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SUMMARY

Genome-scale expression studies and comprehen-
sive loss-of-function genetic screens have focused
almost exclusively on the highest confidence candi-
date genes. Here, we describe a strategy for charac-
terizing the lower confidence candidates identified
by such approaches. We interrogated 177 genes
that we classified as essential for the proliferation
of cancer cells exhibiting constitutive b-catenin ac-
tivity and integrated data for each of the candidates,
derived from orthogonal short hairpin RNA (shRNA)
knockdown and clustered regularly interspaced
short palindromic repeats (CRISPR)-Cas9-mediated
gene editing knockout screens, to yield 69 validated
genes. We then characterized the relationships be-
tween sets of these genes using complementary as-
says: medium-throughput stable isotope labeling by
amino acids in cell culture (SILAC)-basedmass spec-
trometry, yielding 3,639 protein-protein interactions,
and a CRISPR-mediated pairwise double knockout
screen, yielding 375 combinations exhibiting greater-
or lesser-than-additive phenotypic effects indicating
genetic interactions. These studies identify previ-
ously unreported regulators of b-catenin, define
functional networks required for the survival of b-cat-
enin-active cancers, and provide an experimental
strategy that may be applied to define other signaling
networks.

INTRODUCTION

High throughput methods to manipulate gene function allow

one to investigate the consequences of increasing or

decreasing gene expression at genome scale and have been

successfully used to identify genes associated with particular

genetic contexts, such as cancer cell survival, drug resistance,

and viral infection (Bernards, 2014; Boehm and Hahn, 2011).

To date, we and others have performed genome scale screens

and focused subsequent efforts on detailed mechanistic

studies of selected, often single, high confidence candidates

(Mullenders and Bernards, 2009; Rosenbluh et al., 2012). This

approach clearly has value but, by definition, ignores the other

lower confidence and poorly characterized genes identified in

such screens. Utilizing orthogonal and complementary tech-

niques to interrogate the lower confidence candidates can allow

one to identify genes that contribute to the phenotypes under

study in unanticipated ways, thus providing greater biological

insights.

To develop an approach that facilitates the interrogation of

gene lists that emerge from genomic studies, we focused on a

set of genes that we identified using previously described

genome scale RNAi loss-of-function screens to be essential for

the proliferation of cancer cell lines harboring constitutive b-cat-

enin activity (Rosenbluh et al., 2012). We refer to these genes as

b-catenin co-dependencies and here demonstrate the utility of

(1) combining RNAi and clustered regularly interspaced short

palindromic repeats (CRISPR)-Cas9 loss-of-function screens

to validate these observations, and (2) integrate cancer genome

characterization data to classify these genetic co-dependencies

(Figure 1). Using proteomic profiling and genetic interaction

mapping, we then identified relationships among these b-catenin

co-dependencies that provided insights into pathways and con-

nections shared among these candidates. These observations

provide a scalable approach to interrogate lists of genes that

emerge from genomic analyses.

RESULTS

Identification of b-Catenin Co-dependencies
In prior work, we used genome scale RNAi screens performed in

84 cancer cell lines in which we measured endogenous b-cate-

nin activity using a b-catenin/TCF4 reporter (Rosenbluh et al.,

2012) to identify genes that are preferentially required for the pro-

liferation of cell lines that exhibited constitutive b-catenin activ-

ity. These studies allowed us to show that YAP1 forms a complex

with b-catenin that modulates b-catenin-regulated genes and
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b-catenin-driven cell transformation (Rosenbluh et al., 2012).

However, like most genomic studies, we did not characterize

the majority of the genes identified in these screens. Here, we

build on these initial studies to develop approaches to interro-

gate more fully the genes identified by these studies.

As a first step, we expanded our initial characterization of

b-catenin activity into a substantially larger set of cell lines. To

generate a b-catenin activity gene expression classifier, we first

projected the gene expression profiles of these 84 cell lines (Bar-

retina et al., 2012) onto the Molecular Signatures Database

(MSigDB) (Liberzon et al., 2011). Specifically, using single-sam-

ple gene set enrichment analysis (ssGSEA) (Barbie et al., 2009),

we calculated a score reflecting the correlation between each

cell line and anMSigDB gene set and used this score to compute

a vector of 84 enrichment scores for each MSigDB gene set. We

next used a mutual information-based metric to find gene sets

that share the most information with measured b-catenin re-

porter activity (Figure 2A) (Abazeed et al., 2013). In addition,

we performed an empirical permutation on the b-catenin/TCF4

reporter values and repeated the matching procedure to

generate a null distribution fromwhich nominal p values and false

discovery rates (FDR) were computed (Figure 2A). We found

that the BCAT_GDS748_UP, a MSigDB expression signature

generated by overexpression of b-catenin (GEO dataset

GDS748) (Chamorro et al., 2005) (Table S1), most closely

matched the measured b-catenin/TCF4 reporter.

We then used this signature profile as an input for a logistic

function that was fitted to the active versus inactive b-catenin

profile to generate a simple probabilistic classifier. Using this

classifier to predict b-catenin activity in a larger set of 1,034 can-

cer cell lines, we classified 124 of these cell lines as b-catenin-

active (Figures 2B and 2C; Table S2). To further validate this

b-catenin activity classification, we used a b-catenin/TCF4 re-

porter assay in five cell lines (three classified as b-catenin-active

and two as b-catenin-inactive) and found high reporter activity

(500- to 2,000-fold increase) only in the three cell lines predicted

as b-catenin-active (Figure S1A). As expected, most cell lines

classified as b-catenin-active harbored APC or b-catenin muta-

tions (73%); however, we failed to find mutations in known com-

ponents of the canonical WNT/b-catenin signaling pathway in 31

b-catenin-active cell lines, suggesting that other genetic or

epigenetic mechanisms induced constitutive b-catenin activity

in these cells (Figure 2C). Indeed, when we used the same

approach to predict b-catenin activity in 561 tumors, we found

that APC mutations were highly enriched in b-catenin-active

cancers (FDR = 0, Figure S1B). These studies indicate that this

classifier identifies cell lines that exhibit constitutive b-catenin

activity.

To expand our initial search for genes required for the survival

of b-catenin-active cell lines, we used the b-catenin expression

signature to predict b-catenin activity in a larger set of 216 can-

cer cell lines in which we had performed genome scale short

hairpin RNA (shRNA) screens (Cowley et al., 2014) and found

28 of them to be b-catenin-active. shRNA level dependency

scores were collapsed to a gene score using a previously

described ATARiS algorithm (Shao et al., 2013). To identify

genes required for the proliferation of b-catenin-active cell lines,

we compared the mean gene dependency score in b-catenin-

active and-inactive cell lines and used a cell line permutation

analysis to assess statistical significance (Figure 2D; Table S3).

Genes with an FDR <0.25 were then ranked based on the magni-

tude of difference between classes or using a mutual informa-

tion-based metric (https://portals.broadinstitute.org/achilles/

resources/paris). We selected the top 190 genes scoring by

either method and then excluded genes that were not expressed

in b-catenin-active cell lines (mean RNA sequencing [RNA-seq]

reads per kilobase of transcript per million mapped reads

[RPKM] <1). Based on these criteria, we defined 177 candidate

b-catenin co-dependencies (Figure 2D; Table S3), including

b-catenin, BCL9L, and YAP1, confirming that this approach

identified genes known to be required for b-catenin activity

(Figure 2E).

Figure 1. Experimental Approach for Characterization and Identification of Relationships among Genes Scoring in Genome Scale Studies

Schematic depicting the experimental approach used in this study.
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Classification of Dependencies Associated with
Genomic Alterations
Among the genes required for the proliferation of b-catenin-

active cell lines, we expected to find direct and indirect regula-

tors of b-catenin activity as well as dependencies that are asso-

ciated with genomic alterations that are frequent in b-catenin

active cell lines. For example, the oncogenes KRAS, BRAF,

PIK3CA, and CTNNB1 that scored as b-catenin co-depen-

dencies are also frequently mutated in b-catenin-active cancers

(Figure 2C). When we examined whether these genes were

required in cells that did not harbor mutations of these genes,

we found that only CTNNB1 was differentially essential for the

proliferation of b-catenin-active cell lines regardless of its muta-

tional status (Figure S2A). These observations indicate that

KRAS, BRAF, and PIK3CA scored as required in b-catenin-

active cell lines because oncogenic mutations in these genes

are enriched in cancer cell lines that exhibit constitutive b-cate-

nin activity rather than interacting with b-catenin directly.

We previously defined a class of genetic dependencies we

termed copy-number alterations yielding cancer liabilities owing

to partial loss (CYCLOPS), where one copy of a cell essential

gene is lost due to its close proximity to a tumor suppressor

gene (Nijhawan et al., 2012). As a consequence, cancers

harboring one CYCLOPS allele express lower levels of the

CYCLOPS gene and are highly sensitive to suppression of the re-

maining CYCLOPS gene (Figure S2B). When we compared the

expression of the 177 b-catenin co-dependencies identified by

the RNAi screens to copy number (CN) across all of the cancer

cell lines used in the shRNA screen (Figure 3A), we found

114 genes in which CN and mRNA levels were concordant

(Rpearson > 0.3). Among these 114 genes, we identified 28 genes

that exhibited differential dependency (Rpearson > 0.2 for both

expression and CN) in cells that harbored low CN and mRNA

levels (Figures 3B, 3C, and S2C; Table S4) and therefore met the

criteria for CYCLOPS. We note that of these 28 genes, 19 of the

genes exhibited the CYCLOPS phenotype only in b-catenin-

active cell lines (Figure 3C), suggesting that these genes are likely

related to gene loss events that occur inb-catenin-active cancers.

As expected, CYCLOPS genes are enriched with genes required

for essential cell processes (Figure 3D).

Of these candidate CYCLOPS genes, SRP19, a component of

the signal recognition complex (Halic and Beckmann, 2005), is

located in close proximity (14 kb) to the tumor suppressor APC

that is focally deleted in a subset of b-catenin-active cancers.

We found lower SRP19 protein levels in cell lines harboring APC

deletion (Figures 3E and S2D) and shRNAs targeting SRP19 in-

hibited the proliferation of cells harboring one SRP19 allele (Fig-

ures 3F, 3G, andS2E).Moreover,SRP19mRNA levelswere lower

in colon cancer tumors harboring loss of APC (Figure 3H, TCGA)

(Cancer Genome Atlas, 2012), confirming SRP19 as a CYCLOPS

gene in colon cancers that harbor APC loss. In total, of the 177

genes essential for proliferation of b-catenin-active cell lines, 31

of these genes (28 CYCLOPS and 3 oncogenes) are clearly asso-

ciated with genomic alterations enriched in b-catenin-active can-

cers (Figure3I). Taken together,byusinggenomecharacterization

data, we classified a subset of candidate b-catenin co-depen-

dencies that score because these mutations or copy-number al-

terations involving these candidates are enriched in cancers that

constitutively express b-catenin.

Validation of b-Catenin Co-dependencies Using
CRISPR-Cas9-Mediated Gene Editing
Although we used multiple shRNAs and cell lines and employed

analytical methods that allowed us to concentrate on on-target

shRNAs, RNAi off-target effects confound the interpretation of

RNAi screens. In parallel to using genomic characterization

data to classify b-catenin co-dependencies, we used CRISPR-

Cas9 gene editing as an orthogonal approach to suppress

gene expression (Shalem et al., 2014; Wang et al., 2014) to vali-

date candidates identified by RNAi.

To evaluate the specificity of CRISPR-Cas9 in mediating gene

deletion, we measured global expression changes induced by

multiple single guide RNAs (sgRNAs) targeting 15 b-catenin

co-dependent genes in an APC-mutated colon cancer cell line

(DLD1) in which we had stably expressed Cas9 (Table S5). We

found that sgRNAs that target b-catenin or MAP2K1 effectively

reduced b-catenin or MAP2K1 protein levels and also sup-

pressed b-catenin or MAP2K1 mRNA levels (Figures S3A and

S3B), suggesting that mRNA levels provided a useful metric to

assess whether a particular sgRNA affected its target. Based

on these observations, we used mRNA expression of the target

gene to select the two most potent sgRNAs for each gene and

used unsupervised hierarchical clustering to identify sgRNAs

that induced similar expression changes. We found that the

global expression changes induced by sgRNAs targeting a

particular gene were highly concordant (Figure 4A), confirming

the specificity of CRISPR-Cas9-mediated gene deletion (Shalem

et al., 2014; Wang et al., 2014). Furthermore, although some

genes (BRAF, MAP2K1, CDK9, JUP, MED12, and CSNK1A1)

induced small expression changes, the expression changes

induced by sgRNAs targeting known components of the

mitogen-activated protein kinase (MAPK) signaling pathway

(MA2K1 and BRAF) were highly similar further demonstrating

the high specificity of CRISPR-Cas9-mediated gene deletion

(Figure 4A).

Based on these observations, we constructed a lentivirally

delivered, pooled sgRNA library targeting all 177-candidate

b-catenin co-dependencies (six to ten sgRNAs/gene) as well

as 23 genes encoding known components of theWNT/b-catenin

signaling pathway and oncogenes recurrently altered in colon

cancer (Figure 4B; Table S6). In addition, we included 146 nega-

tive controls (targeting non-human genes) and 105 sgRNAs tar-

geting 19 common essential genes. We introduced this library

into ten Cas9-expressing cancer cell lines (seven b-catenin-

active and three b-catenin-inactive) and one cell line that did

not express Cas9 and measured the effect of each sgRNA on

cell proliferation by calculating the difference in sgRNA abun-

dance at 3 and 28 days post infection (DPI) (Table S7). Replicate

experiments were highly concordant (Figure S3C), and in

contrast to what we have observed with RNAi (Cheung et al.,

2011), none of the negative control sgRNAs exhibited effects

on cell proliferation (Figure S3D). As expected, sgRNAs targeting

known oncogenes specifically inhibited the proliferation of cell

lines that harbor mutations in these oncogenes (Figures 4C

and S3E–S3H). Furthermore, we observed that sgRNAs target-

ing different sequences in the same gene exhibited highly

concordant phenotypes (Figures S3I and S3J).

To identify genes required for the proliferation of b-catenin-

active cell lines, we used the mean of four replicate experiments
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Figure 2. Identification of b-Catenin Co-dependencies

(A) A mutual information-based metric was used to identify expression signatures from the MsigDB database that correlate with TCF/b-catenin reporter activity

assay.

(legend continued on next page)
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and collapsed sgRNA level proliferation scores to a gene score

based on the mean of the two best-correlated sgRNAs (deter-

mined by comparing the proliferation changes across ten cell

lines) (Table S7). We defined high confidence genetic depen-

dencies specific for b-catenin-active cancers by considering

genes that were essential in at least four b-catenin-active cell

lines and not essential in at least two of the three b-catenin-inac-

tive cell lines (log2[fold change] < �0.1) (Figure 4D). We found 28

high confidence b-catenin co-dependencies including known

regulators of b-catenin activity such as TCF7L2, YAP1, and

BCL9L. In addition, we found that other known regulators of

b-catenin activity such as TCF7 and LEF1 were essential only

in two to three b-catenin-active cell lines suggesting these genes

are required for proliferation of b-catenin-active cell lines only in

specific contexts. High confidence b-catenin co-dependencies

were enriched with regulators of b-catenin activity (Figure 4E)

and previously reported b-catenin co-dependencies (Figure 4D).

In addition, we identified 23 genes that have not been previously

associated with b-catenin activity.

When we evaluated the consequence of CRISPR-Cas9-medi-

ated deletion of candidate CYCLOPS genes, we found that

sgRNAs targeting genes that we identified by RNAi as CYCLOPS

genes inhibited proliferation in all cell lines regardless of expres-

sion levels (Figure 4F). We further confirmed these observations

in two recently reported independent datasets that used

CRISPR-Cas9-mediated gene deletion (Wang et al., 2015) or

extensive mutagenesis in human haploid cell lines (Blomen

et al., 2015) to identify human cell essential genes. We found

that all the genes we identified as CYCLOPS also scored as

common essential genes in these studies (Figures 4G, 4H,

and S3K–S3P). These observations demonstrate the utility of

combining RNAi and CRISPR-Cas9-mediated gene deletion to

facilitate the identification of CYCLOPS genes associated with

b-catenin-active cancers.

In total, we identified and classified 28 high confidence b-cat-

enin co-dependencies (25 of which scored in both CRISPR-Cas9

and RNAi experiments) and 41 genes (30 that scored in both

CRISPR-Cas9 and RNAi) that scored only in a subset of b-cate-

nin-active cell lines. In addition, we defined 28 CYCLOPS genes

associated with genomic alterations in b-catenin-active cancers.

To interrogate how these classified and validated genes are

related to b-catenin activity and each other, we developed an

approach that includes proteomic profiling and genetic interac-

tion (GI) mapping (Figure 4B).

Proteomic Characterization of b-Catenin Co-
dependencies
The specificity of affinity-based protein interaction profiling is

increased by stable isotope labeling by amino acids in cell cul-

ture (SILAC). However, large-scale SILAC experiments are

currently limited by cost and throughput. Using lower concentra-

tions of input lysate and shorter acquisition times, we developed

a medium-throughput proteomic method we termed draft-PPI

(protein-protein interaction). Draft-PPI retains high quality SILAC

labeling while greatly reducing cost. Based on the availability of

expression clones, we selected 57 genes including 24 CRISPR-

Cas9 validated b-catenin co-dependencies, 30 b-catenin co-de-

pendencies that scored only in RNAi, and 3 colon cancer-related

oncogenes (KRAS, PIK3CA, and MAP2K1) and used draft-PPI

(one replicate/bait) to identify 15,189 candidate protein interac-

tions with these 57 genes (Table S8). Pre-ranked GSEA analysis

(based on the heavy/light ratio) of these b-catenin interacting

proteins correctly identified components of the WNT signaling

pathway (Figure 5A), demonstrating that draft-PPI identifies

known protein interactions.

Recognizing the variability introduced by the lack of replicates

and shorter acquisition time in draft-PPI, we developed a

method for protein interaction credibility scoring (ICS) (datasets

are available at Mendeley Data, http://dx.doi.org/10.17632/

5hvpvspw82.1). For each of the 15,189 PPI identified in draft-

PPI, we computed three predictors: (1) heavy/light ratio, (2)

Jaccard similarity coefficient (Jaccard, 1912), and (3) edge

betweenness centrality (Girvan and Newman, 2002). As true pos-

itive protein interactions,we considered 1,149 thatwere identified

indraft-PPI andarealso reportedashigh confidenceprotein inter-

actions in publicly available PPI databases (Lage et al., 2007). We

found that using each of these predictors we correctly identified

only a subset of the truepositive PPI (Figures S3A–S3C), suggest-

ing that none of predictors alone was suitable for this application.

As such, we developed ICS using the Random Forest (RF) binary

response classifier (Breiman, 2001), which uses the true positive

PPI as a response and computes 5,000 different combinations

(modules) of these classifiers that correctly enrich true positive

PPI. The ICS score is calculated using the number of modules in

which a draft-PPI protein interaction scores together with the

true positives (Figure 5B). We trained the RF model on 70% of

thedataandused theareaunder the receiveroperatingcharacter-

istic (ROC) curve (AUC) on the remaining 30% of the dataset to

calculate classification power. The ICS showed high AUC (AUC:

96.9 confidence intervals [95.7%, 98.1%]) (Figure S4E), and

5-foldcrossvalidationshowedsimilarAUCestimates (FigureS4F).

Furthermore, ICS correctly identified the majority of true positive

PPI (Figure S3D), demonstrating the reliability of this approach.

To identify credible draft-PPI interactions, we used the distri-

bution of ICS in PPI found in publicly available databases and

a change-point analysis (e.g., defilation from curve) to group

draft-PPI protein interactions into six tiers (Figure 5C). Because

the majority of true positive protein interactions were in tiers

1–3 (92%), we defined tiers 1–3 as credible PPI. This approach

identified well-characterized relationships such as interactions

between b-catenin and TCF7L2 (Poy et al., 2001) or YAP1 and

TEAD transcription factors (Vassilev et al., 2001), as well as

more recently reported observations between YAP1 and b-cate-

nin (Heallen et al., 2011; Rosenbluh et al., 2012). In total, using

(B) Left: b-catenin activity measured in 84 cell lines using a b-catenin/TCF4 reporter assay. Right: b-catenin activity in 904 cell lines predicted using the b-catenin

expression signature. Blue dots represent cell lines with high b-catenin/TCF4 reporter activity.

(C) Recurrent somatic mutations and b-catenin activity in 904 cancer cell lines from various lineages.

(D) The b-catenin signature was used to classify cells screened in Project Achilles and identified 177 genes as b-catenin co-dependencies.

(E) Proliferation changes induced by RNAi suppression of known b-catenin co-dependencies. Cell line permutation analysis was used for calculating FDR and

p values.
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Figure 3. Characterization of b-Catenin Co-dependency CYCLOPS Genes

(A) Correlation between the expression and CN of 177 b-catenin co-dependencies using either the 216 cancer cell lines used in RNAi screen or the subset of

b-catenin-active cell lines. Genes in the upper right quadrant correlate in both datasets and genes in the upper left quadrant correlate only within b-catenin-active

cell lines.

(B and C) Comparison of correlation between dependency and expression or CN in (B) all cell lines or (C) b-catenin-active cell lines. CYCLOPS genes are found in

the upper right quadrant.

(D) GSEA of pathways associated with b-catenin activity-associated CYCLOPS genes.

(E) SRP19 protein levels in APC-deleted or wild-type (WT) colon cancer cell lines.

(legend continued on next page)
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draft-PPI and ICS, we identified 3,639 high-credibility PPI

including 2,589 previously uncharacterized PPI (Table S8).

To gain mechanistic insights into the molecular processes

regulated by b-catenin co-dependencies, we combined credible

interactions from draft-PPI with protein interactions from litera-

ture-curated databases (Lage et al., 2007) and used direct phys-

ical interactions between b-catenin co-dependencies to identify

relationships among these candidates. Using community-based

network clustering constructed with the number of interacting

partners and the interaction credibility (Clauset et al., 2004), we

found five distinct protein communities (Figure 5D). GSEA

enrichment analysis revealed these communities were enriched

with components of known signaling networks. Specifically, we

found communities containing components of the MAPK,

WNT, and HIPPO signaling networks as well as genes involved

in transcription and cell-cycle control. As expected, the majority

of CYCLOPS genes (10 out of 11 CYCLOPS) were clustered into

two separate communities that contain cell essential genes

demonstrating that CYCLOPS genes are a functionally distinct

class of b-catenin co-dependencies. However, we found one

CYCLOPS gene (FXR2) in a community containing known com-

ponents of the WNT/b-catenin signaling pathway suggesting

that FXR2 is a regulator of b-catenin activity. In addition, we

found three communities that were enriched with components

of the WNT, HIPPO, and MAPK signaling pathways, demon-

strating these pathways are required for the proliferation of

b-catenin-active cancers.

In addition to these known interactions, we found potential

new roles and interactions for other b-catenin co-dependent

genes. For example, we found TRIP4, a known regulator of

nuclear factor kB (NF-kB) signaling (Jung et al., 2002), in a com-

munity that contains known regulators of RNA polymerase II

transcription (MED12, MED25, CCNT1, and BRD4), suggesting

a role for TRIP4 in regulation of b-catenin transcription activity.

To test this hypothesis, we measured the expression of b-cate-

nin target genes following CRISPR-Cas9-mediated depletion

of TRIP4. Using two TRIP4 targeting sgRNAs, we found that

TRIP4 deletion inhibited the expression of known b-catenin

target genes (Figure 5E). Furthermore, depletion of TRIP4 did

not lead to global suppression of gene expression (Figure S4G)

suggesting that in b-catenin-active cell lines TRIP4 is a specific

regulator of b-catenin activity. Taken together, PPI mapping

allowed us to classify the products of many b-catenin co-depen-

dent genes into distinct functional communities and suggest

that three known signaling pathways (WNT, HIPPO, MAPK) are

b-catenin co-dependencies.

Genetic Interaction Mapping
To complement our proteomic profiling approach, we performed

genetic interaction (GI) mapping by assessing the consequences

of co-deleting every combination of two b-catenin co-depen-

dencies using a modified sgRNA lentiviral vector that carries two

sgRNA targeting different genes (Figure S5A). We found that indi-

vidual gene knockout efficiency was not affected by co-expres-

sion of two sgRNAs targeting distinct genes (Figure 6A). We

selected 52genes including 33CRISPR-Cas9validated b-catenin

co-dependencies, 14 genes that scored as b-catenin codepen-

dences in theRNAi screens, and 5 genes commonly altered in co-

lon cancer (KRAS, BRAF PIK3CA, MAP2K1, and SMAD4) and

constructed a double sgRNA library encoding all pairwise combi-

nations of 115 sgRNAs (2 sgRNAs/gene + 11 negative controls,

13,225 constructs). We introduced this library into four cancer

cell lines (DLD1, HCT116, HT29, and RKO) and measured the

abundance of each sgRNA after 28 days (Table S9). Replicate ex-

perimentswerehighlycorrelated, andexpressionofnegativecon-

trol sgRNA combinations did not induce substantial changes in

cell proliferation (Figures S5B and S5C). To assess the effects

on proliferation induced by single gene knockouts with the same

vector, we included 11 negative controls (sgRNAs targeting

non-human genes) and measured the phenotypes of deletion

combinations that included a negative control sgRNA and gene

targeting sgRNA.We foundthat the introductionof vectorsencod-

ing a control and gene-specific sgRNAs combination induced

nearly identical changes in proliferation as observed when we

expressed a single sgRNA (Figure S5D).

To evaluateGI betweenb-catenin co-dependencies,wecalcu-

lated the anticipated phenotype for every pair of double dele-

tions. Using the sum of proliferation changes induced by single

gene knockouts, we found that a simple linear model predicted

the proliferation phenotype induced by�93%of deletion combi-

nations, indicating that the majority of double deletion combina-

tions result in an additive phenotype (Figure 6B). As expected, we

found that combinations containing two sgRNAs targeting the

same gene did not induce a larger effect (Figure S5E), demon-

strating that each of the sgRNA used in these studies was highly

effective by itself in deleting their target genes. Corroborating this

finding, we confirmed that introduction of two sgRNAs targeting

the same gene failed to decrease b-catenin and YAP1 protein

levels further than single sgRNAs targeting these genes in HT29

cells (Figures S5F and S5G). Based on these observations, we

concluded that we could use this approach to identify interac-

tions between deleting pairs of genes.

Specifically, we also noted that 375 (7%) of the combinations

led to phenotypes that were greater than or less than the pre-

dicted additive phenotype (�0.5 > GI > 0.5, Figure 6B). For

example, we found that co-deleting MED12 with KRAS, BRAF,

or PIK3CA in cell lines harboring mutations in these oncogenes

attenuated the proliferation defects observed when depleting

each of the oncogenes alone (Figures 6D–6F). This observation

corroborates prior work that showed that suppression of

MED12 attenuated the effects of inhibiting these oncogenic

pathways (Huang et al., 2012). Unexpectedly, we found

that combined deletion of MED12 and YAP1 or MED12 and

TEAD4 induced a synergetic anti-proliferation effect (Figure 6F),

suggesting that YAP1 modulates MED12. Indeed, suppression

of MED12 has been reported to attenuate cancer cell drug

(F) SRP19 protein levels measured 4 days after expression of two sgRNAs targeting SRP19.

(G) Proliferation of APC WT and loss colon cancer cell lines after deletion of SRP19.

(H) SRP19 mRNA levels in 359 colorectal cancer samples segregated by APC CN. A non-parametric t test analysis was used for calculating the p value.

(I) Genes and pathways associated with b-catenin co-dependency CYCLOPS genes.
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G H

Figure 4. Validation of b-catenin Co-dependencies Using CRISPR-Cas9-Mediated Gene Editing

(A) Hierarchical clustering of the two most effective sgRNAs/gene (determined by mRNA levels of the target gene) based on global expression changes induced

by CRISPR-Cas9-mediated deletion of 15 different genes in DLD1 cells.

(B) Diagram summarizing the strategy used for identification and functional validation of b-catenin co-dependencies.

(C) Proliferation changes (mean of two best correlating sgRNAs) following CRISPR-Cas9-mediated deletion of known oncogenes.

(D) Heatmap of proliferation changes induced by CRISPR-Cas9-mediated depletion of validated b-catenin co-dependencies. The average of themost correlated

sgRNAs was used to calculate a gene score. Due to the pooled format of these experiments, non-targeted control sRNAs score at �0.5. For high confidence

(legend continued on next page)
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response by induction of an EMT-like phenotype (Huang et al.,

2012), and suppression of YAP1 was shown to enhance the ef-

fect of MEK inhibitors in cancer cells (Lin et al., 2015). Consistent

with these observations, we found that sensitivity of HT29 cells

to a MEK inhibitor (trametinib) was attenuated by CRISPR-

Cas9-mediated deletion of MED12 and enhanced by deletion

of YAP1 (Figures 6G and S5H). Furthermore, sensitivity to trame-

tinib inMED12-deleted HT29 cells was restored by the additional

deletion of YAP1 (Figures 6G and S5I). These observations

demonstrate that YAP1 modules the activity of MED12, and

more broadly, GI mapping allowed us to identify interactions

among b-catenin co-dependent genes.

Creating a b-Catenin Co-dependency GI Map
Systematic GI mapping studies in model organisms have

demonstrated that functionally related genes exhibit similar GI

patterns, which facilitates the identification of mechanistically

related genes (Collins et al., 2007). To evaluate the consequence

of pairwise deletions, we assigned a GI score to every pair of

double deletions that reflects the deviation of the observed pro-

liferation phenotype from the calculated phenotype (Table S9).

We labeled deviations that induced decreased proliferation

beyond the sum of two sgRNA as ‘‘synergistic’’ and pairwise de-

letions that exhibited a smaller than predicted proliferation

defect as ‘‘epistatic’’ (Figure 6B). Using the median GI score

derived from three b-catenin-active cell lines and Spearman

rank hierarchal clustering, we constructed a b-catenin co-

dependency GI map (Figure 7A). GSEA enrichment analysis

showed clusters containing genes in well-defined pathways

such as the MAPK and WNT/b-catenin signaling pathway.

In addition to these known pathways, we found a GI cluster

that contained known regulators of b-catenin activity (CTNNB1,

GATA6, and TCF7L2) and WNK1. Other known components of

the WNT/b-catenin signaling pathway, such as LEF1 and TCF7

that were essential only in SW480 and LS513 cell lines (Fig-

ure 4D), did not cluster with these known regulators of b-catenin

activity suggesting them as context-specific regulators of b-cat-

enin activity. WNK1 is a serine/threonine kinase that regulates

blood pressure by controlling transport of sodium and chloride

ions, and germline line mutations inWNK1 have been implicated

in a rare form of hypertension (Alessi et al., 2014).WNK1 scored

as a high confidence b-catenin co-dependency in both the

CRISPR-Cas9 and RNAi screens (Figure 4D), and we found

that WNK1 was connected to MAPK21 in the PPI map (Fig-

ure 5D). To further evaluate the role of WNK1 in regulation of

b-catenin activity, we measured the expression of b-catenin

target genes following CRISPR-Cas9-mediated deletion of

WNK1 and found that b-catenin target genes were downregu-

lated following WNK1 depletion (Figure 7B), implicating WNK1

as a regulator of b-catenin activity. Further supporting these

observations, WNK1 was recently reported to act as a regulator

of b-catenin activity during Drosophila development (Serysheva

et al., 2013; Swarup et al., 2015).

GI and Proteomic Analysis Suggest a Role for YAP1 in
Regulation of Chromatin State
In the b-catenin co-dependency GImap, we found the chromatin

modifier ZNF217, a member of the HDACCo-Rest complex (You

et al., 2001), exhibited similar patterns to YAF2, a component of

the noncanonical PRC2 chromatin remodeling complex (Di

Croce and Helin, 2013), and to transcriptional regulators

including YAP1 and TEAD2 (Figure 7A), suggesting a mecha-

nistic relationship among these genes. When we examined the

b-catenin co-dependency PPI map, we found physical interac-

tions between five members of the SWI/SNF chromatin-remod-

eling complex and YAP1 (Figure 7C; Table S8). Moreover, we

confirmed that YAP1 interacts with SMARCA2 (BRM), the core

component of the SWI/SNF complex, in three b-catenin-active

colon cancer cell lines (Figure 7D).

To evaluate the role of YAP1 in regulation of chromatin state,

we suppressed YAP1 in b-catenin-active or b-catenin-inactive

cell lines. In the draft-PPI, we identified physical interactions be-

tween ZNF217 and components of the Co-Rest HDAC complex

(Figure S6A), and deletion of ZNF217 led to increased acetylation

of histone H3K27 irrespective of b-catenin activity (Figure S6B).

Similar to what we observed when we suppressed ZNF217,

deletion of YAP1 led to increased acetylation of histone H3K27

in b-catenin-active cell lines (Figure 7E). However, unlike

ZNF217, acetylation of histone H3K27 was not affected by

CRISPR-Cas9-mediated depletion of YAP1 in two b-catenin-

inactive cell lines (Figure 7E). Furthermore, we found that acety-

lation of histone H2AK5 and H4K8, but not H3K9, was increased

following CRISPR-Cas9-mediated deletion of YAP1 in b-cate-

nin-active cell lines, demonstrating a histone site-specific func-

tion for YAP1 (Figures 7E and S6C). Because these histone acet-

ylation marks have been linked to transcriptional activation

(Verdin and Ott, 2015), these observations suggest a function

for YAP1 in suppressing gene expression in b-catenin-active co-

lon cancers. Together, these observations suggest that YAP1

regulates transcription in part through specific interactions with

complexes that modify chromatin in b-catenin-active cancers.

DISCUSSION

Genome scale functional genomic approaches provide global

information regarding the consequences of manipulating gene

expression. A major bottleneck in the interpretation of both

genome characterization efforts and high throughput genetic

b-catenin co-dependencies, we considered genes that were essential in at least four b-catenin-active cell lines and non-essential in at least two b-catenin-

inactive cell lines. Known b-catenin co-dependencies are marked in red, and genes that were included in the CRISPR-Cas9 validation screen but did not score as

b-catenin co-dependencies by RNAi are marked with a black circle.

(E) MsigDB enrichment analysis for pathways associated with high confidence b-catenin co-dependencies.

(F) Proliferation changes following CRISPR-Cas9-mediated depletion of known b-catenin co-dependencies (top), common essential control genes (middle), or

CYCLOPS genes (bottom).

(G) Distribution of proliferation changes following genome scale CRISPR-Cas9 screens (Wang et al., 2015).

(H) Distribution of proliferation changes followingmutagenesis of two haploid cell lines (Blomen et al., 2015). A ratio of 0.5 represents geneswhose deletion had no

effect on proliferation.
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screens is the lack of systematic approaches to parse the func-

tion and interactions of genes identified in these screens. To

date, most genome scale mammalian studies identify a single

gene or interaction, which is studied in some detail, but provide

little information about the other genes identified in these large-

scale experiments.

A B

C D

E

Figure 5. Proteomic Characterization of b-Catenin Co-dependencies
(A) Pre-ranked GSEA enrichment analysis based on the heavy/light ration of proteins interacting with b-catenin in draft-PPI.

(B) Analytical pipeline used for ICS.

(C) Distribution of ICS scores for PPI identified using draft-PPI (black circles). Solid line represents previously reported PPI. The tiers were determined by

measuring the curve deflection. Based on the distribution of true positive PPI (solid line) tiers 1–3 were considered as credible PPI.

(D) Depiction of the b-catenin co-dependency network. Colors denote distinct communities. FDR was determined using GSEA analysis.

(E) Following CRISPR-Cas9-mediated deletion of b-catenin or TRIP4, the expression of known b-catenin target genes was measured using qPCR. A non-

parametric t test analysis was used for significance scoring (*p < 0.03, **p < 0.0001).
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Here, we developed a scalable approach that enabled us to

validate and map the relationships among genes that we identi-

fied as b-catenin co-dependencies. Specifically, as a first step,

we used cancer genome sequencing information to identify the

relationship between somatic altered genes and b-catenin activ-

ity. This approach allowed us to determine that the oncogenes

BA C

D E

F G

Figure 6. Combinatorial Deletion of b-Catenin Co-dependencies

(A) Protein levels following single or combined deletion of b-catenin and PIK3CA (top panel) or b-catenin and YAP1 (bottom panel).

(B) Calculated and observed proliferation changes following introduction of double sgRNAs. As synergistic GI, we considered GI < �0.5 (red) and GI > 0.5 were

considered as epistatic (blue).

(C) Distribution of GI scores.

(D and E) Calculated and observed proliferation changes following introduction of double sgRNAs targetingMED12 and the indicated gene in (D)KRASmutant cell

lines (DLD1 and HCT116) or (E) BRAFmutant cell lines (HT29 and RKO). The observed and expected phenotypes were used to generate a linear regression line.

(F) The observed and calculated proliferation changes following combined deletion of MED12 with the indicated genes.

(G) Following CRISPR-Cas9-mediated deletion of MED12, YAP1 or a combination of MED12 and YAP1, HT29 cells were treated with trametinib. Cell titer glo

(CTG) was used to evaluate cell proliferation 5 days post treatment.
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PIK3CA, KRAS, and BRAF scored in our screens because these

mutations are enriched in colon cancers that express constitu-

tive b-catenin activity, and a number of candidate b-catenin

co-dependencies are CYCLOPS genes related to regions that

are frequently lost in colon cancers. This approach clearly has

value in studying genes involved in cancer phenotypes in epithe-

lial cancers but may provide less information if studying normal

cells or non-cancer-related phenotypes.

In parallel to these studies, we showed that combining RNAi

and CRISPR-Cas9 screens allowed us to identify a set of high

confidence candidate b-catenin co-dependencies. As others

have reported (Shalem et al., 2014; Wang et al., 2014), we found

A B

D

C

E

Figure 7. b-Catenin Co-dependency GI Map

(A) The median GI score in three b-catenin-active cell lines was used for Spearman correlation-based hierarchal clustering of b-catenin co-dependencies.

(B) Expression of b-catenin target genes was evaluated 8 DPI after expression ofWNK1 or b-catenin-specific sgRNAs. A non-parametric t test analysis was used

to calculate p values (*p < 0.03, **p < 0.0001).

(C) Components of chromatin modifying complexes that interact with YAP1.

(D) Binding of YAP1 to BRM measured in three colon cancer cell lines by BRM immunoprecipitation.

(E) Effects of CRISPR-Cas9-mediated deletion of YAP1 in b-catenin-active and-inactive colon cancer cell lines on acetylated histones H3k27, H2AK5, H4K8, and

H3K9.
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that CRISPR-Cas9-mediated gene editing results in fewer off-

target effects than what we observed with RNAi. In addition,

we demonstrated the utility of comparing RNAi and CRISPR-

Cas9 loss-of-function proliferation screens as an approach to

classify genetic dependencies associated with copy-number

loss (CYCLOPS). Specifically, we found that CYCLOPS genes

scored as differentially essential by RNAi and broadly essential

following CRISPR-Cas9-mediated gene deletion. Because we

and others have recently shown that CRISPR-Cas9-mediated

gene editing induces a cell-independent proliferative arrest

related to the number of target sequences for a specific sgRNA

(Aguirre et al., 2016; Munoz et al., 2016), the use of RNAi as a

complementary approach to CRISPR-Cas9 permits one to elim-

inate such off-target effects of CRISRP-Cas9. These findings

suggest that CRISPR-Cas9 and RNAi provide complementary

means to perform loss-of-function analyses of gene function.

Affinity-based proteomic profiling provides valuable insights

into protein function, however, large-scale proteomic ap-

proaches are limited by cost and throughput. Here, we devel-

oped draft-PPI that allowed us to profile protein-protein interac-

tions for 57 genes. Although SILAC labeling increases the

specificity of affinity-based proteomic studies, experimental

variability and non-specific binding are a major obstacle in the

interpretation of proteomic studies. In the case of draft PPI, the

lack of replicates and short acquisition times adds further noise

that requires consideration in interpreting this data. Because

most available PPI scoring methods use replicate experiments

to address robustness of data (Pu et al., 2015), we developed

an analytical approach that uses true positive protein interac-

tions to create a predictive model and assigns a credibility score

for each protein interaction identified in draft-PPI. In the top three

tiers, we found that 1,054 of the 1,149 known positives (92%)

scored, suggesting that this is a reasonable approach to identi-

fying potentially physiological interactions. Using this approach,

we found 3,644 high-credibility PPI including 2,590 previously

uncharacterized PPI. Using community-based clustering of

direct PPI between b-catenin co-dependencies, we identified

five functionally distinct communities. Two of these communities

were enriched with genes that regulate cell-essential processes

(cell cycle and transcription) and contain 10 of the 11 CYCLOPS

genes. In addition, we found three communities that were en-

riched proteins associated with specific signaling pathways

(WNT, HIPPO, and MAPK). Based on these observations, we

conclude that three major pathways are associated with the sur-

vival of b-catenin-active cancers.

As a complementary approach for functional annotation of

b-catenin co-dependencies, we used CRISPR-Cas9 to evaluate

the consequence of pairwise deletions of 52 genes including 47

b-catenin co-dependences and 5 genes commonly altered in co-

lon cancer. In model organisms, combinatorial knockout exper-

iments have been successfully used for GI mapping enabling

dissection of complex molecular processes. In particular, by

mapping the patterns of double knockout mutants, GI mapping

has been used to find genes required for protein folding (Jonikas

et al., 2009) and chromosome biology (Collins et al., 2007) in

yeast. Although several studies using RNAi-based GI mapping

have identified genes and molecular pathways associated with

Ricin resistance (Bassik et al., 2013), chromatin regulation (Ro-

guev et al., 2013), and signaling networks (Horn et al., 2011),

RNAi off target effects limits this approach to phenotypes with

strong signal/noise ratios (such as drug resistance) or requires

the use of complex high content image-based phenotypic

screens. Here, we show that the high specificity of CRISPR-

Cas9 enabled us to perform a pooled format GI mapping in

mammalian cells using proliferation as a phenotypic readout.

Although further mechanistic studies are needed to fully under-

stand these relationships, this approach provides proof-of-prin-

ciple evidence that these studies can now be performed in

mammalian cells.

In addition to facilitating the development of new approaches,

these studies allowed us to identify a limited number of genes

and pathways essential for the proliferation/survival of cancer

cell lines that exhibit constitutive b-catenin activity. Although

due to the size of this dataset wewere limited to comparing these

analyses by inspection, we found a previously uncharacterized

role for YAP1 in regulation of chromatin state. Specifically, we

found that YAP1 interacts with components of the SWI/SNF

chromatin-remodeling complex and that histone acetylation is

upregulated by deletion of YAP1 in b-catenin-active colon can-

cers. Although further studies are necessary to fully elucidate

the roles of these communities in regulating b-catenin activity

in normal and malignant tissues, these studies expand our un-

derstanding of how b-catenin function is regulated.

By using multiple approaches to interrogate candidate genes

identified in RNAi screens, we obtained several layers of informa-

tion for each gene, which not only increased our confidence that

these genes were related to b-catenin activity but also provided

new insights into pathways and interactions among these b-cat-

enin co-dependencies. We anticipate that the use of larger

datasets will facilitate the development of tools to interrogate re-

lationships among candidate genes. More generally, the genetic

and proteomic approaches described here illustrate a general

framework to illuminate the cellular pathways and networks

among genes identified by genomic, functional, or in silico

analyses.
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Blomen, V.A., Májek, P., Jae, L.T., Bigenzahn, J.W., Nieuwenhuis, J., Staring,

J., Sacco, R., van Diemen, F.R., Olk, N., Stukalov, A., et al. (2015). Gene essen-

tiality and synthetic lethality in haploid human cells. Science 350, 1092–1096.

Boehm, J.S., and Hahn, W.C. (2011). Towards systematic functional charac-

terization of cancer genomes. Nat. Rev. Genet. 12, 487–498.

Breiman, L. (2001). Random Forests. Mach. Learn. 45, 5–32.

Cancer Genome Atlas Network (2012). Comprehensive molecular character-

ization of human colon and rectal cancer. Nature 487, 330–337.

Chamorro, M.N., Schwartz, D.R., Vonica, A., Brivanlou, A.H., Cho, K.R., and

Varmus, H.E. (2005). FGF-20 and DKK1 are transcriptional targets of beta-cat-

enin and FGF-20 is implicated in cancer and development. EMBO J. 24, 73–84.

Cheung, H.W., Cowley, G.S., Weir, B.A., Boehm, J.S., Rusin, S., Scott, J.A.,

East, A., Ali, L.D., Lizotte, P.H., Wong, T.C., et al. (2011). Systematic investiga-

tion of genetic vulnerabilities across cancer cell lines reveals lineage-specific

dependencies in ovarian cancer. Proc. Natl. Acad. Sci. USA 108, 12372–

12377.

Clauset, A., Newman, M.E., and Moore, C. (2004). Finding community struc-

ture in very large networks. Phys. Rev. E Stat. Nonlin. Soft Matter Phys. 70,

066111.

Collins, S.R., Schuldiner, M., Krogan, N.J., andWeissman, J.S. (2006). A strat-

egy for extracting and analyzing large-scale quantitative epistatic interaction

data. Genome Biol. 7, R63.

Collins, S.R., Miller, K.M., Maas, N.L., Roguev, A., Fillingham, J., Chu, C.S.,

Schuldiner, M., Gebbia, M., Recht, J., Shales, M., et al. (2007). Functional

dissection of protein complexes involved in yeast chromosome biology using

a genetic interaction map. Nature 446, 806–810.

Cowley, G.S., Weir, B.A., Vazquez, F., Tamayo, P., Scott, J.A., Rusin, S., East-

Seletsky, A., Ali, L.D., Gerath, W.F., Pantel, S.E., et al. (2014). Parallel genome-

scale loss of function screens in 216 cancer cell lines for the identification of

context-specific genetic dependencies. Sci. Data 1, 140035.

Di Croce, L., and Helin, K. (2013). Transcriptional regulation by Polycomb

group proteins. Nat. Struct. Mol. Biol. 20, 1147–1155.

Doench, J.G., Hartenian, E., Graham, D.B., Tothova, Z., Hegde, M., Smith, I.,

Sullender, M., Ebert, B.L., Xavier, R.J., and Root, D.E. (2014). Rational design

of highly active sgRNAs for CRISPR-Cas9-mediated gene inactivation. Nat

biotechnol. 32, 1262–1267.

Fuerer, C., andNusse, R. (2010). Lentiviral vectors to probe andmanipulate the

Wnt signaling pathway. PLoS ONE 5, e9370.

Girvan, M., and Newman, M.E. (2002). Community structure in social and bio-

logical networks. Proc. Natl. Acad. Sci. USA 99, 7821–7826.

Halic, M., and Beckmann, R. (2005). The signal recognition particle and its in-

teractions during protein targeting. Curr. Opin. Struct. Biol. 15, 116–125.

Heallen, T., Zhang, M., Wang, J., Bonilla-Claudio, M., Klysik, E., Johnson, R.L.,

and Martin, J.F. (2011). Hippo pathway inhibits Wnt signaling to restrain cardi-

omyocyte proliferation and heart size. Science 332, 458–461.

Horn, T., Sandmann, T., Fischer, B., Axelsson, E., Huber, W., and Boutros, M.

(2011). Mapping of signaling networks through synthetic genetic interaction

analysis by RNAi. Nat. Methods 8, 341–346.

Huang, S., Hölzel, M., Knijnenburg, T., Schlicker, A., Roepman, P.,

McDermott, U., Garnett, M., Grernrum, W., Sun, C., Prahallad, A., et al.

(2012). MED12 controls the response to multiple cancer drugs through regula-

tion of TGF-b receptor signaling. Cell 151, 937–950.

Jaccard, P. (1912). The distribution of the flora in the alpine zone. New Phytol.

11, 37–50.

Jonikas, M.C., Collins, S.R., Denic, V., Oh, E., Quan, E.M., Schmid, V.,

Weibezahn, J., Schwappach, B., Walter, P., Weissman, J.S., and Schuldiner,

M. (2009). Comprehensive characterization of genes required for protein folding

in the endoplasmic reticulum. Science 323, 1693–1697.

Jung, D.J., Sung, H.S., Goo, Y.W., Lee, H.M., Park, O.K., Jung, S.Y., Lim, J.,

Kim, H.J., Lee, S.K., Kim, T.S., et al. (2002). Novel transcription coactivator

complex containing activating signal cointegrator 1. Mol. Cell. Biol. 22,

5203–5211.

Kamburov, A., Pentchev, K., Galicka, H.,Wierling, C., Lehrach, H., and Herwig,

R. (2011). ConsensusPathDB: toward a more complete picture of cell biology.

Nucleic Acids Res. 39, D712–D717.

Lage, K., Karlberg, E.O., Størling, Z.M., Olason, P.I., Pedersen, A.G., Rigina,
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