
microenvironment affects how cancers progress and respond to therapies in a complex
manner. Paracrine signaling in the bone-marrow microenvironment can confer resistance

to therapy in myeloma[58] and local cytokines can promote cancer development in the context of specific genetic lesions[47]. More thorough disease characterization in the native
microenvironment would facilitate development of new treatment strategies. Further, ALL
is just one of many types of cancers which arises from incomplete hematopoieitic differentiation. Given the similar origin of these disesases, it is possible that we can learn and
re-purpose molecular studies from other hematopoeitc cancers to accelerate development
for ALL. To explore the role of the microenvironment in determining genetic mediators of
ALL, we have used a genome-wide shRNA screen for mediators of pre-B-cell ALL progres33

sion in vivo, and demonstrated the ability to identify micro-environment-specific genes[93].

Recognizing the likelihood of significant OTEs and acknowledging the significant merits of pathways analysis methods, we developed a network model to discover missed targets, or predicted genes, from the initial shRNA screen. This network model builds on the
pathway-based approach described earlier by incorporating diverse experimental datasets

to better model the genes contributing to ALL progression. We assume that many pathway
annotations are incomplete, and that modeling multiple experimental datasets will uncover

novel pathways. We construct our network model using shRNA, ChlPseq, and mRNA
expression data and use this model to understand and validate features of the in vivo system. We experimentally validate novel roles for Hgs and Wwpl: Hgs is a gene that is
generally deleterious to B-cell ALL viability, and Wwpl is an in vivo specific regulator of

disease progression. We perform this analysis using screeing data that was not designed
for further computational modeling in mind - the screen did not contain redundant shRNAs
or non-targeting controls. Taken together these results demonstrate the ability of network

models to select candidate targets from an shRNA screen and discover novel pathways
from disparate datasets. Biologically, the model makes specific predictions about gene
targets that affect ALL progression by affecting the tumor microenvironment, illuminating
multiple pathways that are relevant for therapeutic development in ALL.

Results
A network-based data integration scheme
To identify pathways that mediate ALL progression, using multiple experimental data- we
introduce a network-based approach, described in Figure 3. Conceptually, this approach
uses published protein-protein interaction data (Figure 3A) alongside computational derived protein-DNA interactions to construct a set of all possible interactions that can relate

experimental measurements from shRNA screening and mRNA expression. This larger
network will then be reduced (Figure 3B, C) to identify biological pathways, either known
or unknown, that are implicated by the experimental data, described below.

34

A

0

B

C

Figure 3: Constructing a network model from multiple 'omic measurements.
A. We start with a probabilistic interactome that includes protein-protein interactions scored
by the confidence of their interaction. This confidence score reflects the strength of evidence across multiple interaction databases and this score constrains the edge's capacity within our flow-based model. Higher confidence leads to higher capacity. Some of
these proteins are transcription factors (triangles). We complement these edges with
transcription-factor (triangles) to DNA (octagons) binding interactions. We predict these
interactions and their edge probabilities by measuring active and open chromatin via ChIPseq and looking for enrichment of transcription factor binding motifs. Conceptually, this is
our available road map for creating pathways where the capacities are akin to speed limits.
B. We connect an artificial source node to all proteins that have corresponding shRNAs
that were considered hits in the screen. These edge capacities reflect the strength of the
shRNA effect. In our model, these edges reflect how strongly an shRNA depletes from
input to morbidity. We connect an artificial sink node to differentially expressed mRNAs.
These edges reflect the fold-change in expression. The algorithm introduces flow into the
network and looks for an optimal route from the source to the sink, selecting edges based
on available capacity. C. The final path through the interactome becomes the de novo
pathway. This pathway may or may not include all of the original inputs (e.g. differentially
expressed mRNA or depleted shRNAs). Further, SAMNet allows the simultaneous construction of pathways for multiple conditions. In our investigation we treated the parallel
in vitro and in vivo screens as separate conditions. D. Screening design interrogates in
vivo specific regulators of ALL progression. A genome-scale library was introduced to ALL
cells in vitro. Representative samples were either maintained in culture or transplanted
into mouse models. At time of morbidity, blood and culture samples were re-sequenced to
measure shRNA representation.
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shRNA screen and mRNA expression data identify distinct and incomplete gene sets
We collected previously-published shRNA screens and mRNA expression data from a
mouse model of ALL, one in vitro and the other in vivo [93] (Figure 3D). Together this

data represents the direct and indirect effects of RNA knockdown in both environments.
To identify the direct effects of shRNA screens, we calculated a fold-change in shRNA
representation, comparing sequencing reads for each shRNA at input (time of transplant)
and post disease burden (at morbidity). We ranked genes based on the greatest depletion
from input to post disease burden and considered the top 1% (84/87 genes for the in
vivo/in vitro screens) for further investigation (Table 1). GO enrichment of the ranked list,
using GOrilla [29, 30] of targets from the in vivo dataset did not identify any enrichment
of GO terms. GO enrichment of the ranked in vitro targets found enrichment of cellular

homeostasis, and cation regulation; however, these terms were enriched merely based
on the presence of TMEM165, KCNA5, and CEBPA, without contribution from any other
targets in the ranking (Table 2). Overall, we found little functional enrichment or information
from shRNA data alone, suggesting that we had an incomplete picture of genes regulating
ALL progression.
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In vitro

In vivo

Gene
ASRGL1
FNDC5
MRPL37
ATP6V1CI1
DHX37
NRG2
ATP1OB
HOXD3
HDHD1
PCBP4
DHDDS
SERF1A
SLC29A2
STK32B
POLO
GTF3C5
SPC24

IPo11l
GMPS
UBE2H
ZNF416
CASP14

SCD
MAPRE3
PLEKHA5
SMARCD1
DENND1C
TMEM156
TMEM176A
LPPR5

SRP72
ATP6AP2
FOXO6
WISP3
LCE3C
ZBTB4
RC
FXYD6
UBE2L6
SNTB1
TIMD4
DVL1
COLEC12
DHRS7C
CTSC
CECR5

IOCH
MTRF1L
TGS1
TIGD5
SPATA13

Abs(f.c.)I Gene
10.818 CPSF6
10.233 NDUFS1
9.670 ARMCX6
9.478 OR13C4
9.244 BCMO1
9.155 SF3A1
8.940 DIAPH3
8.765 PGLYRP2
8.760 ABHD12B
8.744 DRD1
8.633 ODF2
8.474 POGZ
8.390 TDRD7
8.296 C9orf69
8.241 ALKBH2
8.164 GRHL3
8.140 C17orf97
8.102 SUZ12
8.102 TMEM79
8.073 LAG3
8.025 IDH3A
8.014 C4oif32
8.000 PNO1
7.898 FUT10
7.879 VCPIP1
7.856 TFDP1
7.840 RPL7
7.821 RNF11
7.800 SLC6A2
7.751 YEATS2
7.704 LAP3
7.595 ADAMTS18
7.588 TRIM33
7.564
7.562
7.512
7.512
7.512
7.505
7.498
7.480
7.452
7.440
7.440
7.435
7.425
7.425
7.366
7.337
7.327
7.306

Abs(f.c.) I Gene
7.296
7.292
7.281
7.275
7.270
7.268
7.266
7.249
7.242
7.241
7.238
7.215
7.206
7.193
7.143
7.119
7.111
7.111
7.106
7.062
7.042
7.039
7.018
7.005
6.990
6.974
6.966
6.956
6.951
6.932
6.928
6.927
6.916

ClOorf71

KCNA5
TMEM165
C10,185

KLF3
CEBPA
TPSG1
ZNF367
GTPBP10
MFSD3
GLB1L
DNTT
MYT 1
ANKS6
KRT77
NRARP
PPP3CB
MAD2L1
CRNKL1
ACTC1
AHCYL1
FCRL3
SURF4
RCOR2

FCGR3A
ZNF616
BAG5
SASS6
SMYD5
TRIM59
ZNF347
NFAT5
MATR3
MED8
CCT2
RA833A
MCPH1
KCTD1
POLR3GL
MPZL1
INTS1
DNMT3A
ARL9
DOK2
SYNJ2
MBTPS2
C4orf17
NHLRC1
ATXN3
MID2
CHM

Abs(f.c.) I Gene

Abs(f.c.)

MEIS1
9.965 ZNF583
9.751 LAT
9.671 ZNF217
9.633 TPRKB
9.333 POLR2B
8.975 SPIRE1
8.826 ENO3
8.774 ZKSCAN2

6.997
6.922
6.909
6.908
6.893

8.754
8.558

C10r106

&B694

REG1A
ZBTB24
TTLL9
ITGB1BP1
IL5RA
SNTB2
AKR1D1
ZFYVE26
MRPL13
TDGF1
LGALS7
GCH1
DSEL
EIF2S3
S100A4
MRO
HMGA2
RASLIOA
GIT2
PPARG

6.675

10.038

8.498

8.285
8.262
8.160

8.103
8.099
8.055

8.016
8.016

8.016
7.996
7.996
7.962
7.955
7.913
7.902
7.803
7.760
7.745
7.723
7.721
7.649
7.643
7.550
7.545
7.440
7.407
7.380
7.365
7.341
7.334
7.304
7.285
7.285
7.228
7.183
7.107

SCLT1
ASXL2
TM7SF3
NOS3

BICD1
NR3C1

6.881

6.849
6.826
6.722
6.667

6.663
6.633
6.607
6.598
&.560

6.554
6.484
6.457
6.428

6.378
6.301
6.300
6.299

6.279
6.157
6.154
6.148

6.131
6.104
6.091

6.078
6.044
6.040

8.035

7.090
7.090
7.022

Table 1: Top 1% of depleting shRNAs in vitro and in vivo.
We calculated the absolute values of fold-changes for all genes that depleted from input
to end point. We mapped all genes to their human homologues for use with SAMNet.
Fold-changes were calculated using DESeq2.
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cellular homeostasis
ion homeostasis
cellular divalent inorganic
cation homeostasis
divalent inorganic cation
homeostasis
cellular chemical
homeostasis
cation homeostasis
calcium ion homeostasis
metal ion homeostasis
monovalent inorganic
cation homeostasis
chemical homeostasis
inorganic ion homeostasis
metal ion transport
cellular cation homeostasis
cellular metal ion
homeostasis
cellular ion homeostasis
cellular calcium ion
homeostasis

3.79E-02
4.07E-02
4.38E-02
4.74E-02
5.17E-02
5.69E-02
6.32E-02
7.12E-02
8.13E-02
9.32E-02
9.49E-02
1.1 4E-01
1.42E-01
1.90E-01
2.85E-01
5.69E-01

Table 2: GO enrichment of shRNA targets from the in vitro screen.
Enrichment used a single ranked list against the whole genome via the GOrilla web tool.
Using microarrays, we also collected differential mRNA expression data to compare
between cellular contexts at morbidity. Genes were considered based on their fold-change
relative to the in vivo context, and ranked based on fold-change. Again, we investigated
the top 1% of genes up-regulated in vivo (77 genes) and up-regulated in vitro (66 genes)
(Table 3). Using GOrilla, we found few enriched GO terms in the in vivo data genes as
compared to the whole genome; these terms included regulation of transport, and actin
cytoskeleton organization (Table 4). There were no enriched GO terms in the set of genes
up regulated in the in vitro context. We would expect that for any biological process, not
all relevant genes will be differentially expressed or be sensitive to shRNA perturbation.
Given these circumstances, we would not expect differential expression analysis or shRNA
screening to uncover all relevant genes or expect these measurements to identify the same
genes. The fact that there was little functional enrichment in these top candidates reaffirms
the incomplete nature of individual high-throughput measurements[1 66], and suggests an
integrated approach could find hidden information.
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In vivo, genes with fold-change values
HBA-A1
12.10 1 LOC671894 // LOC674
S100A9
S100A8
IIGP1
RHOJ
NKG7
AQP1
ANXA2
CSF1R
IL18
NRP1
FOS
SAA3P
CH13L3
TCRB-J ///

TCRB-V13
LOC240327
IGL-V1 /I
2010309G2

9.80
9.76
9.75

9.64
8.94
8.85
8.68
8.52
8.47
8.45

RTP4
MS4A1
4732416N19RIK
2900041A09RIK
CASP4
IFITM3
SLFN4
5830431A10RIK
ZBP1

B230343A10RIK
CCL5
4921525009RIK

C5AR1

7.75 1MYOM2
7.63 MX1
7.61 TIAM1
7.57 D430019H16RIK
7.56 DOCK9 /// LOC670309
7.55 SPARC
7.53 FPR-RS2
7.53 PLF /// PLF2 /// MRP
7.49 MYH6 /// LOC671894/
7.44 CCL3
7.41 S100A5
7.37 TIMM8A2
7.36 LGMN
7.33 DLGH3

7.03
7.01
7.00
6.97
6.96
6.96
6.93
6.91
6.81
6.75
6.73
6.72
6.69
6.65
6.65
6.64

8.29 C1QB
8.27 HTRA3

7.30

ITGA5

7.28

KLK3

LAMB2

7.26

LGALS3BP

PLXNB1
IL2RA
A33010 2K04RIK
GPRC5A
TCRB-V13 /// LOC6655

7.25 CD97

8.26
8.24
8.19
8.11
8.00
7.90
7.89
7.88
7.82

TYROBP
1100001G20RIK
LMNA

7.24
7.19
7.16
7.12
7.10
7.05
7.04

DIRAS2
KLF4
GZMA
2010300C02RIK /// LO
ADCY6
A930013B1 0RIK
TLR1

6.64
6.63
6.60
6.55
6.52
6.51
6.51
6.49
6.48

/

ENPP3
PGLYRP1
SLC9A3R2
LCN2
BLR1
HYDIN
EPPK1
NGP
MPA2L
LOC626578

11.93
10.92
9.91

7.80 1XDH

7.04

In vitro, genes with fold-changes
TGFB3
HBB-BH1
VLDLR
HS3ST1
PLA2G2F
1700097N02RIK
NKX1-2
ACTR3B
PPP1R3B
UBQLN2
ANKRD15
SOX6
CDH1
18100llHllRIK
CD28

LOC433844
A1427515
ART4
PTGS1
GFI1B
SELENBP1
CTH

-9.74
-8.50
-7.05
-6.99
-6.02
-5.97
-5.77
-5.69
-5.52
-5.49
-5.42
-5.38
-5.37
-5.35
-5.20
-5.13
-5.09
-5.01
-4.95
-4.95
-4.93
-4.93

IL21R
BEX6
1190002F15RIK
FETUB
NUPRI
REEP1
GLRP1
SENP8
CCR2
PAX7
POLH
2610019103RIK

FADS2
DKK3
PKP2
AXIN2
KIF2C /// LOC631653

NAP1L3
2610021K21 RIK
BARD1
CHAC1

4731417B20RIK

-4.82
-4.57
-4.39
-4.34
-4.33
-4.29
-4.25
-4.17
-4.15
-4.13
-4.10
-4.05
-4.03
-3.99
-3.95

-3.92
-3.88
-3.84
-3.83
-3.83
-3.80
-3.79

5730442G03RIK
1700025G04RIK

B230107K20RIK
JDP2
NETO2
PRG3
RTN4RL2
SLC6A13
D19ERTD652E
ORCIL
CD248
DPM3
GM129
USP2
EVA1
ABCG1

AMMECR1
CMAH
PLK1

ZDHHC2
GCM2
MAP6

-3.78
-3.77
-3.77
-3.77
-3.76
-3.69
-3.57
-3.57
-3.53
-3.51
-3.51
-3.48
-3.48
-3.48
-3.45
-3.44
-3.43
-3.42
-3.40
-3.39
-3.39
-3.38

Table 3: Genes selected as top candidates from mRNA expression data.
The table shows the top 1% of genes up-regulated in vivo (top) and in vitro (bottom).

39

GO Function

FDR q-value

regulation of transport
response to transition

1.24E-01

metal nanoparticle
positive regulation of

1.96E-01

transport

2.15E-01

actin filament-based
process
actin cytoskeleton
organization

2.46E-01
3.27E-01

Table 4: GO enrichment for genes up-regulated in vivo.
Enrichment used a single ranked list against the whole genome via the GOrilla web tool.
There were no enriched GO terms for genes up-regulated in vitro.

Measuring histone activation for model specificity
When designing this model, we wanted to find interaction sets that connected the genes
identified from the shRNA screen and from differential expression analysis. This model required protein to DNA interactions in addition to the existing protein to protein interactions

in our interactome (Figure 3A). These interactions were not publically available so we used
a combined computational and experimental approach. Specifically, we used measurements of open and active chromatin to identify regions of putative transcriptional activity
and predicted transcription factor/DNA binding interactions using computational modeling
techniques.
We collected ChIP-seq data for the activating histone markers H3K27Ac and H3K4me3

from our ALL model in culture. Compared to an IgG control, we identified 29468 and
18142 peaks in the H3K27Ac and H3K4me3 datasets respectively. To identify regions of
possible transcription factor binding, we searched within these peak regions for local minima, or valleys, between histones; from this analysis we found 70894 and 24617 valley
sequences in the H3K27Ac and H3K4me3 datasets. Of these valleys, 15178 regions overlapped between the two datasets (21% of the H3K27Ac and 62% of the H3K4me3). Figure

4 shows example ChIP-seq reads, MACS peaks, valley regions, and IgG controls for 3
control genes: Trim27, E2f3, and Hist1h1b. We selected these example genes because
they had relevant histone activation marks in mouse B-cell samples that were previously
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published in the UCSC Genome Browser. For these genes, the H3K4me3 and H3K27Ac
ChIP-seq and MACs peaks were well aligned, although the valleys varied slightly. In the
case of Histi hi b, the H3K27Ac data had a larger MACS peak and thus more valley regions. Given these trends, we used the union of all valley regions to identify possible
regions of transcription factor binding.
From these active valley regions, we used our own software suite, Garnet, to identify
transcription factor-DNA binding interactions. Garnet uses a weighted scoring approach to
quantify the probability that a transcription factor occupies a region based on the strength
of the transcription factor motif [50, 106]. The analysis created a list of 262705 interactions with scores distributed from 0.3 to 0.99. We append these interactions to an existing
protein-protein interaction network derived from iRefWeb (interactome described in methods).
H3K27Ac

--

-

--

H3K4me3

- A-.

______

Figure 4: ChIP-seq with valley-finding identifies regions for transcription-factor binding.
Genome viewer tracks for Trim27 (chr1 3:21,267,345-21,277,316), E2f3 (chr1 3:30,071,17130,083,320), and Histi hi b (chr1 3:21,868,763-21,874,488), showing ChIP-seq reads (top),
MACs peaks (middle), valley regions (lower, orange), and IgG control (grey, lower) for
H3K27Ac (top 4 rows) and H3K4me3 (bottom 4 rows).

SAMNet identifies a network of genes affecting ALL progression
As we already knew that shRNA and mRNA measurements capture distinct pathway components[1 66],
we pursued a data integration approach to predict new genes in the ALL progression pathway. We used the Simultaneous Analysis of Multiple Networks (SAMNet)[49] to construct
such a pathway because this was the most powerful tool given the data we had collected.
The algorithm integrates diverse perturbation and response datasets and maps them to a
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physical interaction network comprising all possible ways by which the perturbed species
(e.g. shRNA hits) can give rise to the observed response (e.g. differentially expressed
transcripts). SAMNet then applies a network flow-based paradigm to select a subset of
interactions that relates the experimentally-perturbed genes from the shRNA screen to

the differentially expressed mRNA through the specified interactome. We conceptually
depict how SAMNet integrates shRNA and mRNA data with our interaction network, or
interactome in Figure 3. In the context of the resulting model, RNAi genes are connected
upstream to transcription factors and differentially-expressed mRNAs; sometimes, RNAi
genes represent transcription factors themselves and are directly connected to differential
mRNAs. Mathematically, the algorithm selects an interaction sub-network by pushing flow

through a probabilistically-weighted interactome (described in methods). Flow initiates at
the RNAi hits and terminates on differentially expressed mRNAs. Fold-change values from
RNAi and mRNA expression data constrain the amount of flow any experimental gene hit

can capture in the network. Genes are able to capture flow from either commodity. Flow
sharing is constrained by the edge capacity (set by the edge confidence); common nodes
force the algorithm to select interaction edges beyond the common nodes. and the algorithm Flow is shared between data from the in vivo and in vitro experiments through the

multi-commodity abstraction in the underlying SAMNet implementation.
The foundational model consisted of 311 nodes and 480 edges (Supplementary Figure
8). We proceeded from this foundation by removing the 'source' and 'sink' nodes which are
topological formalities for creating the network model. This created an interaction network
where upstream protein-protein interactions converge on transcription factor/DNA binding
interactions. To first focus on a protein interaction sub-network, we omitted the 43 mRNA
nodes and transcription factors that are not directly connected to the protein-protein inter-

actome (see below). The resulting sub-network contains 258 nodes and 259 edges (Figure
5). This network contained 91 targets from the RNAi inputs (i.e. experimental genes), and

167 predicted genes. Of the 167 predicted genes, 33 are transcription factors.
A predicted transcription factor/DNA binding sub-network contains 84 nodes with 79
edges (Figure 6); 41 nodes are transcription factors, and 43 nodes are differentially expressed mRNAs. This sub-network includes an additional 7 experimental genes from the
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RNAi input set; this yields a total of 40 transcription factors in the whole network, combining the two sub-networks. These 7 targets are transcription factors which had predicted
connections to altered mRNAs, but did not have further connections to the protein-protein

interaction network. This set of transcription factors comprises Tfdpl, Foxo6, Hmga2,
Meis1, Myt1, Cebpa, and Klf3. Another identified transcription factor, Pparg, had connectivity both to the protein-protein interactome and directly to differential mRNA (Figures
5&6).

43

4

S4

z
c C

4C

a

Figure 5: SAMNet identifies integrated network for ALL progression.
The magenta/green edges represent interactions from the in vivo/in vitro screens. RNAi
hits are represented by a shaded square; the shading refers to the extent of depletion in
the original screen. A diamond is a transcription factor selected by SAMNet; those that
are shaded are also hits from the shRNA screen. All white-face nodes are hidden targets
selected by the algorithm. Node border color represents fractional representation in a
family of 100 random networks. Downstream mRNA not pictured. Red arrows indicate
where Wwpl, Hgs, Lmo2, and Pogz exist within the network.
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Figure 6: SAMNet selects transcription factors that explain genes with greatest differential
expression.
The transcription factors and differentially expressed genes are represented as triangles
and octagons respectively. Grey shading on the transcription factors represents the extent
of depletion in the original screen (legend shown in Figure 3). Shading on the differentially
expressed genes reflects either down-regulation (green) or up-regulation (pink) in the in
vivo screen relative to the in vitro screen. The thickness of the interaction line represents
the amount of flow captured by that interaction. Node shapes and border colors are the
same as explained in Figure 3.

Integrated approach finds genes connecting disparate data sets
This network further specifies interactions specific to either the in vivo or in vitro screen, as
well as interactions common to both screens (Figures 3&4). The network identified genes
hits that connected the in vitro data (e.g. HGS, ARR, CASP1) or the in vivo data (e.g.
CPSF6, WWP1, TCF4, KLF5, HOXA9), and genes that connected data from both screens

(e.g. IKBKB, NFKBIA, RELA).
We can also use the predicted genes identified by the algorithm to enhance the ability to identify known pathways using Gene Ontology (GO) functional enrichment statistics.
Functional enrichment of the network genes compared to the whole genome identified GO
processes distinct from those identified in the RNAi or mRNA expression data alone (Table 5). The processes include many associated with hematopoiesis including leukocyte
homeostasis (q-value: 9.76e-1o), lymphocyte homeostasis (q-value: 1 .67e-9), regulation
of leukocyte differentiation (q-value: 2.05e-8), hemopoiesis (q-value: 4.16e-8), and positive
regulation of lymphocyte proliferation (q-value: 1.97e-4). These processes reflected B-cell
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specific functions such as negative regulation of cell differentiation (q-value: 4.92e-10)
which reflect the undifferentiated state of B-cell leukemias[20]. This set of GO processes
also included functions associated with other hematopoietic progenitors, namely leukocytes. This enrichment occurs because genes with these annotations are shared among
these two biological functions. 12 of the 13 genes annotated as having a role in leukocyte
homeostasis are also involved in lymphocyte homeostasis.
The enrichment analysis also identified pathways with known relationships to leukemias,
if not specifically acute lymphoblastic leukemia. We address the potential signifigance of
these pathways in the discussion.

transforming growth factor
beta receptor signaling
pathway

1 27E-12

9.29E-11

1376
(20822,69,307.14)

negative regulation of cell
differentiation

7 07E-12

4.92E-10

389
(20822,610,307,35)

positive regulation of protein
import into nucleus

8 16E-12

565E-10

leukocyte homeostasis

1 50E-11

9

lymphocyte homeostasis

2 66E-11

differentiation

regulation of myeloid
Ieukocyte differentiation

1,67E-09

300
(20822,1084,307.48)
13.18
20822.67,307,13)
14. 3
(20822.56.307.12)

Fos, Parpi, Skil, Smad. Tgfb3, Smad2, Smad9, Ptk2, Smad3 Trp53
Creb1. Jun Map3kl, Src
Med1. Hdac2, Vhl, Lmo2, TWt712, Pparg, Hoxa9 Ptk2, 1118, Trp53,
Foxo . Jdp2. ApIs, Pkp2, Xdh, ltgbl, Vim, Ezh2, Erbb2, E2f1. Skil
Erbb4, Myc. Smad3. Hmga2, Meisi. Gsk3b,
Mapki, Pax6,
Suzl2. Trp73. Ctnnbl. Stat5a, NfktAa
Mcphl Jak2, Med1, Plscri. Pcna, Bag5, Map2k1, Vhl, Brcal, Pparg,
Fadd, Hifla CmkIl, Trp53, Foxo, Tnm28, Mdfi, Traf2, Gch, Mecom.
Atxn3 Ubqln2, Traf6, A4. Bag6, Xdh, Nck1. Zbpt. Kf4. Ccr2 Parpi.
Skil Epm2a Dv12. My Smad3 Mapkl Ppp4c. Trp73. Rela Cd28,
fl2ra Map3k3, Stat5a. Map3kl Map2k4, Nfkbia. Rab33a
Ahr, Sos1, Fas, Lat, Skil. Ppp3cb, Hif ta, Fadd, Casp3. lkbkb. If2ra,
Stat5a Mecom
Sos1. fkbkb. Ahr. Lat, Fas, lf2ra, Skil, Ppp3cb. Stat5a, Fadd, HifIa.
Casp3

3 73E-10

2.05E-08

575
(20822,236,307 20)

Sost. Fas. Ccr2, Erbb2, Fos. Fadd. Myc.Tal1, Creb1, Gfib, Jun. Apms.
Asxl2. Cd28, ff2ra, Ctnnb1. Rb1, Stat5a 1 raf. Tyrubp

4 13E-10

2.24E-08

7 79E-10

4.16E-08

4406-09

2.13E-07

Fos, Fadd. Myc, Tal, Crebt, Gfitb, Jun, Asxl2. Apcs, Ctnnbl, Rbt,
Stat5a. Traf6. Tyrobp
Jak2, Med1, Klf4, Ahr, Ccr2 Lmo2, Hitla. Hoxa9, Meisi, Tall, Sox6
Ctnnbl. Sp3. Sp1
Brmaf, Smad4. Eed, Trp53, Tall. Plk1, Ctbp1, Jdp2, Gfilb Asxl2,
Ctnnbl, Rb, Ep300

7 35E-08

3.06E-06

9 13
(20822.104,307.14)
8.71
(20822,109,307,14)
8 48
(20822,104,307,13)
11.52
(20822.53.307.9)

Jak2, 2Atp6ap2, Ccr2, Brcal, Fadd, Hifla, Smad3, ff18, Crebi, Rela,
Cd28, Rel. Traf2. Stat5a, Arn, Hdacl, Traf6, Src, At14,
Jak2, Pfscrt. Nck1, Fas, Skil. Fadd, Mapk8. Smacd. Myc, Trp53.
Gsk3b Trp73, Traf2

76E-10

regulation of leukocyte

hemopoeisis
positive regulation of
chromosome organization
positive regulation of myeloid
leukocyte differentiation
positive regulation of
cytokine production
regulation of apoptotic
signaling pathway

7.47E-08

3.10E-06

1 16E-06

3.79E-05

myeloid cell development

4 62E-06

1 31E-04

4.21
(20822,322,307,20)
531
(20822,166 307.13)
32
(20822,46 307.7)

positive regulation of
lymphocyte proliteration

7.38E-06

1.97E-04

(20822,114,307,10)

Regulation of Wnt signaling
pathway

Itgbibpl,

Gfllb, Jun, Fos. Asxl2. nb1, Stat5a Fadd, Trafe. Creb

10

Sox6, Med1, Ptpn11, Tal, Meis1, Ep300, Sr

595
3 49E-05

84-04

7

3.88

l20810,227,307,13 )I

Nckt, Ccr2. Cdknla. Cd28, Stat5a, Fadd, Traf6
Hdac2 Cdhl Atp6ap2, Tcf712. Dy12. Smad33, Dkk3
Dvl, Foxol, Mdi. Hdac1, Src. Xiap

Table 5: GO enrichment of network gene identifies processes associated with B-cell
leukemia.
GOrilla identified enriched GO processes using the network nodes as the foreground
against a background of the whole genome.
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Robustness metrics prioritize and predict genes relevant for ALL progression
Toward determining targets for dedicated validation, we quantified the robustness of each

gene selected in the network using randomization. This routine involved running SAMNet 100 times with randomly selected input protein and mRNA targets. The number and
value of prizes remained constant, but were assigned to random genes, and the underlying interactome was unchanged. We counted a gene's fractional representation in the

family of random networks and display this as a specificity score (see Figures 5 & 6); a
lower score represents a greater specificity. This randomization mitigated against potential
targets arising artificially due simply to high connectivity within the interactome.
To prioritize targets for further investigation, we leveraged information contained in the
network to create a ranking score metric. The ranking reflects the gene's robustness to

randomization (1-specificity) as calculated above, an authority index (reflecting the number
of out-going connections from a gene), and aflow quantity (the amount of 'weight' upstream
of a gene) (Table 6 and Supplemental Table 1). The aggregated ranking score is a weighted
sum of these three factors, where each is weighted by the standard deviation of that factor;
the sum is normalized to the max possible score (the total of the standard deviations). The
specificity varied the most across all network nodes, and was the most discerning factor in
contribution to the aggregate ranking metric.
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Transcription Factors

Phenotypic Hits
Acoreaate Scoie

Node

0.811
0.811
0.803
0.803
0.836
0.835
0.835
0835
0.835_
0.828
0.828

Rp17
Lap3
St3al
Pogz
Lat
Tprkb
ZbIh24
htgb IbpI
Sc8t1
Ppp3cb
Fcr15

Node

Hinga2

0897

TIdp1_

Foxo6

0 883
0. 85r

Slat5a

0.496

Pei

0.457

Gabpbi
Foxol

0.832
0.831

Sp3

0.750

Alt4

0.749

0.80
0.265
08007

Hr2
Ubpd4
Tre2i
Tsgl
Arnt

Aggregate Score

_

-K-f6

0.40

0.261_

0.840

WWp1

0.840
0.840
0.840
0.840
0 840
0.838

Lmo2
T0f4
2810408M09Rlik
Mid1
Rabacl

0.824
0.823
0.833
0.833
0.816

Hgs
Tbc1d4

0 800
0,800

Map3k14
T g101
Smur12
TrIrn24
Pfscr1

SkI[

0.832

Table 6: Aggregate scoring of top network nodes.
Genes are grouped by type (transcription factor, phenotypic, and hidden) and contextual
effect. The shading in the right columns refers to colors from the network key in Figures
3&4.

Predicted pathway contains genes contributing to ALL progression specifically in
vivo and genes affecting B-cell viability
As initial evidence supporting the effective capabilities of our integrative pathways-based
modeling approach, we note that the model predicts in vivo specific effects for Lmo2 and
Pogz. These two targets have, in fact, been previously validated successfully[93]. For
additional evidence, we undertook here new dedicated experimental tests of predicted
hidden genes selected from the model-determined ranking list (Table 6). From the ranked
gene list (Table 6), we used in vivo competition assays (Figure 7) to measure the effects of
loss of these predicted genes on ALL progression.
Hgs is a vesicular body-associated protein and was not included in our initial library
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screen. The model predicts that shRNAs targeting Hgs will deplete in vitro. In competition

assays, an shRNA against Hgs depleted in culture, the blood, bone marrow, and spleen.
The depletion in culture was greater than in all organs and was consistent with our model
predictions (Figure 7). These findings suggest that while Hgs confers a growth disadvantage to a pre-B-cell ALL, the in vivo environment mitigates the effect of Hgs loss. This
may be due to growth factors or other paracrine signals that are relevant to hematological

malignancies[47], direct cell-to-cell contact, disease compartmentalization, or many other
factors unique to the in vivo environment[93].
Wwpl, is a ubiquitin conjugating enzyme that was in our initial library, though the sequencing reads were below the limit of detection, suggesting a bad shRNA reagent. The

model predicts that Wwpl knowckdown has an in vivo specific effect, and competition assays confirm this phenotype. shWwpl enriches in the blood, bone marrow, and spleen
(Figure 7).
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Figure 7: Validation shows in vitro and in vivo effects for Hgs and Wwpl.
In the competition assays, we measure the relative abundances of pre-B-cells with and
without an shRNA against our gene of interest either in culture or transplanted into mice.
We measure relative proportions at the time of morbidity using FACS. All plots are mean
+/- S.D. For all samples, n=3, except for Hgs, and Wwpl tissue samples where n=4.
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Discussion
Discovering pathways de novo by leveraging multiple 'omics measurements can find latent
information from functional genomic screens. We confirm the relevance of our model first

through GO analysis. GO enrichment of the input RNAi and mRNA expression sets found
no enrichment of relevant functions. This reaffirmed the disparate nature of individual data

sets and suggested the possible value of an integrated approach. Further, we validated
specific gene predictions from our network model. The model predicted an in vivo specific
effect for Lmo2 and Pogz. They were not within the top 1% of ranked shRNAs, but were
functionally related to the very top gene targets as predicted by the pathway model, and
were found to have in vivo specific effects through further validation. Hgs and Wwpl were
not included in the original screen analysis due to low sequencing coverage, yet the model
predicted their relevance. Without such a model, they may never have been considered.
Through focused validation, they both proved relevant to ALL progression.
The model makes many predictions about genes that have unclear roles in ALL and
this underscores our incomplete knowledge of biological pathways. Some of these genes
have mixed roles in development. Hemopoeisis is governed by stage- and lineage- specific
transcription factor regulation [136, 107]; finding these relationships is valuable to understanding disease progression. Some transcription factors, such as TCF3, PAX5, IKZF1,
and EBF1, are involved during many hematopoietic stages[l 36]. Other network genes are
characteristic of non-ALL leukemias. For instance, our network selects the transcription
factor TCF4. This factor is up-regulated in the solid tumors of adult T-cell ALL patients[1 07]
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but currently has an unknown roll in B-cell ALL, though it is highly expressed in this preB-cell ALL system. Additionally, functional enrichment identifies that network genes are

enriched for the TGF-beta growth factor pathway process. These pathways have been
identified in leukemias other than ALL, and have been characterized for clinical utility. Investigations following on the utility of these findings could be fruitful paths forward in the

context of ALL. Multiple leukemias, including chronic myelogenous (CML)[1 04], acute T-cell
leukemia (ATL)[1 09], and ALL[28], express TGF-beta associated genes. Though, expression of TGF-beta components was higher in the T-cell leukemias than in the other leukemic
cell lines[1 09] and the ATL samples responded to exogenous TGF-beta. Further, TGF-beta
and Foxo3a activity both promote the maintenance of leukemia-initiating cells in CML[1 04]

and loss of Foxo3a and TGF-beta inhibition better sensitized cells to Imatinib treatment.
Clinically, patients with higher levels of TGF-beta are considered high-risk, as they often
harbor additional mutations that prevent the tumor-suppressor roles of TGF-beta[28]. The
network also identifies the Wnt signaling pathway which is relevant in multiple hemato-

logical malignancies; specifically, stabilized beta-catenin is associated with differentiation
arrest, is highly expressed in childhood T-cell ALL, and Wnt signaling can promote drug
resistance[107, 39, 7, 43]. Understanding the role of TGF-beta and Wnt in ALL will inform research in therapeutics as these pathways have already been characterized in other
leukemic contexts.
These findings confirm the relevance of network gene selections and highlight the simi-

larity of hematopoietic malignancies; many of the same genes are involved, though degree
of expression and directionality of their effects can be context dependent. Further, B-cell
development pathways have been identified as hallmarks of drug-resistant leukemias and
thus, therapeutic strategies promoting B-cell maturation show promise[64]. Previous studies have also demonstrated the role of histone modification pathways in relapsed ALL;
specifically CREBBP and CTCF, are mutated in these patients and may affect treatment
response[1 02]. The network confirms the relevance of CREBBP to pre-B-cell ALL, though,
the model indicates that this gene is deleterious to B-cell viability and does not specifically
modulate the response to the in vivo environment. Identifying developmental pathways in
ALL is not novel, but there is novelty in specifying which of these genes are deleterious for
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pre-B-cell growth and those that are deleterious in vivo.
We develop our model to select for context-specific interactions and to identify genes

relevant to the in vitro or in vivo settings, or genes that are common to both. In the case of
Hgs, the model predicts an in vitro specific effect. We demonstrate that Hgs loss confers
a growth disadvantage in culture, blood, spleen, and bone marrow, but that this loss is
most drastic in culture. This trend emphasizes the ability to distinguish genes relevant to

the pre-B-cell model and those specifically responding to the cancer microenvironment.
In the case of Hgs, loss of this gene is significant in culture, blood, spleen, and bone
marrow, though our model predicts and confirms that this is not an effect specific to the
tumor microenvironment. This framework is valuable as screening context (e.g. treatments
or experimental environment) can affect which parts of a pathway are relevant.

In our

example, all genes in the model are predicted as part of the ALL pathway, but only a
subset are relevant to ALL progression in vivo.
Hgs (Hrs) is a member of the ESCRT-0 family of proteins involved with multivesicular
body (MVB) formation [31]. This protein is involved with the internalization and degradation
of activated cell-surface receptors[1 44, 103] and loss of Hrs is associated with increased
accumulation of E-cadherin and decreased cell proliferation[144]. Hrs is also essential
for the termination of 1L-6 signals by sorting gpl 30, a transducer of IL-6 stimulation, for

endosomal degradation[141]. Further, Hrs deficiency in mice decreased B-cell receptor
expression; BCR expression is necessary for pre-B-cell expansion[1 03, 170]. The consequences of Hgs loss suggest that deficiencies in receptor internalization are deleterious to
this type of pre-B-cell ALL.
The network predicts a novel role for Wwpl in pre-B-cell ALL. Even though the network

model was constructed using shRNAs that conferred a growth disadvantage, the model
does not predict the directionality of effects for predicted genes. Validation experiments

confirmed that Wwpl had an in vivo specific effect, and that Wwp1 loss conferred a growth
advantage. This enrichment is surprising because so far, most evidence suggests that
Wwpl is an oncogene; our competition assays suggests that in ALL, Wwpl may have a
tumor suppressor role. WWP1 is a member of the Nedd4 family of ubiquitin ligases, many
of which are over-expressed in cancer[18]. Many results suggest that WWP1 acts an
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oncogene by targeting tumor-suppressing proteins, such as LATS, for degradation. WWP1
is over-expressed in breast and prostate cancers, and seems to function in this oncogenic

manner[17, 167]. Though, WWP1 also participates in a unique feedback loop with p53.
Wwpl stabilizes p53 protein in the cytoplasm, but decreases its expression, and in turn,
p53 reduces the expression of Wwpl[82]. This feedback loop is dependent upon p53
mutation status; mutated p53 abrogates this feedback dynamic leading to increased Wwpl
expression. In our pre-B-cell ALL, Wwpl has relatively low expression and intact p53
suggesting an intact feedback loop. Loss of Wwpl could lead to decreased p53 protein
stability and enable interactions with other proteins. For instance, these cells express high
levels of survivin (Birc5), which can prevent p53-mediated apoptosis in pediatric ALL[1 47].
Off target effects are one of the largest criticisms of RNAi screens, yet even with these

effects, we construct and validate a model for genes regulating ALL progression. We create this model with less than 100 input targets from each screen and find GO enrichment
of genes related to leukemia and hematopoietic development. This demonstrates that the
network filter is sufficiently powerful for analysis of screening data and that even stringent
thresholds are sufficient for identifying genes relevant to a pathway. Further, we perform
this analysis retroactively without controlling for OTEs or requiring specific negative con-

trols, showing that RNAi analyses do not have to specifically compensate for OTEs. This
suggests that even with limited and imperfect screening results, we can learn more from
these screens, and that pathway discovery approaches are a viable path forward for the
gene-interference community.

There are limitations associated with this approach. We have not yet made an estimate
of validation rate for these network-based filters. To make this estimate, we would need

to validate all genes in the network and determine the false positive rate. This method
requires multiple datasets to create a possible network whereas other approaches require
fewer input datasets. Some examples of tools that require a single input dataset include the
Prize Collecting Steiner Forest (PCSF) [61, 146], TieDIE[1 16], and HOTNET [149, 150].

For a biologist, these tools could be easier to implement, but they lack the perspective
gained by integrating multiple 'omic measurements. Each 'omic measurement captures a
slightly different aspect of the cellular process under investigation, and so there are trade54

offs between completeness and simplicity when selecting these tools.
Application of integration methods will improve understanding of gene-interference screens

regardless of improvements in reagent design. CRISPR systems are more sensitive than
RNAi and are better suited for discovering essential human genes[52, 53]. Though, both
technologies are limited by biological compensation - alternative pathways or redundant
proteins. Thus, adapting and applying interaction-based methods for data integration will
continue to be of importance for functional genomic investigations. Many have promoted

the value of data integration analysis methods[98, 161, 135, 166], however, these analysis
approaches remain under utilized in the gene interference community.
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Materials and Methods
shRNA screen, and data processing
The original shRNA screen and mRNA expression data are described previously[93]. DESEQ2 size-factor normalized and calculated fold-changes for shRNA sequencing data. We
ranked these fold-change values by p-value from DESEQ2[5]. The GOrilla tool (http://cblgorilla.cs.technion.ac.il/) determined GO functional enrichment using the top 1 % of dif-

ferentially depleted shRNAs against the background of the whole mouse genome. GOrilla also determined functional enrichment of the top 1% of differentially expressed (upregulated/down-regulated mRNAs for the in vivo/in vitro contexts) mRNAs against the
background of the whole mouse genome.

Cell culture
Pre-B-cell ALL cells[1 60, 159] were cultured as published[93].

ChIP-SEQ
We performed ChIP assays as previously described[90]. Briefly, 8.5x106 pre-B-cells were
cross-linked with 11% formaldehyde. Pellets were lysed and sonicated using the BioRuptor. Following sonication, activated DNA regions were immunoprecipitated using the following antibodies: K4me3 (Millipore Lot#1974075), K27Ac (Abcam Lot#GR1048521), and

IgG (Millipore Lot#JBC17938060).

Peak Finding
We used the MACS algorithm [37]to identify peak regions 10K kb upstream of the transcription start site. Within these peak regions, we searched for valleys (local minima within peak

regions) and then used these regions as inputs for potential transcription factor binding locations. The ChIP-seq data are available: GSE77570 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?ac

56

Interactome construction
We used Garnet to create transcription factor to DNA binding interactions. The Garnet

package uses a weighted scoring function[106] to determine which transcription factor
motifs were the most likely to bind a set of Fasta sequences. For input, we used the valleys
identified from our previously mentioned ChIP-seq data. The software is part of a suite of
'omics integration tools (http://fraenkel.mit.edu/omicsintegrator).
For our starting interaction network, we downloaded interactions from iRefWeb version
9 and we only kept interactions that mapped to UNIPROT reviewed human proteins. These
interactions were scored using the miscore framework[1 52] to create a probabilistically-

weighted interactome. This score considers the number of publications, the type of interaction, and the evidence supporting the interaction. We discarded interactions with a score

below 0.3. This yielded a starting network of 88117 interactions. The interactome is hosted
on the Fraenkel Lab Website (http://fraenkel-nsf.csbi.mit.edu/psiquic/).

SAMNet
We built the model using SAMNet[49]. We used the top 1% of depleted shRNAs (for in

vivo and in vitro), the top 1% differentially expressed mRNAs (up-regulated genes were
assigned prizes for the in vivo context and down-regulated genes were assigned prizes for
the in vitro context), the transcription factor to DNA binding interactions, and the weighted
interactome as inputs to the algorithm. For simplicity, we mapped all mouse data to human
gene symbols using homology. We used a gamma parameter of 17 as this was found to
maximize the number of shRNA-targeted genes in the network. We again used GOrilla
to determine the functional enrichment of the network, this time using the set of network

nodes as a foreground against the background of the whole mouse genome.
Randomizations and Robustness Analysis
For randomizations, we completed 100 runs of the algorithm at the same gamma parameter, but with the depletion and differential expression scores distributed to random sets of
genes. We calculated node enrichment fraction, or specificity, by counting the number of
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times a node from the real network was selected in a random network. For further scoring

and ranking, we used 1-specificity to keep all network parameters on a 0-1 scale. We used
networkx in Python to determine the authority scores for network genes. SAMNet outputs
the amount of flow converging on a gene. Our aggregate scoring method weighted each of
these normalized values by the standard deviation of these metrics across all genes and
was normalized to the sum of all metric standard deviations:
R

=

(1-specificty)*o(

1-specifcit-y)+authority*Oauthaority+Iow*O1fIow

0(1- specifcity) +01authority +aflow

We completed this calculation separately for genes unique to in vivol in vitro contexts

and common between both contexts because common genes had two authority and flow
scores. Because we designed the model to allow for multiple out-going connections from
transcription factors but not from hidden genes and because phenotypic (shRNA) hits did
not have incoming flow in the mode, we created separate rankings for transcription factors

and phenotypic hits.
GFP Competition Assays
For model validation, we conducted parallel in vitro and in vivo GFP competition assays. We created shRNA constructs for Hgs and Wwpl, and infected pure populations

of mCherry positive ALL cells as described[931. At the time of experiment, infected preB-cells were mixed 50:50 with mCherry positive ALL cells. From these populations, 100K
cells were tail-vein injected into four 8-week-old, female C57BL6 mice, and 100K cells

were plated in triplicate.

Cultured populations were split 1:5 daily until mice reached

morbidity (10-12 days following injection). At the time of morbidity, we collected blood,
spleen, and bone marrow. For all in vivo and in vitro samples, we measure the %GFP
of mCherry-labeled cells and calculated a fold-change relative to the 50:50 ratio at input.
We normalized %GFP-fold-change to the MLS control for the respective tissue and used a
t-test with Welch's correction to determine significance. The sequences used for Hgs and
Wwpl shRNAs are CCAGAAACCACTTATATGTCTA and CTCCCTATTTTATACAGAGCAA.
We tested shRNA knockdown using qPCR relative to Gapdh using Taqman expression
assays. shHgs and shWwpl left 23.28% and 67.64% mRNA remaining (Supplementary
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Figure 9).
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Supplemental Figures and Tables
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Figure 8: The whole network, unformatted as created by SAMNet.
The Source and Sink nodes have been colored blue and orange respectively to demonstrate their connectivity to the original inputs. Labels remain in Human Uniprot identifiers
with the exception of mRNA targets which are mapped to gene symbol. We show the full
network for completeness, but do not use the network in the unformatted version for any
interpretation. For better viewing, an interactive format is available on the Fraenkel Lab
website (http://fraenkel-nsf.csbi.mit.edu/psiquic/).
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Figure 9: Percent reduction in mRNA after knockdown as measured via qPGR.
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Part IV

Network modeling identifies common
regulators of NFxB and TGFa ectodomain
shedding
Abstract
Studying pathway dynamics affected by growth factors has implications for understanding cancer and designing therapeutics, yet few studies have investigated regulation of the growth factors themselves. Relevant growth factors, such as the Epidermal growth factor ligand pro-Transforming-growth-factor-alpha (pro-TGFc), can have
both autocrine and paracrine effects. Sheddases, notably the metalloprotease ADisintegrin-And-Metalloprotease-1 7 (ADAM1 7), can cleavage-activate multiple cell surface pro-ligands on the cell surface, in a process termed ectodomain shedding. In this
work we investigate the role of select signaling genes that specifically affect the cleavage of TGFa. We use an shRNA screen and network optimization to identify a putative
pathway regulating shedding of TGFa. This network contains experimental genes from
the shRNA screen and predicts additional "hidden" genes not previously analyzed. In
our analysis we identify a TGFa cleavage regulatory pathway that contains a cluster of
genes with known NFxB regulatory functions - PEF1, PEF2, CALM1, OBSCN, IRAK1,
XIAP, and TAB1. We validate that the hidden genes XIAP and TAB1 have roles in
TGFt shedding. Further, we provide evidence of NFxB and EGFR pathway crosstalk,
and demonstrate for the first time that regulators common to both pathways affect
ectodomain shedding of TGFL.
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Introduction
Growth factor pathways, and specifically receptor tyrosine kinases (RTKs) are the focus
of multiple therapeutic efforts in cancer [51, 157, 95], though even with well-designed inhibitors, resistant cancers arise [34, 33, 108, 148]. For instance, tumors can evolve point
mutations that render the therapies ineffective, or the cell can activate alternative pathways
to overcome inhibition[33, 114, 163]. Alternative pathway activation, sometimes referred to

as 'RTK switching'[44], results from bypass signaling mechanisms such as feedback loops
or the presence of growth ligands for other growth receptors. For instance, exogenous EGF
can confer full resistance to the cMet inhibitor, Crizotinib, treatment in gastric cancers, and
partial resistance to this therapy in lung cancer[1 62]. Wilson et al further characterize this
phenomenon in 41 cells lines, with six different RTK ligands in the presence of nine RTK
inhibitors. Further examples of growth factor-induced resistance include NRG1 resistance
to HER2 inhibition, HGF- and FGF-conferred resistance to NRG1 inhibition, and EGFconferred resistance to FGFR inhibition[1'62]. These findings suggest that these pathways
are redundant in their ability to actuate growth programs. Though, it is unclear if these

pathways converge on the same downstream signaling molecules or if they use unique
signaling paths to actuate growth. To understand growth factor induced mechanisms for
resistance, we need a thorough understanding of the pathways that govern regulation and
cleavage of these factors.
The growth factor TGFcx has already been studied in many disease contexts, yet, comprehensive understanding of the signaling network surrounding this ligand is lacking. In
breast cancer, TGFc expression is negatively correlated with progesterone receptor expression, but positively associated with tumor aggressiveness[87]. In gastric cancer, signal peptidase 18 (SECi 1 A) loss increased tumor invasion and tumor volume, and also
induced increased TGFa cleavage[1 13]. In pancreatic cancers, cells with increased TGFX
expression were more sensitive to gefitinib than those with lower TGFX expression. The
authors found that gefitinib sensitivity was dependent on basal EGFR pathway activation,
suggesting a feedback mechanism between activated EGFR and TGFa [118]. While TGFi
expression has been characterized in cancer and response to therapy, there is an incom-
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plete understanding of how regulation of the shedding of mature TGFa relates to this process. We know that activation of the RTKs FGFR, PDGFR, stimulates TGF shedding and
that the Erk MAP pathway is necessary for this receptor-mediated stimulation[35]. When
compared to shedding of other ligands, MAP kinase signaling was identified as a general
mechanism for shedding of TGFc, TNFcx, and L-selectin[35], though in other work, using

hypertonic stress, LPA, or TPA stimulation could selectively shed HB-EGF, EGF, NRG, and
TGFa[57]. Further work extended this result and showed that different PRKC isoforms
were required for shedding depending on the stimulus[25].

The EGFR pathway and its related growth ligands are becoming interesting molecular targets for gastric cancer which has limited targeted therapies.

Currently, gastric

cancer is one of the largest causes of cancer-associated death worldwide[8] and surgical resection remains the frontline treatment[132] The disease is associated with obesity,
and H.pylori infection, and these lifestyle factors have been associated with molecular
level phenotypes[132, 70]. Specifically, H. pylori infection increased expression of EGF,
and EGFR, and these expression patterns persisted after eradication of the infection[70].
EGFR inhibition blocked tumor growth and invasion in gastric cancer cells[174]. EGFR
status had an association with short overall survival whereas HER3 expression had a
borderline association with longer overall survival in an immunohistochemical analysis of

esophageal and gastric cancer patient samples[54].
Some gastric cancer samples harbor c-Met amplifications, thus making both EGFR
and c-Met pathways the focus of therapeutic interventions[1 12, 8, 67].

In lung cancer

patients, c-Met amplifications were associated with resistance to gefinitib and erlotinib,
and combined inhibition of both c-Met and EGFR was necessary and sufficient for blocking downstream MEK/ERK activity[33]. However, targeting c-Met and EGFR has consequences beyond reducing activity of the RTKs themselves. First, pEGFR, and the matrix metalloproteinases, MMP7 and MMP9, were significantly elevated in gastric cancer
resections[165]and TGFa, and the matrix metalloproteinases, MMP-7, and MMP-9 were
associated with poor overall survival in gastric cancer patient biopsies[38]. Further experi-

ments in gastric cancer cell lines showed that blocking EGF-induced EGFR activation could
prevent MMP7 and MMP9 activation[165].Because the metalloproteinases are responsible
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for shedding multiple surface-bound growth factors, this finding suggests that targeting the
EGFR pathway could alter growth factor dynamics for multiple pathways. Further, targeting
both c-Met and EGFR had limited efficacy in MKN45 cell lines, a c-Met amplified gastric

cancer cell model. Specifically, siRNA knockdown of c-Met decreased activation of the important downstream signaling molecules p-AKT and p-pl3K in this cell line, though these
cells did not show an altered sensitivity to gefinitib treatment[1 75].
From a molecular perspective, NFxB appears to be an ideal co-therapy for EGFR inhibitors in epithelial cancers. NFxB has been associated with resistance to EGFR therapies
in cancer[1 33], and inhibition of NFxB has also sensitized cells to erlotinib treatment. AntiEGFR therapies showed reduction in NFxB activation, but did not drastically alter patient

outcome and survival[133]. The EGFR pathway can activate NFxB through proteasomemediated degradation of IkBot, yet proteasome inhibition with Bortezomib was not successful because non-canonical NFkB activation remained intact[3, 4]. Unfortunately, IkK
inhibitors have not been effective co-therapies for EGFR inhibition[133]. Further, NFxB
targeted therapies have high toxicity [26].

The sheddase enzymes ADAM 10 and ADAM 17 are a major focus of growth factor regulation because they cleave and activate these factors. Though, these enzymes serve a
multitude of functions: they shed growth factors, cytokines, growth factor receptors, and ad-

hesion molecules, and as a result of these activities, ADAMs can actuate cell growth, death,
differentiation, and angiogensis, among others[22]. The ADAMs have widespread effects
that can either inhibit or activate phenotypes/cellular processes; e.g. ADAM17 cleavage of
EGF family ligands is activating, ADAM10 cleavage of Ephrin ligands is inhibitory. These
qualities make them unideal candidates for therapeutic intervention[1 19, 2], and thus it is

important to consider other means for modulating growth factor levels in the presence of
targeted therapies.
Here we endeavored to discover a pathway regulating TGFa cleavage and further characterize novel regulators of this pathway. We first pursue an shRNA screen for kinases and
phosphatases affecting TGFx release. Knowing that RNAi screens are incomplete and biased due to off-target effects, we pursued an integrated network approach for discovering
the true TGFa pathway from this type of data. We have previously demonstrated the power
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of integrated network tools for the de novo discovery of pathways from gene interference

screens, and believed this would be a powerful approach for the discovery of the poorly
characterized pathway affecting TGFa shedding. From this pathway, we discover a novel
connection between NFxB signaling and TGFa shedding; specifically that these pathways
share common regulators. Using this information, we explore IRAK1 as a specific modulator of both NFxB and TGFx and postulate that therapies against this enzyme could have
therapeutic potential.
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Results
A kinome/phosphatome screen for regulators of TGFa shedding
We conducted a screen for signaling regulators of TGFa shedding using a FACS based
assay (10A). We measured the relative extracellular TGFa (APC) to intracellular TGFa
(GFP) and normalize this red:green ratio for all shRNAs to the shlacZ controls (distribution
in 10 C). Most individual shRNAs fall in the region of no effect, or have a normalized ratio
with an absolute value less than 1 z-score from the distribution mean. 1 OB represents the

distribution of redundant shRNAs against a given gene; most genes have 4 or 5 redundant
shRNAs, others have 2,3,8,9, or 10 redundant shRNAs.

In further interpretations, we

use the shRNA family size to represent the number of redundant shRNAs against a given
gene. This screen was originally published and validated in[25], based on a two-best
shRNAs scoring metric (7). We briefly compare different scoring methods and the gene

hits selected by these methods in 10. The two-best shRNA scoring method requires a
gene's top two shRNAs contain one hairpin with a score 2 z-scores above the mean and
one hairpin above 1.5 z-scores above the mean; this method selects 5 genes. The median
score method simply takes the median of all redundant shRNAs and finds 22 genes with

an effect 1 z-score above the mean (in the positive and negative direction). The shEnrich
method selects the most targets of all the methods. Across the three methods, PRKCA
scores in all methods. TRPV5 scores in the two-best and shEnrich method (explained

below).
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Figure 10: An shRNA screen measures kinase and phosphatase effects on TGFCt shedding
(A) The Jurkat cell line expressed a GFP-HA tagged TGFa. After staining with an APCcoupled anti-HA antibody, we measured relative TGFot shedding by red:green ratio. (B)

shRNA coverage per gene; for most genes in the library, we have 4-5 shRNAs against the
same gene. (C) Z-score normalized red:green ratios for all independent shRNAs relative

to shlacZ controls plotted as a ranked distribution and as a histogram of scores. Z-scores
< 0 correspond to shRNAs which had a low red:green ratio and induced shedding, and zscores > 0 correspond to shRNAs which had a relatively high red:green ratio and prevented

shedding. The image below shows where all lacZ shRNAs (20 total) and all AXL shRNAs
(10 total) fell within this distribution, and demonstrates the difficulty in determining which
genes are consistently affecting shedding.

An shEnrich method for selecting gene candidates
To score the genes from the screen, we used an shEnrich method to measure consistency of redundant shRNAs and strength of their effect. The enrichment scoring method
is conceptually modeled after the original GSEA method, and is representative of other
rank-order methods for RNAi scoring (e.g. RIGER and dRIGER)[140, 89, 171, 72, 121].
Our method most closely resembles that of Kampmann et al [72] in that our screening
readout was a single measurement (i.e. z-score normalized red:green ratios) and that we
derived our null distributions from a cohort of non-targeting controls. Our approach differed
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in that we calculated expected distributions for each gene based on the shRNA family size;
e.g. for a gene with 4 shRNAs, we calculated 1000 permutations using 4 shLacZs from

our control set. The final result of our enrichment method is a projected z-score and a
maximal enrichment score. This represents the rank at which maximal enrichment occurs
for a gene's shRNA family.
We demonstrate this selection process in 11. 10C depicts a conceptual motivation for

AXL relative to the lacZ controls. The dot plots represent where redundant shRNAs against
the same gene score in the distribution (AXL in green, lacZ in black). 11 A represents
the shEnrich score for Axi in the forward direction (highest rank reflects that an shRNA

increases shedding) and for PPP1 R1 4D in the reverse direction (highest rank indicates an
shRNA decreases shedding or maintains TGFa at the surface). Both AXL and PPP1 R1 4D
show high enrichment scores relative to the lacZ controls indicating high consistency. We
repeated this process for all genes of all shRNA family sizes in both the forward and reverse
directions. Within each family size, we compared gene shEnrich scores against 1000
permutations calculated using subsets of the shlacZ controls. 10C shows the distribution
of shEnrich scores for all genes relative to the distribution of shlacZ scores for shRNA

family size 5 (all other family sizes plotted in 14&15). Most genes did not show an effect
that was as consistent or more consistent than the shlacZ controls.
To additionally filter gene candidates for strength of effect, we plotted genes' shEnrich
score against the projected z-score (explained above) (11 D). Many genes had a low shEnrich score and a low projected z-score (low referring to a score with a value >-1 in the
forward direction or <1 in the reverse direction). Only a few genes had a strong shEnrich
score and a relatively high projected z-score; these genes fell in the upper-left/upper-right
quadrants (highlighted in orange) in the forward/reverse directions (scatter plots for all other
family sizes shown in supplementary 12). For our example genes, AXL did not make the
projected z-score cut-off of -1, but PPP1 R1 4D did make the 1 z-score cut-off. The full list
of genes that passed these stringent criteria is shown in 7.
We validated a portion of these gene targets in an MDA-231 cell line, measuring TGFo

cleavage via ELISA assay. Effects for PPP1 R1 4D, and PRKCA are shown in 11 D. We
have already published additional validation for PRKCA and PPP1 R1 4D[25]. Combined,
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these experiments show that the shEnrich method can identify gene targets with an effect
on TGFa cleavage and that these effects are consistent in new cellular contexts. However,
not all targets were consistent with the shEnrich predictions; DUSP9 showed an effect on

TGFc cleavage in MDA-231 cells, but the directionality of this effect was reversed (11 D,
bottom) as compared to the effects observed in Jurkat cells. This switch in directionality
suggests that contextual factors affect the shedding phenotype, making it difficult to identify
pathways components from enrichment scores alone. This further suggests the need for

additional analysis to identify the true TGFa pathway.
For comparison, we also created tables for a "two-best" and median scoring approach.
The median scoring approach took the median value of all shRNAs against a given gene.
10 contains the results of these scoring methods. The "two-best" approach selects only
five genes as hits. The median approach identifies 22 genes as hits. While the most stringent, the "two-best" approach selects genes identified with the shEnrich method, where
the median approach selects distinct hits from the other two methods.
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Figure 11: shEnrich selects genes for consistency and effect size
(A) Lightening plots show the enrichment score for AXL in the forward direction (red, left)
and PPP1 R1 4D (gold, right) in the reverse direction. Grey lines represent 100/1000 enrichment scores calculated for shlacZ. Dashed line represents position of maximal enrichment
for the gene of interest. (B) Normalized enrichment scores (NES) for all genes with 5
redundant shRNAs plotted against 1000 NES for lacZ in the forward direction (left) and
reverse direction (right). (C) Maximum NES score for all genes and lacZ controls with 5
redundant shRNAs plotted against the z-score at which maximum enrichment occurs ('projected z-score'). Normalized distributions and maximal enrichment plots for all other gene
family sizes are included in the supplement. (D) ELISA for TGFa cleavage in MDA-231 cells
for PPP1 R1 4D and PRKCA (top), and DUSP9 (bottom). Each point represents redundant

tests of the same shRNA; error bars are standard errors of the ratio of shRNA:shlacZ.
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shEmich Method
shRNA

famdy

size 2

PPPR1A

PII3P1
RIOK2

shRNA

family size 3
CDC25A
PTPN18
TP53RK
shRNA family size 4
BLK
CKM

DUSP5
EGLN1
FLJ16518
GALK2
GMFB
HYPB
INPP5B
KIAA2002
LOC400687
LOC441868
LOC90353
LOC91461
NEK7
NUOTlO
PHKA2
PIN1
PMVK
PTPN22
PTPN5
PTPRE
RIPK5
RXRB
SACMIL
TEX14
TRPM7
shRNA family size 6
ABLI
AKAPI1
CKS2

DDR2
DKFZP566K0524
DUSP13
EAT2
EEF2K
EIF2AK3
EPM2A
FBP2
FLJ25449
Gp
GUCY2C
IMPA2
INPP5F
IRAK1
ITPKA
LO283871
LOC401313
LPP84
MAP3K1 1
MAP3K71P1
MAPK4
NRI13
NT5E
NUDT11
OBSCN
PCTK3
PIB5PA
PIP5K1A
PLCB4
PPAPDC1
PPAPDC1A
PPEF1
PPEF2
PPFIA1
PPM1J
PPPIR12B
PPP2CB
PPP3CA
PPP4R1
PPP4R1L

109b

PPP5C
PRG-3
PRKWNK3
PTPRM
RAF1
RIMS4
SGPP2
SH2DIA
SMG1
SNRK
SPAPI
SYT14L
WWP2
shRNA family size 8
CIB2
ERBB4

vssnc

shRNA family size 2
CALM1
PPP2RIA
DUSP9
shRNA lamilysire 3
PPAP2A
SSH3
shRNA family size 4
GPR109A
LCK
PPP1R14D
SIK2
TRPV5
shRNA family size 5
CDC14A
ENPP1
EPB41L4A
NMES
PIM1
PKIB
PRKCA

Table 7: Gene hits selected by shEnrich

PCSF identifies a TGFu shedding pathway
We have previously articulated the role of off-target effects (OTEs) in RNAi screens[1 61];
specifically that both reagent-based and biology-based effects affect if a gene can be identified as part of a pathway from RNAi data. Our previous work demonstrated that data integration in a network context could construct pathways de novo despite noise from RNAi
screens. Given these results, we used the Prize-Collecting Steiner Forest (PCSF) to construct a pathway for TGFax cleavage; in this process we predict additional pathway genes
not identified in the initial experimental set. Functionally, the Prize Collecting Steiner Forest
(PCSF) acts as a filter, requiring genes to have functional associations with other hits from
the screen to be included in the final pathway. To define all sets of possible associations,
we derived an interactome from iRefWeb and add predicted kinase- and phophatase- sitespecific interactions from Networkin and DEPOD (interactome construction explained in
methods). The algorithm then constructs an optimal sub-network from this interactome
by selecting edges that capture as many genes from the shEnrich ("experimental genes")
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method as possible. In this process, the algorithm adds predicted genes that connect

genes without prizes, but pays a cost for adding these edges (12, top). We use a set of
parameters to tune the algorithm to ensure an appropriate selection of experimental and

predicted genes and explain this process in methods.
The network contains 86 genes, and 97 edges (12, bottom; full network in 18). Of the
original 108 genes selected from the shEnrich method, 43 are retained in the final network.
The remaining 43 genes are predicted by the algorithm to be relevant to TGFX cleavage.

These predicted genes include proteins that are refractory to shRNA knockdown and those
that were not in the original screen. We hypothesized that the network gene list contained
subsets of functionally related genes. To find these subsets, we leveraged edges in the

network solution; genes with a high number of inter-neighbor edges are more likely to
have functional similarities. We used the GLay Community clustering Cytoscape plug-in

to subdivide the final target set into 9 sub-modules. This process removed 14 edges (12,
bottom).
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Figure 12: PCSF identifies the TGFa shedding regulatory network
(top) The cartoon schematic represents how PCSF selects an optimal sub-network. Interaction edges are aggregated across multiple databases and all edges are scored (two
shown for simplicity). Prizes are assigned from experimental data; in our case prizes
were assigned to genes selected by shEnrich. The algorithm weights the cost of adding
edges with capturing prizes in selecting an optimal network. (bottom)The optimal network
contains 86 nodes (genes) and 83 edges. Grey face coloring indicates genes selected
from the original experimental data set; white face represents hidden nodes (genes and
phospho-sites) selected by the algorithm. Node border represents specificity to randomization (pink<=0.1; orange<=0.05), and node size represents closeness centrality (larger
nodes are more central and more robust). Grey node labels indicate nodes that are sensitive to edge noise. Nodes on the far right are annotated examples to help interpret all of
their network properties.
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Robustness analysis prioritizes predicted pathway genes
To vet the candidates selected by PCSF, we performed a series of robustness and connectivity analyses. We measure the sensitivity of each gene in the solution by counting
representation in 100 runs of PCSF with noise added to the edges. Genes that are insensitive to noise show up in all networks and are assigned a score of 0.00, whereas genes
that are sensitive appear in a few networks and are assigned a score equal to 1-fraction of
network in which they are represented. A score of 0.99 indicates that the gene was present
in only one network. None of the experimental genes were sensitive to edge noise, though

12 of the predicted genes (e.g. MYH9, ING4, PPP1 CB) were highly sensitive and showed
up only in the solution without edge noise (Node label color in 12; quantification in8&9).
Randomization using random inputs from the initial library tests specificity of the final

solution. This process involves selecting random sets of genes from the original library,
rerunning the PCSF routine at the optimal parameters and counting gene representation
in this family of 100 random networks. Gene border color indicates fractional representation in these 100 random networks (Border color in 12; quantification in 8). Of the 43
experimental genes, 30 of these have low specificity, indicating general association among

targets from the original library; these targets may still have a role in shedding regulation
(such as PRKCA), though, we cannot distinguish these effects from general library association. Of the 47 predicted genes, 13 of these - PHKA2, PTPRM, ABL1, NR1 13, RXRB,
GMFB, PTBP1, CKS2, TRPM7, WWP2, PPEF2, PPEF1, PPP2R1 A, SNRK- are robust to
randomization and have high specificity.
We further use centrality metrics to quantify the robustness of our network selection.
Centrality does not imply a biological centrality per se, but reflects how the genes were
selected in this network solution. Having a high centrality implies a greater resilience to
experimental noise from the input set; mathematically, centrality reflects how interaction
edges contribute to a gene's presence in the final network. We calculated the degree,
betweenness, page-rank, and closeness centrality, and an aggregate score (1 9A) based
on interactions in the original, unclustered network. We created a normalized histogram
of centrality scores to look at the relative distribution of values (1 9B). Closeness centrality
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best discerns connectivity, where other metrics are dominated by a few high-valued nodes
(i.e. Page-Rank, Betweenness, and Degree centrality). Using closeness centrality, we can
visualize these genes within the network solution (Node size inl 2; quantification in 8).
Lastly, we create a normalized, weighted sum reflecting an experimental gene's perfor-

mance across these three metrics. We adjust specificity/sensitivity to be (1 -specificity)/(1

sensitivity), and normalize closeness centrality to the max value to scale all metrics from
0-1. We weight each metric by the standard deviation for that metric and normalize to the

maximum score possible (8).
W

=

(1-sens) *Osens +(1 -spec)*sipec+normd*Onormci
Osens +OSpec+Ofnormcl

We complete a similar analysis for the predicted genes, and again measure sensitivity to edge noise, specificity using random input terminals, and closeness centrality
as a metric for connectivity (9; all nodes in Supplemental Table 2). From this analysis,

RAF1_S499, CASP9, XIAP, CASP9_S183, PIN1_S16, VASP_S157, CASP3, NR113_T38,
and PTBP1_S16 are ranked highly.
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LCK
RAF1
PHKA2
PIN1
PRKCA
PTPRM
PPP3CA
BLK
SH2D1A
PTPN22
ABL1
NR113
RXRB
GMFB
PIM1
PPP2CB
PTBP1
TRPV5
IRAK1
CKS2
CDC14A
DUSP5
TRPM7
CDC25A
MAP3K11
WWP2
PPEF2
PPEF1
PPP2R1A
ERBB4
OBSCN
AKAP11
CALM1
PPP5C
PPP4R1
PPP1R12B
SNRK
PPFIA1
EEF2K
SIK2
EGLN1
TP53RK
SMG1

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

0.891
0.723
0.941
0.871
0.713
0.921
0.851
0.861
0.851
0.832
0.901
0.960
0.911
0.950
0.881
0.842
0.901
0.891
0.911
0.881
0.891
0.891
0.911
0.505
0.871
0.931
0.950
0.941
0.822
0.802
0.881
0.891
0.733
0.891
0.881
0.871
0.911
0.802
0.851
0.871
0.851
0.822
0.802

0.920
1.000
0.780
0.821
0.923
0.730
0.774
0.758
0.738
0.732
0.668
0.609
0.635
0.609
0.654
0.673
0.609
0.609
0.587
0.563
0.554
0.554
0.540
0.801
0.563
0.524
0.509
0.509
0.574
0.562
0.509
0.497
0.594

0.489
0.493

0.497
0.441
0.497
0.415
0.393
0.390
0.394
0.394

0.963
0.956
0.936
0.935
0.935
0.921
0.920
0.918
0.911
0.907
0.902
0.897
0.895
0.895
0.895
0.894
0.887
0.886
0.883
0.873
0.872
0.872
0.872
0.872
0.871
0.871
0.870
0.869
0.866
0.860
0.859
0.858
0.857
0.856
0.855
0.855
0.847
0.844
0.831
0.829
0.825
0.821
0.818

Table 8: Experimental genes ranked by multiple robustness metrics
Sensitivity represents fractional representation in a family of 100 networks created with
10% noise added to the interactome edges. Specificity represents the fractional representation in a family of 100 networks created with random inputs; 1 -Specificity is used for
ranking as a low specificity indicates robustness to this type of randomization. Closeness
centrality reflects a node's robustness as this metric indicates association to other nodes
within the network. Shading highlights the highest scoring nodes from this analysis.
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BCL2
RAF1 S499
BCL2_ S70
XIAP

0.00
000
0.00
0 00

GASP9
CA SP3

0.00
0 00

CASP9_ S183
BCL2_Ser87
PIN1 S16
SLAMF1 .Y307
NR113_T38
PTBP1 S16
LCK Tyr394
VASP S157
TRPV5_3S654
CASP9_.Y153
PIN1 S138
WNK3
CDC25ASer16Ser321
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TSC22D4
VASP
SLAMF1
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SNRKT173
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STK11
LCKS42
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0 901
0 950
0.970
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0.960
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0.941
0,990
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0,970
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0950
0.950
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0.950
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0.00
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0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

0 964
0 876
0.849
0.851
0.835
0 821
0.799
0.795
0.786

0738

0 975
0 961
0.958

0.955
0 950
0.945
0.944
0,941
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0.933
0.933
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0.929

0.00
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0.00
0.00
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0.99
0.99
0.99
0.99

0.871
0.941
0.891
0.881
0.891
0.683
0.950
0.921
0.911
0.644
0.535
0.990
0.970
0.980
0.980
0.960
0.980

0,736
0.736
0-732
0.739
0.736
0.688
0.670
0.667
0.656
0.703
0.670
0.614
0.616
0.572
0.525
0.656
0.470
0.442
0.441
0.443
0.503
0.842
0.768
0.751
0.736
0.685
0.630

0.927
0.921
0.910
0.909
0.904
0.901
0.898
0.895
0.887
0.875
0.865
0.864
0.861
0.849
0.847
0.805
0.803
0.373
0.351
0.348
0.345
0.329
0.318

0.99
0.99
0.99
0.99
0.99
0.99

0.950
0.990
0.921
0.782
0.960
0.723

0.568
0.538
0.571
0.656
0.438
0.579

0.298
0.297
0.294
0.293
0.268
0.265

0.950
0.931

0.842

0.00

0.928

02Thr2O5Thr212Ser214Se
r235Ser262Ser396Ser404
Ser409
MYH9_T1800
PTENT383
MAPK3_na
ING4
PPP1CB

Table 9: Predicted genes ranked by multiple robustness metrics
Sensitivity represents fractional representation in a family of 100 networks created with
10% noise added to the interactome edges. Specificity represents the fractional representation in a family of 100 networks created with random inputs; 1-Specificity is used for
ranking as a low specificity indicates robustness to this type of randomization. Closeness
centrality reflects a node's robustness as this metric indicates association to other nodes
within the network. Shading highlights the highest scoring nodes from this analysis.
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NFxB activation and TGFa shedding share common regulators
Our network contains a 15-gene cluster with high centrality, specificity, and low sensitivity
(12). This cluster contains 7 experimental genes from the original screen: PPEF1, PPEF2,

OBSCN, CALM1, IRAK1, PPP1 R1 2B, and AKAP1 1. shRNAs against all of these genes
decreased shedding except for AKAP1 1 where shRNAs induced shedding. We show the
original screening data as lightening plots in Figure 20.
Many of these genes have roles in NF-xB and apoptotic signaling; Loss of obscurins
increased cell survival and is associated with decreased caspase 3 and 9 activity[1 17].
TAB1 interacts with TAK1 which is an IKK kinase[23]. Calmodulin is needed for IKK acti-

vation during hypoxic conditions[23]. IRAK1 is an intermediate in the IL-1p induced NF-xB
pathway[27]. In a meta-analysis of late onset Alzheimer's disease, PPEF1 was associated

with disease pathology and NF-xB was one of the most perturbed pathways[85]. PPEF2
is a negative regulator of ASK1, which can disrupt NF-xB activation[96, 80]. There is evidence that the NF-xB and EGFR signaling pathways positively regulate each other, but
there is not evidence of NF-xB regulators affecting TGFa cleavage.

The cluster also predicts that TAB1 and XIAP are closely related to TGFX shedding, yet
they were not included in our original analysis. To validate these predicted genes, we used
3 shRNAs to test each gene target, and measured total TGFa, surface-bound TGFot, and
plot the relative amount of TGFe at the surface (13); we made these measurements with
and without PMA stimulation. TAB1 shRNAs consistently reduce the proportion of TGFa
at the surface, and show little effect on total TGFa. shRNAs against XIAP showed mixed
effects on the total TGFa and the proportion at the surface. However, the amount of TGF
at the surface track with XIAP knockdown, and this suggests a dosing relationship between
XIAP levels and TGFa. XIAP and TAB1 also have roles in regulating the NFxB pathway
and cell death. This identifies a novel link between regulators of the NFxB pathway and
ectodomain shedding of the EGFR ligand, TGFa.
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Figure 13: TAB1 increases and XIAP decreases TGFa at the surface
We measure the proportion of TGFI at the surface (A,B), total TGFY (CD), and TGFa at
the surface (E, F) for 3 shRNAs against TABI (left column) and XIAP (right column). qPCR
results for all shRNAs shown for shRNAs against TAB1 (G) and XIAP (H).
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Discussion
Here, we started exploring regulators of TGFa shedding in an effort to better explain the
relationship between the EGFR pathway and its relevance to gastric cancer. Through a

combined computational and experimental approach, we identify NFxB pathway regulators as affecting TGFa shedding. We validated the relevance of these gene components
through experimental validation. Our work demonstrates interplay between the NFkB and
EGFR pathways and suggests novel consequences for modulating these pathways, singularly or in combination. Though, there exists a link between NFxB and resistance to
EGFR therapies, no one has explored whether growth factor shedding is involved with this
form of resistance. It's possible that dual inhibition of NFkB and EGFR was not successful because upstream modulators of the NFkB pathway affect TGFa cleavage. Targeting
the NFkB pathway downstream of these common regulators could result in more growth
factor in the environment, competing with EGFR inhibitors. We lastly hypothesize a path

forward using existing IRAK1 inhibitors, as this target sits at the nexus of the NFkB and
TGFa pathways.
Current literature has characterized interplay between NF-xB and EGFR, but has not
yet identified ectodomain shedding as a mechanistic link between these pathways. The
NF-xB pathway can promote epithelial to mesenchymal transition in cancer cells through
up-regulation of matrix metalloproteinases[63, 59]. EGFR family growth factors can initiate and activate NF-xB signaling using pathways that are distinct from cytokines[133]. In
head and neck squamous cell carcinoma, EGFR and TGFt genes are up-regulated con-
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currently with NF-xB signaling components[1 10]. The NF-xB activators, IKKat and IKKp

enhance EGFR signaling, and activation of both lKKs can induce EGFR, TGFa, and Jun
expression[1 10].
Previously, IRAK1 had limited connections to gastric cancer, but has been better char-

acterized in other pathologies. This gene has been identified as a prognostic factor in gastric cancer through its seed match with miR-146a which targets both EGFR and IRAK1.

miR-1 46a was significantly under expressed in clinical gastric cancer samples, and ectopic
expression reduced invasion and down-regulated both EGFR and IRAK1[77]. IRAK1 has
been characterized in breast cancer where it is over-expressed in triple negative breast
cancer (TNBC) samples and is involved in resistance to microtubule-targeting agents. Pa-

clitaxel induces IRAK1 phosphorylation and subsequent release of pro- NFkB cytokines
preventing apoptosis[1 55]; this effect is also observed with vincristine. The group also
saw that using IKKB inhibition could not fully abrogate effects of IRAK1 - NFkB activation,
implying that an alternative mechanism may exist. Lastly, the group explored the use
of traditional Chinese medicines, Ginseng products ginsenoside Rbl and its metabolite
-

compound K (CK), to modulate IRAK1. The metabolite CK could recapitulate the IRAK1

inhibitor phenotype. IRAK1 has also already been explored for its ability to modulate NFkB

activity in myelodysplastic syndromes (MDs) [125].
Modulating the NFxB pathway could have other effects on EGFR dynamics beyond
affecting TGFa shedding. In the case of CAPE, another modulator of NFxB activation,
administration of this compound increased the anti-tumor effects of tamoxifen in breast

cancer[ll01], and sensitized ovarian cancer cells to chemotherapy[46]. In gastric cancer,
CAPE inhibited proliferation of gastric cancer cells on multiple substrates and reduced
the expression of MMP9[78]. While, we know that sheddase enzymes are involved in
ectodomain shedding, we have not characterized their role in NFxB modulation and response to targeted therapies, the effects of this network on the sheddases themselves
remains undetermined.
While we focus on one potential therapeutic route forward, our model also predicts new
mechanistic information about XIAP a gene that is currently a focus for therapeutic development. XIAP-TAB1 binding is an upstream regulator of NFxB signaling[21] and over ex82

pression of XIAP is associated with loss of apoptotic signaling in cancer[1 11]. XIAP binds

and inhibits caspases 3 and 9, and also TAK1; binding TAK1 causes ubiquitination and
degradation of TAK1 to prevent its activity with JNK[73]. NF023, a new compound, inhibits
XIAP-TAB1 binding, and thus could be a novel pro-apoptotic therapeutic in cancer[21 ]. Our
work suggests that XIAP targeting can affect EGFR signaling by modulating TGFa cleavage. Reducing TGFt at the surface may diminish the effects of the autocrine loop between
TGF and EGFR[79] and may be another justification for why XIAP targeting could be an
effective cancer therapy.
Our network approach is useful for identifying how signaling pathways intersect and

can affect targeted therapies. Already, single RTK-targeted therapies have had success
in circulating tumors and mixed success in solid tumors. The idea that solid tumors are
genetically more complex than circulating tumors suggests that multi-targeted therapies
may be more successful, and further, that instead of targeting multiple RTKs, a successful
approach may involve the incorporation of signaling intermediates, such as the case of ABL
as a down-stream mediator of MET[44]. While discovering how these pathways intersect
remains a difficult challenge, our application of network methods to understand growth

factor shedding demonstrates a path forward.
Methodologically, we offer a few considerations for future work modeling RNAi data: We

compared three methods based on different RNAi assumptions and find that methods that
equally weight all shRNAs diminish any possible real effects. The median method is simple
and accessible, but assumes that all shRNAs are creating an on-target effect and that the
cell cannot compensate for these perturbations. Though, given literature about seed-driven
effects, and many publications about off-target effects, we are unconvinced that the median
approach is appropriate[97, 71,161, 42]. Ranking methods such as shEnrich (e.g. RIGER)
offer the richest path forward.
The shEnrich method is robust to redundant shRNA performance and is useful for selecting targets from the initial screen. This is unsurprising, as many other groups have
also shown that similar enrichment methods reduce the role of off-target effects on screen
interpretation[140, 89, 171, 72, 121]. Though, even this approach lead to inconsistent
validation results, indicating residual complexity in RNAi effects. However, using the net83

work approach as a filter accommodates this type of complexity and can confirm a gene's
membership in the final target set.
The two-best shRNAs method is also simple, but yields few targets. In using shEnrich,
it appeared that the enrichment score trended with the two strongest shRNAs (e.g. for
PRKCA and TRPV5). So while simplistic but not comprehensive, the two-best shRNA

approach may have merits as a first pass analysis technique.
It's unclear as to what number of redundant shRNAs are necessary and sufficient for
conducting pooled shRNA screens. The field has moved to screens with increasing numbers of RNAi reagents, sometimes using more than 20 shRNAs against a given gene. This
approach does increase statistical power for analyses, though it disregards the richness
of pathways-based approaches for sorting out off-target effects. Our network analysis and
scoring comparison suggests that smaller numbers (-5 shRNAs) can be sufficient when

analyzing screens with network-filtering approaches.
The network approach may also minimize seed-driven RNAi effects. In a screen for host
factors responsible for viral and bacterial infection, the authors demonstrated that specific
seed sequences were more predictive of phenotypic outcome than their gene targets[42].
In our screen, seed-driven effects may be responsible for measured TGFa cleavage. In
the case of the PRKC family, redundant shRNAs against the same gene had varying phenotypes in the initial shEnrich analyses, yet almost every family member had at least one
shRNA with a relatively strong effect. Second, subsequent validation of PRKCA with mul-

tiple shRNAs showed both decreased and non-affected levels of TGFX cleavage. The
network identified just PRKCZ and PRKCA as the most likely candidates; thus, networkbased approaches may be sufficient filters for reducing the tendency for seed-driven RNAi

effects.
For pathways discovery, interactome-based methods offer a means to discover pathways that are tissue non-specific. When conducting pathways discovery based solely on
experimental data, one is constrained by the elements expressed within the experimental tissue.

By interpreting these experimental results in the context of an interactome,

we create a larger possible pathway landscape. It's possible that all components of an
interactome-derived pathway are not expressed in all tissues. In this case, filtering the
84

pathway after creation maybe appropriate. However, the initial pathway model stands as a

general reference pathway and is likely more comprehensive than a pathway derived from
any single tissue or cell model.
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Methods
shRNA screen for regulators of TGFx shedding
The initial screen was conducted in Jurkats and is fully described in [25]. An important
feature of this screen is that it uses a Jurkat-TE cell line which expresses TGFc with an

intracellular GFP and extracellular HA tag.
shEnrich method
The shEnrich method analyzes redundant shRNAs against a given gene to select for consistency and strength of biological effect (in our case, projected effect on TGFL shedding).
The method rank-orders all shRNAs and calculates a moving enrichment score (ES) based
on summing the probability of finding an shRNA within the gene's family (probability of a
hit, "phit") and the probability of finding an shRNA outside the family (probability of a miss,

"pmiss"). For each gene's shRNA cohort, there is a total effect represented by the sum of
all shRNAs z-scores; the phit is a fractional representation of how much of this total effect
is captured at each rank. The p_miss is a fractional penalty equivalent to the inverse of the
number of nom-family shRNAs in the screen.

ELISA assays in MDA-231

Validation of screen hits was conducted using MDA-231 cells plated in 96 well plates. 90%
confluent cells were stimulated with 100 nM PMA for 2 hours after which time supernatant

was collected. A microsphere-based Luminex Technology and ELISA kits (DY239, R&D
Systems) were used to measure a panel of shed growth factors, as previously described
[129].

A phosphorylation-site specific interactome
We used the set of human interactions contained in version 13 of the iRefIndex database
[124] as our source for protein-protein interactions, which consolidates information from
a variety of source databases. We used the Mlscore system [152] to assign confidence
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scores (ranging from 0 to 1) to these interactions, which considers the number of publications (publication score), the type of interaction (type score), and the experimental method
used to find the interaction (method score). We extracted the relevant scoring information
for interactions from the iRefindex MITAB2.6 file, using the redundant interaction group
identifier (RIGID) to consolidate interactions between the same two proteins reported by

multiple databases, and used a java implementation of Mlscore (version 1.3.2, available
at https://github.com/EBI-IntAct/miscore/blob/wiki/api.md) with default parameters for indi-

vidual score weights. We only considered interactions between two human proteins (i.e.
we excluded human-viral interactions) and converted protein identifiers, generally provided
as UniProt or RefSeq accessions, to valid HUGO gene nomenclature committee (HGNC)
symbols. Once converted, we removed redundant interactions (generally arising from
isoform-specific interactions that map to the same protein/gene symbols) and retained
the maximum observed score. This produced a total of 175,854 unique protein-protein
interactions.
To this interaction set, we added predicted and experimental interactions for kinase and

phosphatase sites. We collected the kinase-site interactions from Phosphosite [60] and
phosphatase-site interactions from DEPOD[86]. Where site-specific information existed,
we created edges in the interactome, first from the kinase/phosphatase to a substrate-site
node (represented in the network as 'PROTEIN_SITE') and second from the substrate-site
to the substrate (represented as 'PROTEIN'). The kinase/phosphatase to substrate-site
interactions were scored using a modified miscore framework[152]. This scoring method
is a normalized, weighted sum of an interaction type score(Sp), evidence type score(St),
and publication value score(Sp):
S

KpSp+KmSm+KtSt
Kp+Km+Kt

Using the miscore framework as a guide, all interaction type scores (St) were set to
1 (because this interaction information was 'direct'). Publication scores were set using
the miscore scale (Sp=0.00/0.33/0.53/0.67/0.77/0.86/0.94/1.00

for 0/1/2/3/4/5/6/7 publica-

tions). The method scores (Sm) were set based on the evidence available for each data
set:
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DEPOD

Phosphosite

in vitro reaction or in vivo in one lab

0.33

in vitro evidence

0.33

in vitro and in vivo or evidence in multiple labs

0.66

in vivo evidence

0.66

in vitro and in vivo in multiple labs

1.0

both

1.0

All K values were set to 1. The interactome uses Uniprot identifiers.

Prize-collecting Steiner Forest (PCSF)
We used the genes selected by the shEnrich method and the interactome network described above as inputs to the Prize Collecting Steiner Forest algorithm[1 46]. The genes
from shEnrich were all assigned prize values of 1 and converted to Uniprot identifiers. We
used the parameters

P=10, D=10, w=1, and p=0.006 (parameter optimization explained

in supplemental methods). After finding an optimal network of genes, we augmented this
forest and added back all possible interactions among these genes from our initial interactome. We converted to gene identifiers back to gene symbol and visualized the network in

Cytoscape. The PCSF algorithm is available online as part of our 'Omics Integrator suite
of tools (http://fraenkel-nsf.csbi.mit.edu/omicsintegrator/).

Sensitivity, Specificity, and Centrality Metrics
To determine a gene's sensitivity within our network solution, we create a family of 100

networks using the original prize values and genes selected from the shEnrich method,
and add 0.5% noise to the interaction edge scores in our interactome. For a given gene, we
measure sensitivity by counting the gene's representation in the family of noisy networks.
A gene that shows up in all of the networks is insensitive to noise and thus robust to

our method. Because the prize nodes are constant inputs to the algorithm, we expect
them to be insensitive to edge noise. To measure specificity, we again create a family
of 100 networks. This time, we hold the interactome constant and randomly select gene
targets from our initial library as inputs. We run the algorithm at the same parameters as
above and count a gene's representation in the family of random networks. We calculate
1-specificity to rank genes that are specific to the real experimental data and eliminate
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biases in selection due to the initial library construction. For all centrality metrics we use

the networkX module in Python.
Measuring surface bound TGFot in Jurkat cells
For all measurements in Jurkat-TE cells, we used the following staining and washing pro-

cedure: Jurkat-TEs were spun out of media and re-suspended in 25 uL of 1:100 goat
anti-HA (lot #) on ice for 1 hour. They were washed 3 times with 200 uL cold PBS with 3%
FCS, and resuspended with 25 uL 1:100 APC-coupled anti-goat (lot#) on ice for 2 hours.
After secondary staining, they spun down, and were resuspended with propidium iodide

(PI). Relative TGFx at the surface was quantified using FACS. We analyzed all FACS data
using FlowJo. We measured the FITC and APC-A geometric means in the PI-negative
(live) population. Relative TGFa is determined from the ratio of red:green fluorescence

and represents the relative amounts of extracellular:intracellular TGF.
shRNA knockdown experiments
We ordered three Mission SHRNA Transduction Particles from Sigma Aldrich for TAB1
(clone IDs: TRCN0000381913, TRCN0000380746, TRCN0000380345) and XIAP (clone
IDs: TRCN0000231575, TRCN0000231576, TRCN0000231577). Jurkat cells were plated
at 2.5x105 cells per well in 96 well v-bottom plates, and infected with 1 uL of virus in

media with 4ug/mL polybrene. After 24 hours (day 1), cells were switched to media with
2.5ug/mL of puromycin. On day 3, fresh media with puromycin was added. On day 5, cells
were switched to regular growth media and allowed to recover before stimulation. On day
7, cells were either stimulated with 100 nM PMA or left in media. At 5 minutes cells were
spun down, media was removed, and we measured surface bound TGFa as described
previously.
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Supplemental Methods
Parameter Optimization
We first optimized the algorithm and parameters to minimize selection of "hub" nodes (or

genes that are highly connected due to publication bias). We set these as our "grey listed"
targets and quantify their representation in 100 runs of the algorithm at various degree

penalty values (controlled by the mu parameter; data now shown).
We further optimize the remaining parameters - P, D, and w. These parameters control the algorithm's inclusion of experimental genes ("terminal nodes") relative to non-

experimental genes ("hidden nodes"), network size, and relative density. We ran PCSF
over 36 parameter configurations, using all combinations of the following sets: P [1,10,100],
o [0.1, 1, 10, 100], and D [10, 20, 30]. Briefly,

p sets the relative cost of capturing gene

(node) prizes with adding edges, o tunes the initial cost associated with connecting the
dummy node to all terminal prizes in the input set, and the depth, D, controls how long a
given pathway goes in the final network. We look for a balance of efficiency (ratio of ter-

minal nodes:hidden nodes), network size, and tree composition (rejecting parameter sets
that contain any sub-trees with 3 or fewer nodes.
We find the optimal network parameters by looking for a high efficiency (high terminal:hidden node ratio), reasonable network size relative to the input set, and exclusion of
grey-listed nodes (Figure 17). After vetting the sub-network creation, we select an optimal
parameter setting of p=1, D=30, co=10, and

ji

= 0.006 (Figure 12).

We also consider representation of hub nodes, or nodes that have extremely high connectivity in the interactome, and consider how often a parameter set includes these hub

nodes in the final solution. Prior to running PCSF simulations, we identify a set of greylisted nodes by ranking all nodes in our interaction by degree and taking those with a

degree > 200 to add to the grey list. At each parameter set, we count the fractional representation of these grey nodes in 100 runs of PCSF with random input prizes. Each
heatmap shows this fractional representation across the previously mentioned 36 parameter configurations. The final optimal parameters were
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P=10, D=1 0, co=1, and pL=0.006.

Supplemental Figures and Tables
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Figure 14: histograms for shEnrich (forward)
Forward normalized enrichment scores (NES) histograms for shRNA families with
2/3/4/8/9/10 (A/B/C/D/E/F) shRNAs.Histograms for 5-shRNA family shown in 11. In all
panels, the dark purple distributions represent a distribution of shRNA scores calculated
from lacZ controls and the light pink distributions represent scores calculated using genetargeting shRNAs.
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Figure 15: histograms for shEnrich (reverse)
Reverse normalized enrichment scores (NES) histograms for all shRNA families with
2/3/4/8/9/10 (A/B/C/D/E/F) shRNAs. Histograms for 5-shRNA family shown in 11. In all
panels, the teal distributions represent a distribution of shRNA scores calculated from
lacZ controls and the yellow distributions represent scores calculated using gene-targeting
shRNAs.
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Figure 16: Scatter plots for shEnrich method
family sizes in the forward (A-F) and reverse directions (G-L).
shRNA
all
for
plots
Scatter
In all plots, each individual point represents an shEnrich score (y-axis) and max effect size
(x-axis) for each gene (colored points) with a particular shRNA family size or a random
sampling of lacZ controls (black points). Orange rectangles define a region for selecting
gene targets for further modeling. This region is defined as having an shEnrich score
above all lacZ controls and a max effect size < -1.0 z-scores (for forward calculations, A-F)
or an shEnrich score above lacZ controls and a max effect size >1.0 z-scores (for reverse
calculations, G-L). For most genes, they were no more consistent than the lacZ controls
and did not make the threshold for further modeling.
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Figure 17: Optimization of network node selection
parameters, beta, omega, and depth. (A-C) show fractional repPCSF
the
We optimized
resentation of 'grey nodes' (the nodes with the highest connectivity in our starting interactome) in 100 random networks created with depth=1 0 (A), depth=20 (B), and depth=30
(C). Each row represents an individual grey node, and the columns represent different
combinations of omega (0.1,1,10, and 100) and beta (1,10,100). We additionally measure
network efficiency (ratio of terminal:hidden nodes) (D), the relative network size (E), and
the number of 1/2/3-node trees (F) at each of these parameter combinations.
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Figure 18: The full network selected by PCSF
Grey face coloring indicates genes selected from the original experimental data set; white
face represents hidden nodes (genes and phospho-sites) selected by the algorithm. Node
border represents specificity to randomization (pink<=0.1; orange<=0.05), and node size
represents closeness centrality (larger nodes are more central and more robust). Grey
node labels indicate nodes that are sensitive to edge noise. Nodes on the far right are
annotated examples to help interpret all of their network properties.
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Figure 19: Centrality metrics test gene robustness.
(A) Network genes ranked by Degree, Betweenness, Page-Rank, and Closeness centrality.
The Aggregate represents the multiplicative sum of all ranks. (B) Gene membership in
centrality metric bins. Bin 1 contains genes with low centrality scores and bin 15 contains
genes with high centrality scores.
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Figure 20: Lightening plots for NFxB regulators.
The cluster of genes is shown in the upper left. Below, lightening plots for all experimental
genes are as in 11: the enrichment score (ES) is plotted against the ranked shRNAs. The
ES increases each time that an shRNA at a ranking targets the gene of interest. Otherwise,

the ES decreases linearly. The grey lines are 100 representative plots of subsets of the
non-targeting shlacZ controls. Genes which are enriched in the forward/reverse direction
correspond to genes whose shRNAs increase/decrease shedding.
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Two best ShONA;
Gene
PHKCA

shRNA_ I
3 1/2

shRNA-.2
1 430

I HPV,

2042

1.530

PPP1R14D
MAST2
PPEF1

2.455
2.684
2.676

2.220
2.621
1.608

MAT?

1 790

PKIB

1 472

DUSP6
SSH1
FASTK
PTPRE
PTP4A1
GUCY2C
INPPSA
PPAP2A
SSH3
GMFG
CDC14A
DUSP9
IRAK4
SGKL

1.292
-1.275
1.225
-1 219
1.178
-1.121
-1101
1.090
1.068
1.059
1.052
1 050
1 048
-1,042
1.042
1.035
1.030
-1.029
-1.024
-1.008

STK33
ERBB3

INPPSD
PPP4R1
CHP
TPS3RK

Table 10: Comparison of alternative scoring metrics for redundant shRNAs.
The median score reflects the median value of all shRNAs against a given gene. Median
values that are above or below +/- 1 z-score are shown. The two-best approach requires
that a gene have one shRNA with an abs(z-score) > 2.0 and a second shRNA with an
abs(z-score) > 1.25 to be considered a hit.
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Part V

Mutual information identifies gene cohorts
predictive of response to Dasatinib

treatment in Acute Lymphoblastic Leukemia
Abstract
Many patients suffer relapse after treatment with Dasatinib, a second-line tyrosine
kinase inhibitor, yet, little is know about what genetic factors govern this process. We
systematically measure a 20K pool of shRNAs in vivo to identify genetic mediators
of Dasatinib response in an pre-B-cell Acute Lymphoblastic Leukemia (ALL) model.
Mouse to mouse variability greatly affects the ability to easily measure shRNA effects in
this environment. We develop a mutual information heuristic to find cohorts of shRNAs
governing response to treatment and identify a gene set that confers a growth advantage to ALL prior to treatment and a disadvantage following Dasatinib treatment. The
set in includes AF366264, Art4, Fati, GtpbplO, KIf13, Nxphl, and Ube2ql. These
genes have known associations with leukemic progression but have not been explored
as prognostic markers for predicting response to Dasatinib.
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Introduction
Dasatinib is a second-line tyrosine kinase inhibitor (TKI) for treating hematopoietic cancers, yet many patients still experience relapse after this secondary treatment[137]. Point

mutations in the drug target, BCR-ABL fusion protein, are one source of resistance. In
one mutational analysis, 78% of patients harbored single mutations in the BCR-ABL, and

58% had multiple mutations in this protein[137]. Therefor it is desirable to identify which
genes modulate response to Dasatinib and thus infer which genetic lesions could abrogate
or enhance response to this therapy.
As understanding of complexity in cancer genetics increases, the field has started
adopting a systems-wide approach. It's becoming more clear that single mutations or single sensitivities are individually insufficient for explaining disease progression, response to
treatment, and other complex phenotypes. Rather, whole pathways or groups of genes,
mutations or proteins are more informative for understanding these phenotypes, such as
drug resistance(161, 551.

High-throughput screens are a tool which can uncover such

pathways.
High-throughput rna-interference (RNAi) screens in vivo are one tool for probing ge-

netic pathways and their contribution to disease. These screens have identified novel
targets in hematopoietic malignancies[97, 92]. One screen used stably integrated shorthairpin RNAs (shRNAs) to identify genes relevant to Lymphoma progression in vivo. This
shRNA library tested thousands of targets simultaneously in mice, and identified components of cytoskeletal dynamics specifically as in vivo regulators of the disease [92]. RNAi
experiments in mice can now accommodate tens of thousands of shRNAs and multiple

treatment conditions, expanding the use of these loss of function techniques.
Here we sought to discover genes contributing to Dasatinib response in Acute Lymphoblastic Leukemia (ALL). To understand this effect in vivo, we introduced an shRNA
library into mice using a B-cell ALL model and tested whether or not cells representing
shRNAs remained in the circulation before and after Dasatinib treatment. However, due

to mouse to mouse variation, there is often differential shRNA response across mice under similar conditions. This consequence masks the effect of some shRNAs that may be
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relevant to disease and/or treatment effects, and necessitates novel methods for extracting these potentially informative shRNAs. Here, we employ a modified mutual information
heuristic which analyzes sub-sets of shRNAs in each mouse and looks for patterns of

co-acting shRNAs across mice. From these co-acting subgroups, we hypothesize new
pathways relevant to disease progression, and response to treatment.
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Methods
shRNA screen and Dasatinib treatment
We infected B-cell acute lymphoblastic leukemia cells (B-ALL) in culture with a 20K library
of shRNAs at a multiplicity of infection < 1. After integration, we FACS-sorted cells for
shRNA integration and tail-vein injected 1x106 cells per mouse. At the time of injection,

we reserved 1x106 cells as the input sample. Leukemia developed over 11 days, at which
time, we sampled pre-B-cell ALL cells from the blood as the pre-treatment sample. After
sampling, mice were treated with Dasatinib at 10 mg/kg for 3 days. Mice were then allowed
to relapse, at which time, we sampled B-ALL cells as the post treatment sample. All
samples were then sequenced to determine shRNA representation.
Data Processing, clustering, and mutual information
We filtered out all shRNA counts below 100 reads and performed size-factor normalization
on raw sequencing counts using DESeq2[5]. To further reduce noise across samples, we

calculated the natural logarithm of the fold-change between pre and input samples (early
change, "pre-treatment") and post and pre samples (late change, "post-treatment"). We
collapse these fold-changes into a single (x,y) variable for clustering and plotting. In the
end, we have one data vector for each mouse (5 in total: "mouse 2", "mouse 3", "mouse 5",
"mouse 8", "mouse 9"), where each data point is a (x,y) coordinate representing the (pretreatment,post-treatment) log-transformed fold changes. We used hierarchical clustering

to compare the pre-treatment and post-treatment data across the five mice that survived
the screen using the Pycluster module in Python. We next clustered data points within
each mouse vector using Pycluster's K-means clustering algorithm. We used Euclidean
distance and k = 2,3,4,5,6,9,10 initially. We determined that 9 clusters represented the
'elbow' on the intra-cluster distance vs. k plot and selected 9 clusters as ideal divisions
among the data (explained in results). The selection of 9 clusters was also consistent with
our anticipated number of shRNA groups given the possible combination of responses at
each time point. We employed a mutual information metric to compare the overlap between
mice. The mutual information metric is given by the following:
102

Equation M.I.

=

ijp(a, b) * log

(ab))

Where p(a,b) = (no. of shRNAs in both cluster a and cluster b)/(total shRNAs); p(a) M.I.
=

(number of shRNAs in cluster a)/(total shRNAs); and p(b) = number of shRNAs in cluster

b)/(total shRNAs); summed over all clusters ij in the two mice under comparison(similar
to[138]).
From this analysis, we were interested in the extent to which each of the inter-cluster
components were contributing to the overall score between mice. Identifying these sub-

groups is consistent with our aim to find cohorts of shRNAs responding to disease and
treatment. To identify these clusters, we separately plotted each component comparison
in a heat map. The components are equivalent to p(a,b) * log(p(a,b)/p(a)p(b)) for a two
cluster comparison.
To correct for the amount of overlap expected by chance we background-corrected the

component scores using randomized data. For each mouse, we created random clusters
by dividing the shRNA data into 9 bins of the same size as the original clusters, and repeated the M.1. component calculation 100 times. We averaged these random M.l. scores
and subtracted this 'background' value from the original value. This correction method also
accounts for differences in cluster size as set by the k-means algorithm.
We used a standard hypergeometric test to compute the significance of overlap between clusters and used the scipy package in python for this calculation.
Bi-clustering
We used the clustergram function in MATLAB to bicluster the normalized, fold-change data.
In vitro validation of shRNA cohort
We designed 97mer sequences using the Euphrates website (http://Euphrates.mit.edu/cgibin/shRNA/index.pl). We ordered the following oligos (forward and reverse sequences
represented for each gene):
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AF366264
AF366264
Art4
Art4
Fati
Fati
Gtpbpl0
Gtpbpl0
KIfM3
KIf13
Nfat5
Nfat5
Nxphl
Nxphl
Ube2q1
Ube2ql

V2MM191661

TGCTGTTGACAGTGAGCGCGGGCAGAGAAATGTATCAAATTAGTGAAGCCACA

V2MM19166_2

TGAAGCCACAGATGTAATTTGATACATTTCTCTGCCCTTGCCTACTGCCTCGGA
TGCTGTTGACAGTGAGCGCGGAGACTATTCATAAAGGAATAGTGAAGCCACA

V2MM_17020_1
V2MM_17020_2
V2MM_109794_1
V2MM_109794_2
V2MM35901
V2MM35902
V2MM1766071
V2MM_176607_2
V2MM_2869_1
V2MM_2869_2

V2MM_981121
V2MM981122
V2MM_9292_1

V2MM92922

TGAAGCCACAGATGTATTCCTrATGAAATAGTCTCCTTGCCTACTGCCTCGGA
TGCTGTTGACAGTGAGCGACCTGTCTGAAGCATCTGTAATTAGTGAAGCCACA

TGAAGCCACAGATGTAATACAGATGCTTCAGACAGGGTGCCTACTGCCTCGGA
TGCTGTrGACAGTGAGCGACGCACTCTTAGCAATTAATAATAGTGAAGCCACA
TGAAGCCACAGATGTATTATTAATTGCTAAGAGTGCGGTGCCTACTGCCTCGGA

TGCTGTrGACAGTGAGCGCGGCATAGATTCTATATTGTAATAGTGAAGCCACA
TGAAGCCACAGATGTATTACAATATAGAATCTATGCCTTGCCTACTGCCTCGGA

TGCTGTTGACAGTGAGCGACCTGTATCAGTGGGAATATATTAGTGAAGCCACA
TGAAGCCACAGATGTAATATATTCCCACTGATACAGGCTGCCTACTGCCTCGGA
TGCTGTTGACAGTGAGCGACCCTTCAAGGTGATCTGTATTrAGTGAAGCCACA
TGAAGCCACAGATGTAAATACAGATCACCTTGAAGGGCTGCCTACTGCCTCGGA
TGCTGTTGACAGTGAGCGCCCAGAGGCAAGATTACTTAAATAGTGAAGCCACA

TGAAGCCACAGATGTATrAAGTAATCTTGCCTCTGGTTGCCTACTGCCTCGGA

We PCR amplified these sequences, extracted the 138bp product and ligated into an
MLS + GFP vector. With this vector we transformed competent cells and verified ligation products by sequencing. We maxi prepped DNA from transformed competent cells,
cleaned DNA using a zymoclean kit, and used this DNA to transfect Phoenix cells. We

collected virus from Phoenix cells and used this to infect tomato+ pre-B-cells.
We plated 2.0 x10 6pre-B-cell ALL cells into 6-well plates. For each shRNA construct
(including MLS) we tested 3 volumes of viral media (1.5, 2.0, 2.5 mL). After 24 hours, all
wells were sampled via FACS and the sample with the greatest infection was considered
the input (day 0) measurement for each construct. This sample was split 1:3 and maintained separately in culture for the duration of the experiment. The cells were split every 24
hours, we used FACS to measure the GFP percentage. On day 6, the cells were switched
to media with 1 nM Dasatinib. FACs analysis was conducted using FlowJo.
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Amplify and sequence for shRNA representation

Figure 21: A longitudinal screen for mediators of ALL and response to Dasatinib
We introduce a 20K pool of shRNAs into pre-B-cells in culture (top). We take representative samples of this population and transplant them into syngeneic mice recipients. At the
time of input we take a representative sample and sequence for shRNA representation.
At disease representation, we sample blood from leukemic mice and again sequence for
shRNA representation. At this time, we administer Dasatinib treatment. Following treatment, we again sample blood and sequence for shRNA representation. We can characterize shRNA trends by looking at the fold-change of any shRNA at the early time point
(pre-treatment/input) and the late time point (post-treatment/pre-treatment).

Results
An shRNA screen measures shRNA representation before and after treatment
We conducted a longitudinal shRNA screen to identify genetic mediators of ALL and response to treatment. We represent the work-flow for this experiment in Figure 21.
We normalized sequencing reads across mice, filtered reads for high variance, and
calculated early (pre-treatment/input) and late (post-treatment/pre-treatment) fold-changes
(Figure 22). We used hierarchical clustering to identify distinct groups between the early
and late change data points (Figure 22).

A mutual information heuristic selects cohorts of co-acting shRNAs
We chose to look for trends across pairwise comparisons of mice because we expected
variability across mice due to differences in library representation. The longitudinal nature of the screen and the added effects of treatment make it difficult to identify a strict
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Figure 22: Hierarchical clustering of 'early' and 'late' fold-change data
Blue/red indicates shRNAs which deplete/enrich from input -> pre-treatment or from pretreatment -> post-treatment. Color bar shows the scale of fold-changes. An enlarged
dendrogram is included on the right.
106

fold-change threshold for identifying shRNAs related to disease progression and treatment

response. We were interested to see if mutual information could be extended to this problem because we saw it as a means for avoiding the need to define fold-change thresholds.
To identify cohorts within mice, we first binned the shRNAs using k-means clustering
on the log-transformed fold-change data. For each mouse, we sampled k=2,3,4,5,6,9,and
12 clusters. At each value of k, we measured the intra-cluster distance and looked for the
inflection point at which this distance stopped decreasing (Figure 23). For all mice, the

inflection point for intra-cluster distance was found at k=9. This is fitting because we hypothesized 9 possible groupings based on the possible shRNA response at (early/late) time
points: (no-change/no-change), (no-change/increase), (no-change/decrease), (increase/nochange), (increase/increase), (increase/decrease), (decrease/no-change), (decrease/increase),

and (decrease/decrease). We plot all of the shRNAs clustered per mice (Figure 24). Kmeans clustering does not cleaning separate the data and it's possible that other clustering
metrics, such as fuzzy k-means, would be better suited to this data set. It is also the case
that many of the shRNAs have subtle effects making it difficult to cleaning separate them
into distinct bins. However, this approach was strongly motivated to reduce the necessity
of setting specific fold-change cut-offs. K-means clustering allowed for an unsupervised
means to create these bins within mice without having to manually set thresholds for each
mouse.
We first look across mice by asking by looking at how much overlap existed between
all pairwise combinations of inter-mouse clusters. We use Equation I and plot the results
as a heatmap in Figure 25. Because we expect the self-comparisons to have the highest
possible mutual information, we compute the highest possible mutual information score
for all comparisons and subtract this background score to more clearly compare between
mice. As expected, self-comparisons drop to near zero, but the comparisons between
other mice remain positive. Mouse 2 and mouse 9 were the most similar, and mouse 8/9
and mouse 2/3 also having relatively high mutual information.
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Figure 23: Intra-cluster distances for all mice
For each mouse, we used a k-means clustering algorithm to cluster shRNAs and calculate
the intra-cluster distance based on the early and late fold-change values.
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Figure 24: K-means clustering for all mice with k=9
Each point is an shRNAs where (x,y) represents (early, late) fold-changes.
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Figure 25: Mutual information between mice shows some mice are more similar than others
We used Equationi to determine similarity across mice and plot the raw scores (top) and
the background-subtracted scores (bottom) as a heatmap.
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We plot all pairwise comparisons in raw scores (A) and background-subtracted scores (B).
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Figure 27: Hypergeometric testing of component comparisons.
We show the raw Fisher's exact p-values (A) and the bonferroni-corrected p-values (B).
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shRNA cohorts identify gene targets affecting disease progression and response to

treatment
We then wanted to know which groupings of shRNAs were contributing to the mutual in-

formation observed across mice and if any of these groupings were statistically significant. To test this hypothesis, we plotted the "component" mutual information scores for all
cluster-cluster comparisons. In this context, a "component" refers to any individual shRNA
cluster. We plot a heatmap of all component comparisons in Figure 26. As expected, selfcomparisons had the highest mutual information scores in the raw values, and intra-mouse
comparisons had a score of zero (because no shRNA could be assigned to two different
clusters). To mitigate the strong effect of self-comparisons, we again calculated an average
expected mutual information score for all cluster comparisons, and background subtracted
this score from the raw values (Figure 26). The background-subtracted heatmap highlights
clusters that have more shRNA overlap than expected by chance. Clusters which have

relatively high overlap include mouse 2 cluster 0 and mouse 8 cluster 1, mouse 9 cluster
0 and mouse 3 cluster 1, mouse 9 cluster 0 and mouse 5 cluster 0, mouse 5 cluster 4 and
mouse 8 cluster 1, and mouse 9 cluster 4 and mouse 8 cluster 1. This analysis suggests
that there is relatively high overlap of shRNAs in each of these clusters, and we can infer
that the shRNAs are showing similar changes at early and late time points across mice.
Before investigating which shRNAs belonged to which cluster and the direction of their
effects, we wanted to vet our method statistically, and with other machine learning approaches. In our adaptation of mutual information, we used background subtraction to
correct for expected overlaps. Fisher's exact test is a standard, well-recognized method
for looking at statistical significance between gene groups. To compare results from our
method, we calculated a Fisher's exact test for each component comparison and use a
bonferroni mutilple hypothesis correction to filter component scores that remain significant
(Figure 27). As expected, self comparisons were the most statistically significant (because
they had 100% overlap in shRNAs). Only three other cluster comparisons remained significant - mouse 8 cluster 1 and mouse 2 cluster 0, mouse 9 cluster 0 and mouse 3 cluster
1, and mouse 5 cluster 4 and mouse 8 cluster 1 (Figure 27).
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Table 11: Gene-targeting shRNAs in significantly overlapping clusters
We plot these clusters and look at shRNA fold-changes at pre/input and post/pre (Figure28).
Group 1 shows mouse 8 cluster 1 (m8c1) and mouse 2 cluster 0 (m2cO), between which
there are 12 overlapping shRNAs (Figure 28, top). M8cl contains shRNAs that enrich from
input to pre-treatment and then deplete from pre-treatment to post-treatment and m2cO
identifies shRNAs that enrich both from input to pre-treatment and from pre-treatment to
post-treatment. Of these 12 overlapping shRNAs, there are 5 targeting known genes (Table 11). Group 2 compares mouse 9 cluster 0 (m9cO) and mouse 3 cluster 1 (m3c1). Both
of these clusters identify shRNAs that enrich from input to pre-treatment and from pretreatment to post-treatment. Within this comparison there are 19 shRNAs represented in
both clusters; 13 of these shRNAs target annotated parts of the genome (Table 11). Group
3 contains mouse 5 cluster 4 (m5c4) and mouse 8 cluster 1 (m8cl) (Figure 28, bottom).
Between these clusters there are 6 overlapping shRNAs, 2 of which target genome regions
with known annotations (Table 11). M5c4 identifies shRNAs with enrich at both early and
late time points.
M8cl had significant overlaps with both m2cO and m5c4. Across all three clusters 2
shRNAs are represented in all three clusters; only one of these genes targets a gene with
known annotation: D2Ertd750e.
Group 2 (Figure 28, middle) contains the highest number of overlapping shRNAs with
known gene annotations. If we also consider overlap of gene targets (instead of considering overlap of individual shRNAs), the number of gene targets identified as overlapping in
this cluster increases to 32 (Figure 29). The full list of gene targets from this cluster is in
Table 12.
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Figure 28: shRNA fold-changes for clusters with significant overlap
Group 1 (top, red) contains mouse 8 cluster 1 and mouse 2 cluster 0. Group 2 (middle,
blue) contains mouse 9 cluster 0 and mouse 3, cluster 1. Group 3 (bottom, orange) contains mouse 5 cluster 4, and mouse 8 cluster 1. For all figures, open circles represent all
shRNAs in the cluster and red/blue/yellow indicates shRNAs which overlapped between
the two clusters.
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Figure 29: M9cO and m3cl identify overlapping gene targets
Scatter plots represent all shRNA fold-changes (open circles) in m9cO (top) and m3cl (bottom) at early (x-axis) and late (y-axis) time points. Grey circles highlight shRNAs targeting
genes that are represented in both clusters. Coloring highlights specific genes and the
shRNAs targeting those genes in each cluster.
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Table 12: Gene targets overlapping between m9cO and m3cl

Biclustering benchmarks mutual information heuristic
We used biclustering to bench mark against an alternative, and widely-adopted, unsuper-

vised machine learning approach3O. Bi-clustering separates all early fold-changes from
late fold-changes. We can manually select subsets of the data and notice trends that were
also selected in the mutual information heuristic. Branch '931" in the bi-clustered heatmap
overlaps with gene selections identified by the m9cO and m3cl overlapping cluster. This
1, Eeal, Nxphl, Zfp71 9, and
section of the clustergram contains shRNAs against KIM
Gm5546 (Figure 31).

In vitro validation measures shRNA cohort depleting in response to treatment
As a first pass at method validation, we used in vitro assays to test the response of gene
targets selected by our mutual information heuristic. We anticipated that the fold-change
values from the original screen were affected by mouse to mouse variability and wanted
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Figure 31: Branch 931 recapitulates trends in m9cO/m3cl clusters.
As in Figure 30, rows represent individual shRNAs and columns are fold-changes at early
and late time points. Branch 931 contains a cohort of shRNAs that target similar genes as
identified in m9cO and m3cl.
to use follow-up assays to test their response. Using this assay we could see that our
cohort set of shRNAs enriched relative to and MLS control,yet depleted after Dasatinib
treatment. This suggests that loss of AF366264, Art4, Fati, Gtpbpl0, KIfM1, Nxphl, and
Ube2ql confer a growth advantage to pre-B-celI ALL. Depletion of these shRNAs following
treatment suggests that loss of these genes confers sensitivity to treatment.
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Figure 32: In vitro competition assay shows shRNA cohort sensitizes ALL to Dasatinib
treatment
We measure the percentage of cells expressing an shRNA ("percent GFP", top) for each
single infected population, and track this percentage for the duration of the competition
assay. At day 6 we introduce Dasatinib treatment. Each point represents 3 biological replicates. We additionally calculated the fold-change relative to a non-targeting MLS control.
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Discussion
Here we present a mutual information heuristic for identifying cohorts of co-acting shRNAs.
The approach was conceptually motived by the fact that complex biological phenotypes are
governed by pathways, and at a simplistic level we can begin to discern these pathways by
looking at co-acting genes. We derived a heuristic for selecting cohorts of these shRNAs
based on mutual information. The method identified a set of genes that conferred growth
advantages to ALL and to Dasatinib treatment. Among this cohort we validate AF366264,
Art4, Fat1, Gtpbpl0, Klf13, Nxphl, and Ube2q1 and show that this cohort enriches from
input to pre-treatment and then depletes following Dasatinib treatment.
There are many factors affecting shRNA performance in screens with high library com-
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plexity that are longitudinal or subject to treatments. Mouse to mouse variability can greatly

skew results for an individual shRNA. In our screen, if an shRNA did not integrate properly, we would not measure its effects at all. On the other hand, if an shRNA is inserted
behind a highly active promoter, shRNA representation can be drastically inflated at any
time point and create inflated fold-changes at either time point. Further, preparations prior
to sequencing can greatly affect shRNA representation during the experiment. In the end,
these effects make it difficult to use standard approaches such as averaging fold-changes
across mice.
Given these confounding effects, it is necessary to think about novel approaches for analyzing the data to find signal among these measurements. We variance filtered the data
set to remove the most extreme of insertion effects and to reduce computational time. Further, initial clustering and later biclustering saw more similarity between treatment groups
than between individual mice, suggesting that inter-mice comparisons would be viable for

looking at trends between early and late time points. This heuristic also eliminated the
need to define fold-change thresholds for the individual shRNAs. A disadvantage is that
our heuristic creates an arbitrary score for all component comparisons. We used this score

to rank and select clusters for further validation. Bi-clustering identified similar trends, but
this method requires manual selection to find gene sets for further validation. The Fisher's
exact test creates the most interpretable score for these comparisons by identifying a pvalue. Experimental validation verified the utility of our approach for data sets with low

signal-to-noise. As a proof of principle, the mutual information heuristic is viable as a novel
means for considering these data.
We computed this method only looking at individual shRNA performance but could have

considered other pre-processing before using our heuristic. For instance, when looking at
the overlap between mouse 9 cluster 4 and mouse 3 cluster 1, we find overlaps in the gene
targets within these clusters even though the mutual information heuristic only calculated

overlap based on individual shRNA performance. We could have also calculated scores
per gene based on redundant shRNAs and then looked for trends in gene performance.
However, we pursued this approach to minimize data processing and chose to rely on the
heuristic to look for trends.
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Many of the gene targets in this shRNA cohort are associated with leukemia, and none
are associated with response to Dasatinib. Art4, which encodes Ecto-ADP-ribosyltransferase
4, is associated with chromosomal translocation events in pediatric ALL patients at relapse [16]. Fat1 encodes a development-associated protein which acts as a tumor sup-

pressor. However, Fat1 is aberrantly expressed, frequently mutated, and associated with
advanced disease in solid tumors [105]. Recently, NGS of adult ALL patients confirmed
a high occurrence of FAT1 mutations in T-cell ALL patients, though, Fat1 did not correlate directly with any treatment response phenotype [105]. KIf13 is a zinc-finger family
transcription factor that had increased expression in dexamethasone sensitive ALL patient
derived xenografts as compared to insensitive xenografts [68]. Neurexophilin-1 is a ligand
for the alpha-neurexin cell adhesion molecules. In addition to affecting synapse signaling,
Nxphl can suppress hematopoietic cell differentiation [76]. Nxphl is also hyper-methylated
in low grade breast carcinoma suggesting that this gene would be a viable biomarker for
disease [36]. Ube2q1 is a ubiquitin-conjugating enzyme that shows decreased expression
in pediatric ALL patients when compared to non-leukemic controls [131]. Gtpbp1 0 is a
small G-protein is a signaling protein without any annotated function in cancer. Though, it

trended with genes that have roles in ALL development and disease. Generally, published
evidence confirms that loss of cohort genes is associated with advanced disease. This
work confirms that finding, but also predicts that low expression of these genes could sensitize these leukemias to Dasatinib treatment. This cohort may also serve as a prognostic
marker for predetermining if patients would respond to second-line Dasatinib treatment.
Further molecular biology and in vivo validation would improve the predictions made by
this method. In vitro characterization was a relatively quick and useful first step, but does

not tell the whole story as to why or how these gene targets are affecting ALL progression
or response to Dasatinib. Further, there were complications with the MLS control leading
to large deviations in these measurements.
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Part VI

Conclusions and Discussion
This thesis has demonstrated the utility and power of pathways-based modeling for RNAi
loss of function screens. The popularity of RNAi techniques waned when discovery of

off-target effects cast doubt on the tool's power {Jackson2003 Bickle}. Yet, compared to
other functional genomic techniques, RNAi is still the most cost-effective and most easily
adaptable to many experimental systems. For this reason, scientists have endeavored to
compensate for these limitations and improve the technology; this has caused a modest
and cautious return to RNAi technology {Bickle}. Yet, few investigations have considered
the use of biological networks for overcoming these limitations. This thesis explores these

network models and identifies viable hypotheses from existing RNAi studies. The success
of this application further supports the revival of RNAi investigations, and underscores the
value of 'network filtering' as a necessary companion to these investigations.
This work began with a thorough characterization of the limitations of RNA-interference.

Chapter 1 reviewed the role of off-target effects and the current approaches to mitigate
these effects. This review also highlighted the absence of pathway-based modeling for
RNAi screens. Chapter 2 then applied network-based integration to identify novel mediators of Acute Lymphoblastic Leukemia (ALL). This work demonstrated the utility of networkbased integration and identified a novel tumor suppressor, Wwpl, in the context of ALL.

Next, Chapter 3 modeled a novel pathway governing shedding of the growth factor TGFa
and used this pathway to explore mechanisms of growth-factor induced resistance to targeted chemotherapy. This model identified common upstream regulators of NFxB and
TGFa, and suggests novel genes to target therapeutically. While this work focused specifically on effects in gastric cancer, the network model is general to all tissue and cell types,

suggesting that these pathway components could be useful for other cancer indications.
Lastly, Chapter 4 explored a novel computational approach for selecting shRNA cohorts
from a pooled, longitudinal screen. The technique identified a set of co-acting shRNAs
that governed ALL progression and response to Dasatinib treatment. However, further
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molecular characterization would improve the predictions made in this investigation. In addition to the highlighted stories, this thesis contributed to the tool set used to quantitatively

examine network model predictions. Specifically, this work explored multiple randomization and robustness metrics for these network models. These metrics include routines for
minimizing the selection of hub nodes (genes within the interaction network that are highly

connected due to study bias), specificity (routines for selecting genes that are unique to
experimental data and not selected due to bias in the initial screening library), and sensitivity (routines for minimizing bias in edge scoring). This thesis also explored multiple
network centrality metrics for discerning the number and nature of interaction edges that
lead to selection of an individual gene target. So far, network centrality has been explored
mostly for its proposed utility in selecting biologically important genes. But these metrics
are also valuable for scrutinizing the genes selected by network methods. These best
practices are essential for dissemination and use of these models in future investigations

and are described in the methods and supplemental chapter sections. The ability to adopt
these analyses into mainstream is supported by the maturity of the relevant computational
algorithms. Specifically, SAMNet Web and Omics Integrator are stable implementations of
the SAMNet, PCSF, and Garnet algorithms used in this work. These tools make it possible for researchers to adapt this network modeling framework to their investigations and
bring network-filtering of RNAi data into the mainstream. This work also opened many
unanswered questions.
- Chapter 2 demonstrated the ability to uncover hidden genes from RNAi studies. Yet,
without the ability to validate every prediction in the network model, it is unclear if and

how much we can improve validation rates by using these modeling approaches as
to compared to existing statistical methods.
- In both chapters 2 and 3, I applied a general interactome to develop the optimal subnetwork. I did not filter the network for tissue specific expression and instead considered all possible interactions. However, in practice, all documented interactions
are not relevant in every tissue and cell type, and this could bias gene candidate
selections that include genes not expressed in the system of interest.
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- In chapter 3, I explored augmentation of the interaction network with novel biological
interactions. Specifically, I added predicted phosphorylation and de-phosphorylation
events from Phosphosite and DEPOD. Computationally, it is relatively easy to incorporate these predictions in the network and the approach is attractive for considering
any type of post-translational modification. Currently, though, the work lacks thorough validation of these predictions for biological relevance.
- Currently, there is no consensus in the RNAi field as to how many redundant shRNAs
are sufficient for screening applications. Anecdotally, experts claim that at least 10
shRNAs are required to have confidence in a gene's selection. In practice, each gene
is differentially sensitive to RNAi perturbation, suggesting that even with increasing

number of redundant shRNAs, some genes may not show a phenotype. Further,
this work's emphasis on pathways-level effects suggests that very high coverage
may not be necessary for initial screening approaches. Thus, especially as network
approaches become mainstream, it may be more beneficial for scientists to focus on
post-processing and analysis instead of high-coverage libraries. Though, the validity
of this claim would drastically be improved if we could better estimate validation rates

from network-modeling approaches.
- These networks may offer a viable path for parsing the effects of gene homologues.
For instance, the shRNA screen in chapter 3 included redundant shRNAs for all mem-

bers of the PRKC family. Initial screening data for all members of this family had at
least one shRNA performing at the extreme end of the distribution, though our final

network solution only included PRKCa. It is widely accepted that there are seedmatching effects that cause shRNAs to affect genes beyond the original target, so it
is possible that many of these extreme effects are due to seed-matching with gene

homologues. Using a network filter could reduce the selection of genes affected by
seed-matching by requiring connectivity to other experimental genes. Conceptually,
this approach could be modeled after work in the Fraenkel lab using network models
to make predictions from untargeted metabolomic data. These approaches allow an
unassigned m/z value to be connected to multiple nodes within the network and then
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allow the algorithm to select the most likely proteomic candidate.
Lastly, I highlight two additional areas where I believe the combination of network mod-

els and loss of functions screens will have impact: integrated personalized medicine and
synthetic loss of function engineering.
Characterization of cancer pathways will affect personalized and precision medicine
Genome sequencing technology has matured such that it is feasible to sequence the can-

cers of individual patients and ideally define a molecular cause for disease. There were
early successes with this approach such as the discovery that BRAF is frequently mutated
at codon 600 in melanoma [40, 88, 6]. There are other similar successes in non-small
cell lung cancer (NSCLC) where scientists have identified EGFR and ALK mutations in

many patients [115, 128, 84]. These findings were great successes and motivators for the
field of molecular targeted therapeutics and spurred development of BRAF, EGFR, and
ALK inhibitors. Targeted molecular therapies showed increased survival and therapeutic
response. However, patients ultimately relapsed, suggesting that these initial molecular
vulnerabilities were insufficient for characterizing the disease[66]. In most cases patients
carry a heterogeneous set of genetic abnormalities and any cancer can contain subpopulations with various combinations of mutations. Computational approaches have made great
strides in considering heterogeneous clones and demonstrating that optimal drug dosing
can prevent the outgrowth of these sub-clones [172]. Further, charting clonal evolution in
tumors can identify points of genetic vulnerability than can specifically sensitize cancers
to targeted therapies [173]. These findings highlight two distinctive features of the current cancer treatment landscape: cancer is a molecularly-driven disease and single-agent
therapies are insufficient to prevent relapse.
Next generation sequencing technology has created a wealth of information about potential molecular vulnerabilities, but it is not clear how these characterizations should guide
therapeutic development. Next generation sequencing can measure RNA expression and
epigenetic markers in addition to sequencing mutations. From these measurements, it is
desirable to have a molecular 'signature' or combination of features that can be used to
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profile any individual patient and make clinical decisions. Frampton et al demonstrate one
implementation of this idea through the creation of a cancer genome profiling test [41]. The
test uses shotgun sequencing to identify actionable molecular features in cancer patients,
and they report a 76% rate of actionable items from this one assay[41]. Ultimately, creat-

ing these reduced assays is going to be invaluable to making clinical decisions. However,
there are unanswered questions related to what molecular entities these assays should
measure. Further, most investigations focus narrowly on a single 'omic measurement:
GWAS, mRNA, RNAi, etc. Some investigations make multiple 'omic measurements, but it
is unclear how to collectively interpret these disparate data sets.
Parallel development in understanding gene membership in pathways will influence
how these molecular assays succeed in the clinic. For instance, in pancreatic cancer,
individual mutations vary across patients. Jones et al. characterized this phenotype and

showed that these mutations occurred in a core set of signaling pathways[69]. In practice,
the cell is an integrated system that is highly interconnected; any individual component
exists in an ecosystem of interactions, and any of our experimental measurements can
only capture a subset of these processes. This realization isn't new, but its acceptance into
routine biological investigations is lacking. Data integration tools can solve these problems
and create novel representations for next generation sequencing data sets. As these tools
mature, data integration will guide molecular characterization and profiling for oncology.

Loss of function characterizations for forward engineering approaches
The field of synthetic biology is a growing discipline that could benefit from tools adapted
in this thesis. The synthetic biology field aims to engineer the cell to actuate a specific
program, and has applications for many societal problems, from medicine to green energy.
Early successes in the field, such as the creation of the bi-stable genetic switch in E. coi
[45] and the repressilator [32], demonstrated the possibility of engineering logical circuits
with biology. This field has blossomed as a result of systems biology approaches and
the ability to create recombinant DNA [15]. Synthetic biology has advanced beyond the
demonstration of simple circuitry and started tackling more complex biological problems.
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For instance, engineered Notch receptors can tune the specificity of cell response [100]

and can be combined in engineered T-cells for selective cancer targeting[1 27]. However,
the success of many synthetic biology approaches depend on the fidelity of individual components; circuit component expression depends on promoter activity, and leaky transcrip-

tion can prevent circuit specificity. Coordinated expression of these promoters is difficult
and can cause build up of components that are detrimental for cell growth[74]. As such,
many investigations have sought to define and characterize libraries of parts for rational

design [156]. In contrast to building large parts libraries, discovery and development of
CRISPR elements has increased the tools available by offering an alternative platform for
genome engineering. For example, a combination of constitutively active scRNAs and an

inducible Cas9 master regulator could selectively direct flow through the VioC pathway
in E. coli [168]. The ability of CRISPR activation and inhibition (CRISPRa and CRISPRi
respectively) holds additional promise for synthetic biology's toolbox[81].
However, this field depends on characterized cellular pathways to identify the parts

list associated with any biological phenotype and thus, is limited to controlling simple circuits. As synthetic biology matures and tackles more complex problems, pathway discovery will become essential for more thoroughly defining the processes which we hope

to control. This thesis emphasized the uncharacterized nature of many biological pathways and demonstrated a means for annotating novel pathways from loss of function studies. Currently, RNAi screens have an unappreciated role in synthetic biology but could
be coupled with transcriptional synthetic technologies to actuate complex programs. For
instance, Zalatan et al's use of a Cas9 master regulator with multiple scRNAs is an attractive approach for modulating a cellular process. However, this system is limited to a simple, well-characterized pathway. For more complex systems, loss of function screens and
network models could identify molecular components amenable to RNA perturbation and
could eliminate the dependency on specific promoters for tuning component expression.
For the most part, synthetic biology has focused on the induction of required components,
but hasn't yet explored the use of RNA interference as a means of damping existing components. This platform could become an alternative or orthogonal approach to increase
tenability of biological systems.
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