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SUMMARY

The ability to perturb genes in human cells is crucial
for elucidating gene function and holds great potential
for finding therapeutic targets for diseases such as
cancer. To extend the catalog of human core and con-
text-dependent fitness genes, we have developed a
high-complexity second-generation genome-scale
CRISPR-Cas9 gRNA library and applied it to fitness
screens in five human cell lines. Using an improved
Bayesian analytical approach, we consistently dis-
cover 5-fold more fitness genes than were previously
observed. We present a list of 1,580 human core
fitness genes and describe their general properties.
Moreover, we demonstrate that context-dependent
fitness genes accurately recapitulate pathway-spe-
cific genetic vulnerabilities induced by known onco-
genes and reveal cell-type-specific dependencies for
specific receptor tyrosine kinases, even in oncogenic
KRAS backgrounds. Thus, rigorous identification of
human cell line fitness genes using a high-complexity
CRISPR-Cas9 library affords a high-resolution view of
the genetic vulnerabilities of a cell.

INTRODUCTION

The Human Genome Project has yielded a fairly complete cata-

log of cellular components, and a major goal moving forward will
be to classify all genetic elements involved in normal biological

processes and disease (Lander, 2011). With advances in gene

editing enabled by the CRISPR-Cas system (Cho et al., 2013;

Cong et al., 2013; Jinek et al., 2012; Mali et al., 2013), it is no

longer quixotic to seek a comprehensive picture of cellular cir-

cuitry for human cells.

Yeast research has helped to establish a conceptual frame-

work for systematic genetics, providing a glimpse of the basic

modular organization of a cell and the corresponding genetic

landscape (Costanzo et al., 2010). Importantly, the basis for

many advances in yeast genetics was the discovery and classi-

fication of essential and non-essential genes through systematic

genetic knockout studies (Giaever et al., 2002; Winzeler et al.,

1999). Yet, this binary classification was later demonstrated to

be an artifact of laboratory conditions—while some genes do

indeed seem to be constitutively essential, many others revealed

fitness defects only under environmental stress or in different ge-

netic backgrounds (i.e., context-dependent essentiality) (Hillen-

meyer et al., 2008; Ramani et al., 2012).

The distinction between core and context-dependent essen-

tial genes is particularly relevant in humans, where a typical

cell expresses perhaps two-thirds of the genome’s complement

of genes (Hart et al., 2013). Distinguishing a tissue’s essential

genes, and delineating them from the constitutive essentials

shared across all tissues, may hold the key to unlocking tis-

sue-specific disease. In tumors, this is the foundation for the

concept of synthetic lethality (Hartwell et al., 1997): genes essen-

tial in tumor cells but not in adjacent normal tissues should

make ideal therapeutic targets with high effectiveness and min-

imal side effects. However, identifying these context-specific
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essentials has been no easy feat. To date, this field has been

constrained by technology: RNA interference (RNAi) has been

the best available tool but, despite improvements in reagent

design and analytical approaches, its utility is limited by imper-

fect mRNA knockdown and confounding off-target effects

(Echeverri et al., 2006; Moffat et al., 2007).

Moreover, incomplete knockdown adds a further complication

to negative selection growth screens using pooled library shRNA

reagents, where the final readout is typically a fold-change rela-

tive to an initial population. While a strong negative fold change

implies a growth defect, the scale of the defect is difficult to

quantify: a 50% reduction in proliferation rate could be driven

by anything from partial knockdown of a gene whose total loss

of function results in arrested or inviable cells to full knockdown

of a genewith only a 50%fitness defect. In this study, we define a

fitness gene as any gene whose perturbation causes a prolifera-

tion defect; essential genes are, by definition, a subset of fitness

genes.

Pooled CRISPR-Cas approaches present a major opportunity

for systematic classification of human genetic elements into

functional categories and biological processes. Proof-of-con-

cept genome-wide knockout screens in human cell lines (Shalem

et al., 2014; Wang et al., 2014) suggested that mammalian

cells harbored far more fitness genes than RNAi experiments

had previously uncovered (Hart et al., 2014). Screens for genes

whose loss of function enables drug and toxin resistance

(Koike-Yusa et al., 2014; Shalem et al., 2014; Wang et al.,

2014), accelerates metastasis (Chen et al., 2015), or influences

immune response (Parnas et al., 2015) confirm the vast improve-

ment that the CRISPR technology offers in mammalian genetic

screens.

We recently described the ‘‘Daisy Model’’ of gene essentiality

(Hart et al., 2014), wherein the set of fitness genes for each cell

line or tissue context are conceptually represented by the petals

of a flower. Petals overlap to varying degrees, but all contexts

share a common core of fitness genes that should be present

in every cell. We sought to harness the power of CRISPR screens

to expand our knowledge of both core and context-dependent

fitness genes by generating a high-complexity, second-genera-

tion lentiviral library targeting virtually all human protein-coding

genes. We used the library to screen five human cell lines, repre-

senting a cross-section of immortalized and cancer tissues, to

identify genes whose knockouts induced significant fitness de-

fects. This work lays the foundation for understanding the ge-

netic interaction network that underlies human cells at very

high resolution and how genetic and epigenetic variation across

cell types gives rise to differential genetic vulnerabilities that

may represent therapeutic opportunities in cancer and other

diseases.

RESULTS

High-Resolution Detection of Human Cell Line Fitness
Genes with an Ultra-complex CRISPR Library
We sought to confirm the utility of CRISPR as an improved

screening technology to extend the catalog of both the core

and context-dependent human fitness genes. In this study, we

define a fitness gene as any gene whose perturbation decreases
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cell growth and proliferation. We relied on lessons learned from

first-generation CRISPR genetic screens (Shalem et al., 2014;

Wang et al., 2014) and other pooled screening approaches to

design a high-complexity, genome-scale guide RNA (gRNA)

library targeting human protein coding genes and random con-

trols. Briefly, we took the set of reference essentials and nones-

sentials from Hart et al. (2014) and identified all gRNAs in the

Shalem et al. (2014) data targeting these genes. As expected,

the fold-change distribution of all guides targeting essential

genes (‘‘essential gRNAs’’) is strongly shifted relative to the dis-

tribution of guides targeting nonessential genes (Figures S1A

and S1B). To identify sequence biases that differentiated high-

performing essential gRNAs from low-performing ones, we

measured the frequency of each base at each position in the

guide of the top quintile of essential gRNA relative to the bottom

quintile. We noted a strong bias against uridine in the last four

positions of the guide sequence (Figure S1C), consistent with a

similar analysis performed by Wang et al. using their own library

of sequences targeting ribosomal genes (Wang et al., 2014).

Thus, we excluded all candidate guide sequences with U at

those positions, as well as guides with GC content < 45% or >

70% (Figure S1D) based on findings inWang et al. (2014). Finally,

to minimize potential off-target effects, we excluded all candi-

date gRNAs with more than one genomic off-target site within

two mismatches of the guide-plus-PAM sequence (Figure S1E).

From the remaining pool of candidate gRNAs, we selected the

library based on a two-pass approach. For each gene, coding

exons were ordered 50 to 30 and the candidate guides for each

exon identified. For the first pass, only guides with no genomic

off-target sites were used. We iterated over the exons in order

and randomly selected one guide per exon. The process was

repeated until six guides were assigned, or until there were no

more candidate guides (Figure S1F). The resulting library tar-

geted 17,232 genes with a modal number of six guides per

gene (Figure S1G). In addition, this library also includes control

sequences targeting LacZ, EGFP, and luciferase, as well as

two sets of gRNAs targeting random loci on Chr10: 584 with

high specificity (no predicted off-target sites), and 796 ‘‘promis-

cuous gRNAs’’ with 20 or more predicted perfect binding sites

throughout the genome. These sequences were designed to

sample the phenotypic effects of off-target Cas9 cleavage. In to-

tal, this library contains 91,320 sequences, hereafter referred to

as the ‘‘90k library.’’

For the second pass, the process was repeated, this time al-

lowing candidate gRNA with one potential off-target hit (Fig-

ure S1F). We iterated over exons in order until up to 12 guides

were assigned to each gene. This supplemental library, in

conjunction with the 90k library, brings the total to 176,500 se-

quences targeting 17,661 protein-coding genes (Figure S1H),

which we call the TKO (Toronto KnockOut) library (Table S1).

We validated effectiveness of designed guides in Cas9-ex-

pressing cell lines by targeting several genes individually and

testing protein knockdown and cellular proliferation defects (Fig-

ures S2A–S2D). As a proof of concept, we also performed a pos-

itive selection screen with HCT116 cells cultured in an excess of

thymidine to look for suppressors of the imposed G1/S arrest,

wherein we recovered 11 of 12 gRNAs targeting thymidine ki-

nase 1 (TK1) (Figures S2E–S2H), as expected (Meuth, 1989).
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Figure 1. CRISPR-Cas9 Fitness Screens

(A) Cell lines screened and/or analyzed for this

study. GBM, patient-derived glioblastoma cell line.

RPE1, retinal epithelial cells. HCT116 and DLD1,

colorectal carcinoma. HeLa, cervical carcinoma.

A375, melanoma, screened in Shalem et al. (2014)

and reanalyzed here.

(B) Heatmap of Pearson correlation coefficients

among all pairs of screens.

(C) Precision-recall plots of fitness genes for each

cell line. Dashed line denotes 5% false discovery

rate (FDR).

(D) Number of fitness genes detected in each cell

line at 5% FDR. Black, CRISPR screen with TKO

library. White, pooled library shRNA screen. Gray,

CRISPR screen with GeCKo library.

(E) False discovery rate of screens versus ex-

pression level of target genes. Genes are ranked

by expression level and binned (n = 500). The false

discovery rate (13) of fitness gene calls in each bin

(y axis) is plotted against themean expression level

(log2(fpkm+0.01)) for genes in the bin. CRISPR

targets genes at moderate expression levels (light

shaded region) at low FDR, while pooled library

shRNA achieves this FDR only for high expression

genes (white region).
To identify human fitness genes in cell lines, we applied the

177k TKO library to HCT116 colorectal carcinoma cells stably

expressing the Cas9 nuclease. After selection for infected cells

and population sampling at time zero (T0), we conducted parallel

negative selection screens for essential genes and sampled the

evolving populations every 3 days from day 6 to day 18, or �20

cell doublings. Genomic DNA from each time point was isolated

and gRNA abundance wasmeasured by deep sequencing of the

integrated gRNA cassettes in order to monitor the change in

abundance of each gRNA between the initial cell population

and each of the subsequent five time points (Figures S2E and

S2F). gRNAs targeting fitness genes were expected to drop

out of the initial population and result in a lower proportion of to-

tal sequences, while the proportion of gRNAs targeting non-

fitness genes ismaintained.We repeated the screens in triplicate

in HCT116 cells and also screened HeLa cervical carcinoma

cells with the 177k library in triplicate. Using the same approach,

we further screened DLD1 colorectal carcinoma cells, a patient-
Cell 163, 1515–1526, D
derived glioblastoma cell line (GBM) and

hTERT immortalized RPE1 retinal epithe-

lial cells with the first-pass 90k library

(Figure 1A).

We adapted the analytical pipeline

described previously in Hart et al. (2014)

to classify fitness genes and to evaluate

the quality of the screens. Using the

gold-standard sets of 360 essential and

927 nonessential genes defined in that

study, we observed that the fold-change

distribution of gRNAs targeting essential

genes is significantly shifted relative to

those targeting nonessential genes, and
that the shift increases with time (Figures S3A–S3E). We then

made improvements to the algorithm described in (Hart et al.,

2014), which we call the Bayesian Analysis of Gene Essentiality

(‘‘BAGEL’’) approach, to calculate a log Bayes factor (BF) for

each gene. More positive scores indicate higher confidence

that a given gene’s knockout causes a decrease in fitness but

are not necessarily a measure of the severity of the phenotype.

Unlike most other analytical methods for large-scale gene

perturbation studies, BAGEL uses the data from all reagents

and all samples in a screen and therefore provides a ready

framework for the integration of experiments with many re-

agents per gene and multiple time points (see Supplemental

Information).

The TKO Library Screens Identify More Fitness Genes
than Any Other RNAi or CRISPR Screen
For each of the screens that we carried out, BFs were calculated

for all targetedgenes (TableS2).WealsousedBAGEL tocalculate
ecember 3, 2015 ª2015 Elsevier Inc. 1517



BFs for a previous screen in the A375 melanoma cell line per-

formedwith the first generation 65k gRNAGeCKo library (Shalem

et al., 2014). To evaluate the consistency of our results, we

measured the Pearson correlation coefficient of the BF distribu-

tions of all pairs of screens (Figure 1B). All TKO library screens

showed very high correlation, withmost having correlation coeffi-

cientsbetween0.65and0.75,while the replicateHCT116screens

had a correlation coefficient of 0.86. The A375 screen showed

lower but consistent correlationwith theTKO library screens, sug-

gesting that the BAGEL algorithm could be used to estimate

screen quality across different libraries and experiments.

The use of gold-standard reference sets enables the unbiased

evaluation of screen performance. After merging the replicate

HCT116 screens, we calculated precision-recall curves for the

six cell lines (Figure 1C). All TKO library screens showed very

high performance, with �2,000 fitness genes identified in each

cell line at a 5% false discovery rate (FDR; Figure 1D). Both

90k and 177k library screens showed similar sensitivity, with

HeLa cells yielding the lowest number of fitness genes despite

using the larger library, possibly due to high ploidy in HeLa cells.

Overall, TKO library screens identified�40%more fitness genes

than the GeCKo screen in A375 (n = 1,270 genes), likely due to

the combination of improved design and larger library size, but

all CRISPR screens captured 4- to 5-fold more fitness genes

than a high-quality genome-wide pooled library shRNA screen

in the HCT116 cell line previously performed in our lab (Vizeacou-

mar et al., 2013), in which only 433 fitness genes were identified

at the same FDR. The key driver for the difference in sensitivity

appears to be expression level of the target gene: lentiviral-medi-

ated pooled library shRNA screens show high specificity only

for high expression targets, while CRISPR screens accurately

detect fitness genes across a broad range of expression levels

(Figures 1E and S3I).

Functional Characterization of Core Fitness Genes
A common aim of fitness screens in cell lines is to identify those

genes whose loss of function is lethal only in a specific genetic

background or environmental context. These ‘‘synthetic lethal’’

or context-specific essentials must be differentiated from core

essentials, which should in principle be detectable in every

screen for cell line fitness genes. We previously introduced the

concept of the Daisy Model of gene essentiality (Hart et al.,

2014), where the fitness genes in each tissue or context are rep-

resented by a petal (Figure 2A). Petals overlap to varying degrees

but all share a common set of core genes that should be detect-

able in every cell line. We estimated the core fitness genes by

considering the frequency with which each fitness gene was

observed across the five TKO cell lines. Of the 4,054 total hits,

1,580 were observed in three or more of the five cell lines, with

more than half (829, 52%) observed in all five (Figure 2B).

Wedefined these 1,580 hits as core fitness genes and analyzed

their functional and genomic properties. Perhaps the most strik-

ing property was the strong enrichment of protein complexes

among this gene set. The number of fitness genes among sub-

units of selected large (Figure 2C) and small (Figure 2D) protein

complexes is compared to the number of subunits among 823es-

sentials identified across 72 genome-scale shRNA screens of

cancer cell lines (Hart et al., 2014). In virtually every case, the
1518 Cell 163, 1515–1526, December 3, 2015 ª2015 Elsevier Inc.
five CRISPR screens identified more subunits of a given complex

than all 72 shRNA screens, and several complexes are identified

exclusively by CRISPR. On average, CRISPR classified 68% of

complex members as hits versus only 35% for RNAi. The only

exception where RNAi outperformed CRISPR was the ribosome,

whose subunits tend to be targeted by a smaller number of

guides in the TKO library (Figure S3J).

Among the complexes detected exclusively by TKO, 111 sub-

units are classified as fitness genes; of these, over 60% (n = 68;

Figure 2E) are expressed at moderate levels, where RNAi is less

sensitive. Notably, fitness genes that are highly expressed, but

still found only by CRISPR, are enriched for genes whose pro-

teins are localized to mitochondria. It was previously observed

that some nuclear-encoded mitochondrial proteins have rela-

tively short mRNA half-lives (Tani et al., 2012). Comparing

high-expression fitness genes detected by RNAi and CRISPR

in HCT116 cells to mRNA half-life data from HeLa cells (Tani

et al., 2012) shows that those detected only by CRISPR tend

to have much shorter half-lives than those detected by RNAi

(Figure 2F), which may partially explain the lack of sensitivity of

RNAi screens in detecting these important genes linked with

mitochondria.

The Daisy Model predicts that core fitness genes are enriched

for fundamental cellular processes such as transcription, trans-

lation, and replication. Analyzing the core fitness genes for bio-

logical process annotation enrichment confirms this prediction:

genes involved in RNA splicing, translation, and DNA replication

and repair are more than 4-fold overrepresented among these

genes (Figure 2G). Conversely, genes involved in cell-cell

communication and organismal development are more than 4-

fold depleted, consistent with expectations when screening ho-

mogeneous cell cultures.

We then examined a number of physiological and evolutionary

properties of the core fitness genes (Figures 2H and 2I). First,

we observed that they show strong overlap with human ortho-

logs of both yeast cell and fly cell-line essentials, as well as

whole-organism worm and mouse essentials (Figure 2H and

Supplemental Information). In contrast, non-core fitness genes

(observed in 1–2 cell lines) include less than half as many essen-

tial orthologs. Second, core fitness genes show more than 10-

fold higher average expression across the �1,000 cell lines in

the Cancer Cell Line Encyclopedia (Barretina et al., 2012) than

nonfitness genes and display lower expression variance (Fig-

ure 2I), indicating that these genes exhibit constitutive, invariant

expression across tissues. Third, and as with previous studies in

model organisms, core fitness genes show roughly 4-fold more

interaction partners in protein-protein and functional interaction

networks. Fourth, core fitness genes also show a lower ratio of

nonsynonymous to synonymous mutations when compared to

all mouse orthologs, indicating purifying selection on fitness

genes. Consistent with this observation, core fitness genes

also show lower frequency of deleterious variation across human

exomes. However, core fitness genes are neither enriched nor

depleted for disease genes, contrary to the depletion for disease

genes observed in the smaller set of RNAi-derived, high-expres-

sion core fitness genes described in Hart et al. (2014). Lastly,

while core fitness genes have similar transcript length and cod-

ing sequence length to non-fitness genes, they tend to have
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Figure 2. Core Fitness Genes

(A) The Daisy Model of gene essentiality, where each tissue/context is represented by a petal on the flower. Petals overlap to varying degrees but all share a

common core of housekeeping essential genes.

(B) Distribution of hits at 5% FDR across the five cell lines assayed with the TKO library. We define hits observed in 3 or more cell lines as core essential genes (n =

1,580).

(C) Essential protein complexes. Number of subunits in the core TKO fitness genes (beige) is compared to the number of subunits in the set of 823 global RNAi

essentials from (15) (green) and the total size of the complex (white box).

(D) Small essential complexes, shaded as in (C).

(E) For complexes detected exclusively by TKO (not RNAi), nearly 2/3 show moderate gene expression (shading as in Figure 1E). Highly expressed genes are

enriched for mitochondrial proteins.

(F) Distribution of mRNA half-life of fitness genes detected by CRISPR and/or RNAi.

(G) Selected biological processes enriched or depleted in TKO core essentials (beige), depicted as fold-change relative to random expectation. Green bars are

functional enrichment/depletion in RNAi global essentials (13).

(H) Intersection of core fitness genes with human orthologs of essential genes in yeast, worm, fly, and mouse.

(I) Other physiological and evolutionary properties of core fitness genes, plotted as fold-change of core fitness genes relative to non-fitness genes.

Cell 163, 1515–1526, December 3, 2015 ª2015 Elsevier Inc. 1519
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B Figure 3. Novel Uncharacterized Fitness

Genes

(A and B) Distributions of the number of PubMed

citations (A) or GO terms (B) linked to each gene

symbol in Entrez Gene for core fitness genes (gold

line) versus non-fitness genes (gray line). Dotted

lines indicate median value for each distribution.

Position of selected uncharacterized fitness genes

in the distribution is shown. CCDC84 had no

associated GO terms.

(C) Cell viability assays in HCT116 and HeLa cells

infected with lentiviral-based gRNA expression

cassettes, as measured by AlamarBlue staining

10 days post-selection. Three different gRNA

expression cassettes were used per gene. Data

are represented as means ± SD of 3 replicates

(n = 3 cassettes x triplicates). ***p < 0.001, **p <

0.01, and *p < 0.05; two-tailed unpaired t test.

(D) Immunofluorescence of 293T cells stably ex-

pressing V5-tagged ORFs. Subcellular localization

of ORFs was detected with an anti-V5 anti-

body (green), and nuclei were stained using DAPI

(blue).

(E) Summary of the protein-interaction network of

ANKRD49, ZNF830, CCDC84, and RBM48 de-

tected by AP-MS analysis. V5- or 3xFLAG-tagged

ORFs of the indicated proteins were immunopre-

cipitated from HEK293T and HCT116 cells, and

interactors were identified by mass spectrometry

analysis. Bait proteins are indicated by rectangles

and prey proteins by circles. The color of the node

corresponds to the Bayes Factor essentiality score

in HCT116 cells, and the width of the edges cor-

responds to the number of times the interaction

was detected. Results from five independent AP-

MS experiments are shown for ANKRD49 and

ZNF830 and four independent AP-MSexperiments

for CCDC84 and RBM48.

(F) Co-immunoprecipitation of RBM48 and ARMC7

from HCT116 cell lysates. HCT116 cells stably ex-

pressing V5-tagged RBM48, ARMC7, or LacZ

(control) were transfected with the indicated VA

(3xFLAG)-tagged ORFs of ARMC7 or RBM48 and

immunoprecipitated with anti-FLAG M2 antibodies

and then immunoblotted with anti-V5 antibody and

anti-FLAG antibody. b-actin was used as a loading

control for input samples.
more exons (median 11 for fitness genes versus 7 exons for non-

fitness genes).

Inferring the Function of Uncharacterized Core Fitness
Genes
There still remains a significant portion of human genes that are

uncharacterized or unstudied; part of the ‘‘dark matter’’ of the

genome. We selected four predicted core essential genes

(ANKRD49, ZNF830, CCDC84, and RBM48) that have few

PubMed citations and gene ontology (GO) annotations (Figures

3A and 3B) and confirmed that all four genes are critical for
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cell proliferation in HCT116 and HeLa cells by independent

treatment with single gRNAs (Figure 3C; p < 0.05, Student’s

t test; Figure S4A). CRISPR knockout of ZNF830 and RBM48

with multiple independent gRNAs showed signs of apoptosis

as measured by cleaved Caspase 7 and cleaved PARP (Fig-

ure S4B). Notably, all four of these genes are expressed at

moderate levels refractory to RNAi perturbation. In order to

infer the function of each of these genes, we expressed V5-

tagged open reading frames (ORFs) of the four genes in

HEK293T andHCT116 cells to examine their subcellular localiza-

tion and protein interaction patterns. By immunofluorescence,
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Lethality

(A) The canonical MAPK pathway.

(B) Context-dependent sensitivity to perturbation

of MAPK fitness genes. Cell lines with KRAS and

BRAFmutations show strong pathway bias. Solid,

fitness gene at 5% FDR. Shaded, fitness gene at

10% FDR. Gray boxes represent known essential

oncogenes missed by the screens.

(C) Canonical and HPV-mediated pP53 degrada-

tion pathways.

(D) P53 regulators as fitness genes.

(E) Cell viability assays demonstrating the effect of

Nutlin-3a (an inhibitor of MDM2-p53 interaction)

treatment at the indicated concentrations.

All data are represented as means ± SD (n = 3

replicates). ***p < 0.001, **p < 0.01, and *p < 0.05;

two-tailed unpaired t test.
ANKRD49 showed staining distributed throughout the cell,

whereas ZNF830, CCDC84, and RBM48 exhibited enriched nu-

clear staining (Figure 3D and data not shown). Immunoprecipita-

tions fromHEK293T andHCT116 cell lysates expressing V5- and

33FLAG-tagged ORFs followed by mass spectrometry (IP-MS)

identified protein interactions with all four bait proteins (Figure 3E

and Table S3). With each of the four bait proteins, robust protein-

protein interactions with other core fitness genes were detected,

suggesting that these uncharacterized fitness genes may also

encode members of essential protein complexes. For example,

ANKRD49 was found to associate strongly with FKBPL and

together likely function as an Hsp90 co-chaperone to promote

aspects of protein folding (Taipale et al., 2014). ZNF830 and

CCDC84 interacted with different sets of proteins that are pre-

dicted to participate in mRNA splicing (Figure 3E). Notably,

ZNF830 was previously found to associate with the XAB2

splicing complex (De et al., 2015; Kuraoka et al., 2008), whereas

CCDC84 may be a component of the PRPF splicing complex.

Finally, an interaction between RNA-binding motif containing

protein RBM48 and the product of the uncharacterized fitness

gene ARMC7 was detected by IP-MS and confirmed by co-

immunoprecipitation (Figure 3F). RBM48 and ARMC7 have

been found to be amplified across several cancer tissues and

cell lines (Figures S4C and S4E), and both genes show an enrich-

ment for copy number amplification and a corresponding deple-
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tion for copy loss relative to a pool of

nonessential genes (Figures S4D and

S4F). RBM48 contains an RNA-binding

motif, and ARMC7 is an Armadillo-repeat

containing protein, which suggests that

this RBM48-ARMC7 essential protein

complex may have a role in RNA meta-

bolism and/or transcription.

Selective Dependence on Pathways
Harboring Known Driver Mutations
Defining core fitness genes provides

an important foundation for identifying

synthetic lethal genes that illuminate

context-specific dependencies on signaling pathways and bio-

logical processes, which in turn provide candidate tumor-spe-

cific therapeutic targets. The cells assayed here for fitness

genes represent a cross-section of common cancer genotypes

whose differential genetic vulnerabilities highlight actionable

targets and pathways. For example, we expected to observe

selective dependence on the mitogen-activated protein kinase

(MAPK) pathway, as three of our cell lines harbor driver muta-

tions in this pathway (KRASG13D in DLD1 and HCT116, and

BRAFV600E in A375). The canonical MAPK pathway carries sig-

nals transduced by various cell surface receptors (Figure 4A),

which regulate many cellular processes, including cell prolifer-

ation, cell survival, and cell-cycle control (Lemmon and

Schlessinger, 2010). We observe multiple hits downstream of

the driver mutations in all three MAPK pathway mutants (Fig-

ure 4B), including selective PI3K dependency in the KRAS

mutant background, consistent with KRAS activation of the

PI3K/AKT pathway (Boj et al., 2015; Castellano and Down-

ward, 2011). As the stringent sequence identity filters used

to generate the TKO library resulted in only one gRNA target-

ing the KRAS gene, KRAS itself does not emerge as a fitness

gene. Similarly, the GeCKo library screen does not identify

BRAF as a hit in the A375 cell line. Nevertheless, the overall

trend of oncogene-driven MAPK pathway dependency is

strongly affirmed.
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In addition to the oncogene-driven MAPK activity, we

observed differential p53 regulation consistent with the cells’ ge-

notypes. The canonical p53 protein degradation pathway in-

volves ubiquitination by the E3 protein-ubiquitin ligase MDM2

(Figure 4C) (Momand et al., 2000). Three of our wild-type TP53

cell lines are dependent on MDM2, and the related p53 inhibitor

MDM4 is also a hit in two of those three lines (Figure 4D; FDR <

5%). HeLa cells also carry wild-type TP53 but are driven by

human papilloma virus (HPV) infection, where the HPV protein

E6 mediates p53 degradation through its interaction with the

endogenous UBE3A E3 ubiquitin-protein ligase (Scheffner

et al., 1993) (Figure 4C). Importantly, we observed that HeLa cells

require UBE3A for proliferation, but not MDM2 or MDM4. In

contrast, DLD1 cells have an oncogenic TP53S241F/� mutation

(Ahmed et al., 2013; Sur et al., 2009), circumventing dependency

on these protein degradation pathways. Differential response to

treatment with Nutlin-3a, which inhibits MDM2 protein interac-

tion with and subsequent degradation of p53, confirms the

selective dependence on this interaction (Figure 4E) and is

consistent with prior observations of genotype-dependent res-

ponse to MDM2 inhibition (Sur et al., 2009). Neither MDM2 nor

MDM4 are discovered in the HCT116 RNAi screen, demon-

strating both the improved sensitivity and specificity that TKO

fitness screens provide.

Identification of Novel Context-Specific Vulnerabilities
While the genetic dependencies that emerge as a consequence

of the known oncogenic drivers demonstrate the sensitivity of

the CRISPR screens, the large number of fitness genes identified

in each cell line enables a data-driven approach to discovering

context-specific vulnerabilities. We took the fitness genes in

each cell line and subtracted the core fitness genes to specify

a set of context-specific genes for each line (Figure 5A). We

then analyzed each set of genes for enrichment in Gene

Ontology biological process or cellular component annotations,

using the GOrilla web service (Eden et al., 2009). Comparing en-

riched terms revealed that each cell line had a highly unique

signature of essential biological processes and associated com-

ponents (Figure 5B). We noted that the ‘‘telomere maintenance’’

pathway was enriched only in RPE1 cells, which is consistent

with that cell line having been immortalized by telomerase

reverse transcriptase (hTERT; Bodnar et al., 1998). We discov-

ered unexpected differential hits across several receptor tyro-

sine kinases (RTKs) upstream of the MAPK signaling pathway

described earlier (Figures 4B and 5C). To our surprise, the

epidermal growth factor receptor EGFR was a strong hit in

KRASG13D DLD1 cells, along with signal transduction adapters

SHC1, GRB2, and SOS1 (Figure 5D). In contrast, KRASG13D

HCT116 cells showed no hits in this pathway. DLD1 cells show

a selective response to EGFR inhibitor erlotinib (Figure 5E), con-

firming this observation. Unlike HCT116, DLD1 cells carry a

TP53S241F mutation, which we hypothesized might be related

to the EGFR dependency; interestingly, HPAF-II cells also carry

both KRAS (G12D) and TP53 (P151S) mutations and are also

sensitive to erlotinib (Figure S5A). However, further examination

of a series of isogenic HCT116 cell lines with varying TP53 geno-

types, and DLD1 cells with varying KRAS genotypes, indicated

that TP53 genotype does not re-sensitize HCT116 cells to erloti-
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nib (Figure S5B). Thus, dependency on signaling components

upstream of a well-characterized driver oncogene violates pre-

dictions that the driver mutation disconnects cells from up-

stream signal relays and highlights potential differences in ther-

apeutic options even within well-defined subtypes.

Other RTKs also showed differential sensitivity across our

screens. GO biological process term ‘‘insulin receptor sig-

naling,’’ enriched in HeLa-specific fitness genes, includes fibro-

blast growth receptor FGFR1 and insulin-like growth factor 1

receptor IGF1R. HeLa cells showed specific sensitivity to the

FGFR1 inhibitor PD173074 (Figure 5F), as predicted by com-

paring FGFR1 hits across cell lines (Figure 5D), while treatment

with custom synthetic human antibodies generated against

IGF1R that block IGF stimulation of IGFR1 (Figure S5C) reduced

cell viability in HeLa and A375 but not in HCT116 cells

(Figure 5G).

The GO term enrichment analysis also suggested a surprising

and specific dependency onmitochondrial activity (Figure 5B). In

particular, fitness genes in HCT116 are highly enriched for sub-

units of electron transport chain complex I; as predicted, growth

of HCT116 cells was strongly inhibited by complex I inhibitor

rotenone (Figures 5H and 5I) and by biguanide derivatives phen-

formin (Figure S5D) and metformin (Figure 5J), an inhibitor of

oxidative phosphorylation (Bridges et al., 2014) that is commonly

prescribed for type 2 diabetes. Similarly, DLD1 fitness genes are

enriched for genes encoding subunits of the mitochondrial ribo-

some (Figure 5B). Several antibacterial drugs, including linezolid

(Nagiec et al., 2005), tigecycline (Olson et al., 2006), and chlor-

amphenicol (McKee et al., 2006), have been shown to specif-

ically inhibit mitochondrial ribosome function in mammalian cells

(Figure 5H) (Skrti�c et al., 2011). As predicted, DLD1 cells show

preferential sensitivity to these small molecules (Figures 5K,

5L, and S5E).

In addition to fitness genes that were negatively selected in our

screens and conditionally required for cell proliferation, we also

identified context-specific genes whose knockout enhanced

proliferation. Since BAGEL is designed to identify negatively

selected genes, we used the MAGeCK algorithm (Li et al.,

2014) and identified a number of positively selected genes

from our screens. For example, the HeLa screen identified com-

ponents of the Hippo tumor suppressor pathway, including NF2/

merlin (adjusted p = 0.005) and LATS2 (p = 0.018). The GBM

screen identified the tumor suppressor gene TP53 (p = 0.001),

as well as other potential candidate tumor suppressor genes,

including the nuclear exportin XPO7 (p = 0.001) and DHX29/

DEAH-box protein 29 (p = 0.001). The RPE1 screen identified

TP53 (p = 0.005), as well as a number of additional candidate tu-

mor suppressor genes, including PDCD10/CCM3, mutations in

which are one cause of cerebral cavernous malformations.

Taken together, our screens identified both negatively and posi-

tively selected genes simultaneously and report clear results

across different genetic backgrounds.

Guides Targeting Random Loci Suggest Negligible
Off-Target Effects
A key design criterion for the TKO library was strict control over

potential off-target effects by excluding candidate gRNA

with multiple genomic binding sites, even including up to two
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Figure 5. Data-Driven Discovery of Genetic Vulnerabilities

(A) The Daisy Model from Figure 2, here focusing on the petals: each cell line’s fitness genes, minus the core.

(B) Selected enrichedGeneOntology Biological Process andCellular Compartment terms. Color represents fold enrichment for termsmeeting a p value threshold

(p < 10�3). Green box highlights experimentally validated GO terms.

(C) Representative RTK complexes and their inhibitors.

(D) Context-dependent sensitivity to perturbation of RTK fitness genes. Solid, fitness gene at 5% FDR. Shaded, fitness gene at 10% FDR.

(E) Cell viability assays demonstrating the effect of erlotinib (EGFR inhibitor) and (F) PD173074 (FGFR1 inhibitor) treatment at the indicated concentrations in

DLD1, HCT116, A375, RPE1, HeLa, and GBM cells.

(G) Cell viability assay demonstrating the effect of custom synthetic IGF1R antibodies (IGF1R-161 and IGF1R-165 at 50 mg/ml) in the indicated cell lines. MBP

(Maltose Binding Protein)-IgG was used as a control antibody.

(H) Differentially essential mitochondrial functions and their inhibitors.

(I and J) (I) Cell viability assays demonstrating the effect of rotenone (complex I inhibitor) and (J) metformin (OXPHOS inhibitor) treatment at the indicated

concentrations.

(K and L) (K) Cell viability in response to linezolid and (L) chloramphenicol, inhibitors of mitochondrial translation. All data are represented as means ± SD (n = 3

replicates). ***p < 0.001, **p < 0.01, and *p < 0.05; two-tailed unpaired t test.
mismatches. To more systematically explore the phenotypic

effect of off-target gRNA binding, we examined the fold changes

of the TKO library guides targeting random loci on chromosome
10. Guides with only one predicted target site (n = 584)

show negligible fold-change distribution, similar to guides tar-

geting nonessential genes (Figure S1I). However, promiscuous
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gRNAs—those targeting at least 20 genomic loci (n = 796)—are

more similar to guides targeting essential genes (Figure S1I). This

behavior is consistent across all five TKO cell lines and suggests

that off-target effects only become an issue in negative selection

screens if there are many target sites; the odds of a single

random off-target locus causing a significant phenotype appear

to be quite low.

DISCUSSION

We developed and used the TKO library to conduct genetic

screens to identify fitness genes in human cell lines. We identi-

fied �2,000 high-confidence fitness genes in each cell line,

four to five times more genes than an RNAi screen yielded at

the same false discovery rate. Using the Daisy Model as a frame-

work, we classified 1,580 genes as core fitness genes (hits in 3 or

more of the 5 cell lines). This vastly expands the catalog of hu-

man cell line fitness genes; by way of comparison, the number

of CRISPR-identified core human fitness genes that have essen-

tial yeast orthologs (n = 569) is more than 50% larger than

the entire set of core fitness genes identified by systematic anal-

ysis of 174 human cell-line shRNA screens (n = 360; Hart et al.,

2014).

Of particular interest is the strong enrichment among core

fitness genes for well-annotated protein complexes. Enlarging

the census of essential protein complexes has potentially major

chemotherapeutic implications. In a recent study, Nijhawan et al.

(2012) discovered that partial copy loss of subunits of some

essential protein complexes—presumably as passenger losses

related to genetic deletion of nearby tumor suppressors—ren-

ders cells more susceptible to inhibition of those complexes.

The study relied on RNAi to identify genetic susceptibility and

yielded results enriched for highly expressed ribosome, protea-

some, and spliceosome subunits. Consistent with this hypothe-

sis, Liu et al. (2015) report that the RNA polymerase II subunit

POLR2A, located at cytoband 17p13, is frequently deleted along

with neighboring tumor suppressor TP53. This copy loss results

in selective sensitivity to perturbation of either thePOL2RA gene,

by RNAi, or of RNA polymerase complex function by a-amantin.

RNA polymerase II is one of many essential complexes for which

specific inhibitors already exist, which could lead to repurposing

of existing drugs to target tumor-specific haplo-insufficiencies.

With the CRISPR core fitness genes, we expand the hypothesis

of passenger-driven genetic vulnerability by extending the list of

candidates to dozens of protein complexes comprised of hun-

dreds of subunits.

This set of core fitness genes should prove useful acrossmany

disciplines of human genetics and genomics. In cancer geno-

mics, chromosomally unstable tumors should, in principle,

show lower frequency of deletion at fitness gene loci than

random. In population genetics, these loci should show lower

rates of deleterious mutation and copy number variation, based

on the Daisy Model hypothesis that cell line fitness genes are a

subset of organism-level fitness genes. Furthermore, the census

of core fitness genes will be refined as the number of high-quality

cell line genetic screens expands and researchers integrate

these results with other functional genomics and orthology

data. Finally, this refined core will be used as an updated yard-
1524 Cell 163, 1515–1526, December 3, 2015 ª2015 Elsevier Inc.
stick to evaluate improvements in both screening technologies

and analytical methods.

Though preliminary, our census of core fitness genes provides

a foundation for identifying context-specific fitness genes that

illuminate biological differences between cell types and warrants

further research into genotype-driven therapeutic targets for

cancer. Each cell line we assayed offered a unique signature of

essential biological processes, many of which we confirmed by

orthogonal small-molecule or antibody inhibitors. In general,

essential pathways were consistent with expectations based

on known oncogenic drivers—cell lines with KRAS or BRAF

driver mutations, for example, rely on downstream MAPK

pathway elements, and wild-type TP53 cells showed vulnera-

bility to inhibition of MDM2. However, we also observed counter-

intuitive differences between ostensibly similar cell lines. Both

HCT116 andDLD1 areKRAS-mutant colorectal cancer cell lines,

but DLD1 also relies on EGFR signaling, contradicting the model

that activating mutations decouple biological pathways from up-

stream signaling. HCT116, on the other hand, demonstrates a

specific dependence on ETC complex I activity and selective in-

hibition in response to metformin, a widely prescribed antidia-

betic drug. Lower cancer rates among metformin users have

been observed for years, leading to clinical interest in metformin

as an anticancer agent (Jalving et al., 2010). This preliminary

work strongly supports the idea that oxidative phosphorylation

dependency—a clear exception to the Warburg effect—is a

targetable weakness of some tumors.

It is tempting to ascribe the differences between these two

similar cell lines to other differences among well-characterized

cancer genes—for example, TP53, which carries an oncogenic

mutation in DLD1 but not HCT116. However, such an observa-

tion is at best correlative, given only two cell lines. We emphasize

that it is the discovery of this unexpected variation, confirmed

through orthogonal assays, that represents the true novelty of

this aspect of our results, though we cannot currently explain

the source of this variation. In fact, we are far from understanding

the genetic and epigenetic rewiring of cells that give rise to these

selective vulnerabilities. It took a decade of technology develop-

ment, systematic experimentation, and advanced analysis to

map the genetic network of a yeast cell in a single growth condi-

tion (Costanzo et al., 2010), and we are only just beginning to un-

derstand the dynamics of that network (Bandyopadhyay et al.,

2010). Translating that work into humans must take into account

the ‘‘dimension problem’’ of more diverse genotypes, more

epigenetic states/tissue types, and more environmental condi-

tions (i.e., growth media and required supplements for different

cell lines). Nevertheless, with the advent of CRISPR-Cas9 tech-

nology, this goal may finally be achievable. Future systematic

high-resolution fitness screens across multiple query knockout

strains in an isogenic background, analogous to the yeast

approach, should yield a first draft of the human genetic network.

Concurrent screening of a large, diverse panel of well-character-

ized cancer cell lines (Boehm and Golub, 2015) may tell us how

genetic variation changes that network and how to take advan-

tage of the surprising emergent vulnerabilities of specific tumors.

This work advances the current state of the art for those future

studies and provides a crucial baseline for their analysis and

integration.



EXPERIMENTAL PROCEDURES

Online Resources

TKO library sequences, raw and processed data from the experiments

described here, and details on the BAGEL software can be downloaded at

the TKO website at http://tko.ccbr.utoronto.ca.

Genome-Scale Lentiviral gRNA Library Design and Construction of

the TKO Library

gRNA target sites containing the N20NGG motif were chosen from protein-

coding exons and filtered for nucleotide composition and transcript position.

gRNAs were synthesized as 58-mer oligonucleotides on two microarrays

(CustomArray), each with a density of �90,000 sequences, and amplified by

PCR as a pool. The PCRproducts were purified and cloned into pLCKO vector.

Colonies were scraped off plates and pooled, and the plasmid DNA was

extracted. Library virus was produced in HEK293T cells, and MOI was

determined for each cell line screened (see Supplemental Experimental

Procedures).

Pooled gRNA Depletion Screens

Cas9-expressing cells were infected with the lentiviral TKO library at an

MOI�0.3 such that every gRNA is represented in�270 cells. 24 hr after infec-

tion, infected cells were selected with puromycin for 48–72 hr. After selection,

cells were split into three replicates, passaged every 3 days, and maintained

at 200-fold coverage. Cells were collected at a 200-fold coverage for

genomic DNA extraction at day 0 and every 3 days from day 6 to day 18

post-selection.

Genomic DNA was extracted from cell pellets. gRNA inserts were amplified

via PCR using primers harboring Illumina TruSeq adapters with i5 and i7 barc-

odes, and the resulting libraries were sequenced on an Illumina HiSeq2500

(see Supplemental Experimental Procedures).

Analysis of Negative Selection Screens: The BAGEL Algorithm

The BAGEL algorithm was used to calculate a Bayes factor for each gene rep-

resenting a confidence measure that the gene knockout results in a fitness

defect. The algorithm uses reference sets of essential (n = 360) and nonessen-

tial (n = 927) genes from Hart et al. (2014). Gene-level Bayes factors for all

screens described in the manuscript are available in the Supplemental Exper-

imental Procedures.

Analysis of Screen False Discovery Rates Using Gene Expression

In addition to using the gold standard reference sets, we evaluated screen

quality by an independent method comparing essential genes to gene expres-

sion. A background error rate for each screen was calculated by taking all

genes with trace/no expression (logFPKM < �2) and measuring the fraction

classified as essential, assuming that these trace/no expression genes are

false positives (see Supplemental Experimental Procedures).

Identifying Core Fitness Genes

We chose a per-screen false discovery rate (FDR, 1-Precision) of 5% as a cut-

off. Genes with BFs above the threshold in the given cell line were considered

fitness genes in that cell line. Genes observed in 3 or more of the 5 TKO

screens (n = 1,580) were considered ‘‘core fitness genes’’ and retained for

further analyses (see Supplemental Experimental Procedures).

ACCESSION NUMBERS

The accession number for the RNA-seq data reported in this paper is GEO:

GSE75189.

SUPPLEMENTAL INFORMATION

Supplemental Information includes Supplemental Experimental Procedures,

five figures, and three tables and can be found with this article online at

http://dx.doi.org/10.1016/j.cell.2015.11.015.
AUTHOR CONTRIBUTIONS

T.H., M.C., M.A., Z.S., S.A., and J.M. designed and constructed the TKO li-

brary and designed experiments. M.C., M.A., Z.S., G.M., and M.M. performed

the experiments. T.H., M.C., M.A., K.R.B., S. Sun, O.S.R., F.P.R., D.D., S.A.,

and J.M. analyzed the data. M.Z., A.F.-T., and P.D. provided cell lines; and

S. Sidhu provided synthetic antibodies. T.H., M.C., M.A., and J.M. wrote the

manuscript with input from all the other authors.
ACKNOWLEDGMENTS

We thank Michael Costanzo, Amy Tong, Charlie Boone, and Brenda Andrews

for helpful discussions and comments on the manuscript. We thank Olga Si-

zova and Amy Tong for technical assistance, Sachin Kumar for providing plas-

mids, all the members of the Moffat and Angers labs for helpful discussions,

PeggyWang for graphic design, and Aaron Schimmer for chemicals. We thank

the Exome Aggregation Consortium and the groups that provided exome

variant data for comparison (http://exac.broadinstitute.org/about). We also

thank Dax Torti at the Donnelly Sequencing Centre for assistance with

sequencing. M.A. holds a postdoctoral fellowship from the Swiss National Sci-

ence Foundation, A.F.-T. holds a CIHR postdoctoral fellowship, M.Z. is an

EMBO Long-Term postdoctoral fellow, and S. Sun holds an international post-

doc grant from the Swedish Research Council. This work was supported by

grants from the Ontario Research Fund (J.M.), Ontario Institute for Cancer

Research ITV Program (J.M.), Canadian Foundation for Innovation (J.M.), Can-

ada Research Chairs program (J.M., S.A., and D.D.), Krembil Foundation

(D.D.), a Canadian Institutes for Health Research operating grant to J.M.

(CIHR-342551), and foundation grant to D.D. (FDN 143343). D.D. is a Tier 1

Canada Research Chair in Molecular Mechanisms of Genome Integrity, S.A.

is a Tier 2 Canada Research Chair in Functional Architecture of Signal Trans-

duction, and J.M. is a Tier 2 Canada Research Chair in Functional Genomics of

Cancer.

Received: July 21, 2015

Revised: September 1, 2015

Accepted: October 30, 2015

Published: November 25, 2015

REFERENCES

Ahmed, D., Eide, P.W., Eilertsen, I.A., Danielsen, S.A., Eknæs, M., Hektoen,

M., Lind, G.E., and Lothe, R.A. (2013). Epigenetic and genetic features of 24

colon cancer cell lines. Oncogenesis 2, e71.

Bandyopadhyay, S., Chiang, C.Y., Srivastava, J., Gersten, M., White, S., Bell,

R., Kurschner, C., Martin, C., Smoot, M., Sahasrabudhe, S., et al. (2010). A hu-

man MAP kinase interactome. Nat. Methods 7, 801–805.

Barretina, J., Caponigro, G., Stransky, N., Venkatesan, K., Margolin, A.A., Kim,

S., Wilson, C.J., Lehár, J., Kryukov, G.V., Sonkin, D., et al. (2012). The Cancer

Cell Line Encyclopedia enables predictive modelling of anticancer drug sensi-

tivity. Nature 483, 603–607.

Bodnar, A.G., Ouellette,M., Frolkis, M., Holt, S.E., Chiu, C.P., Morin, G.B., Har-

ley, C.B., Shay, J.W., Lichtsteiner, S., and Wright, W.E. (1998). Extension of

life-span by introduction of telomerase into normal human cells. Science

279, 349–352.

Boehm, J.S., and Golub, T.R. (2015). An ecosystem of cancer cell line factories

to support a cancer dependency map. Nat. Rev. Genet. 16, 373–374.

Boj, S.F., Hwang, C.I., Baker, L.A., Chio, I.I., Engle, D.D., Corbo, V., Jager, M.,

Ponz-Sarvise, M., Tiriac, H., Spector, M.S., et al. (2015). Organoid models of

human and mouse ductal pancreatic cancer. Cell 160, 324–338.

Bridges, H.R., Jones, A.J., Pollak, M.N., and Hirst, J. (2014). Effects of metfor-

min and other biguanides on oxidative phosphorylation in mitochondria. Bio-

chem. J. 462, 475–487.

Castellano, E., and Downward, J. (2011). RAS Interaction with PI3K: More

Than Just Another Effector Pathway. Genes Cancer 2, 261–274.
Cell 163, 1515–1526, December 3, 2015 ª2015 Elsevier Inc. 1525

http://tko.ccbr.utoronto.ca
http://dx.doi.org/10.1016/j.cell.2015.11.015
http://exac.broadinstitute.org/about
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref1
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref1
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref1
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref2
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref2
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref2
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref3
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref3
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref3
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref3
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref4
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref4
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref4
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref4
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref5
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref5
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref6
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref6
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref6
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref7
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref7
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref7
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref8
http://refhub.elsevier.com/S0092-8674(15)01495-6/sref8


Chen, S., Sanjana, N.E., Zheng, K., Shalem, O., Lee, K., Shi, X., Scott, D.A.,

Song, J., Pan, J.Q., Weissleder, R., et al. (2015). Genome-wide CRISPR screen

in a mouse model of tumor growth and metastasis. Cell 160, 1246–1260.

Cho, S.W., Kim, S., Kim, J.M., and Kim, J.S. (2013). Targeted genome engi-

neering in human cells with the Cas9 RNA-guided endonuclease. Nat. Bio-

technol. 31, 230–232.

Cong, L., Ran, F.A., Cox, D., Lin, S., Barretto, R., Habib, N., Hsu, P.D., Wu, X.,

Jiang,W., Marraffini, L.A., and Zhang, F. (2013). Multiplex genome engineering

using CRISPR/Cas systems. Science 339, 819–823.

Costanzo, M., Baryshnikova, A., Bellay, J., Kim, Y., Spear, E.D., Sevier, C.S.,

Ding, H., Koh, J.L., Toufighi, K., Mostafavi, S., et al. (2010). The genetic land-

scape of a cell. Science 327, 425–431.

De, I., Bessonov, S., Hofele, R., dos Santos, K., Will, C.L., Urlaub, H., Lühr-
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Figure S1. TKO Library Design, Related to Figure 1

(A) Reference sets of essential and nonessential genes were taken from Hart et al., 2014 (see tko.ccbr.utoronto.ca).

(B) Fold change distribution of all gRNAs targeting essential genes (red) or nonessential genes (blue). Data from Shalem et al. (2014), A375 negative selection

experiment.

(C) Base/position frequencies, log ratio of top quintile of essential gRNAs to bottomquintile of essential gRNAs. Highlighted region: T is strongly underrepresented

at last four positions in top-performing guides.

(D) Candidate guides were filtered for 45%–70% GC content.

(E) Candidate guides versus number of predicted genomic off-target sites (up to 2 mismatches).

(F) Guide selection strategy.

(G) Base library (90k), histogram of guides per target gene.

(H) Complete TKO library (176,500 guides), histogram of guides per target gene.

(I) Guides targeting random loci on chr10. Fold change distributions of all guides targeting reference nonessential genes (blue) or reference essential genes (red) in

DLD1 cells; other cell lines show similar patterns. In comparison, fold change distributions of guides targeting single loci on chr10 (black) or 20+ genomic loci

(green) in the five TKO cell lines are shown.
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Figure S2. gRNA Library Testing and Experimental Setup of a Genome-Scale Screen for Fitness Genes in Human Cell Lines, Related to

Figure 1
(A) Validation of the editing efficiency of the CRISPR-Cas9 system. Parental HCT116 cells (WT) and two single-cell derived HCT116 clones stably expressing

FLAG-Cas9 (C1 and C2) were infected with lentiviruses at a low MOI harboring gRNA-expressing cassettes targeting CEP85, PTK7, or TP53. Infected cells were

selected with puromycin for 48 hours, and 8 days post-selection Cas9 editing efficiency was monitored by the T7 endonuclease cleavage assay.

(B) As in (A), but Cas9 editing efficiency was monitored by Western blotting with antibodies against PTK7, CEP85 and p53. Cas9 was detected with anti-FLAG

antibodies and b-Actin was used as a loading control.

(C) Genemodels of essential genes including PSMD1, EIF3D, andPSMB2 showing target locations of library-designed gRNAs as small boxes above eachmodel.

The numbers and asterisks indicate the individual gRNAs used in part (D).

(D) Cell viability assays in HCT116 cells infected with lentiviral-based gRNA-expression cassettes. Target genes and gRNAs are indicated on the horizontal axis,

and cell viability as measured by AlamarBlue staining 10 days post-selection relative to the LacZ control, is indicated by the vertical axis. Data are represented as

mean ± standard deviation (n = 3 replicates). ***p < 0.001, **p < 0.01; two-tailed unpaired t test.

(E) Construction of the lentiviral pLCKO gRNA library and experimental setup for negative and positive selection screens.

(F) Cumulative distribution plots of normalized gRNA read counts for all replicates (A, B, C) and time points (8, 12, 15 and 18 days post-selection) for the first-pass

90k library and second-pass supplemental 86k gRNA libraries acquired during the negative selection screen in HCT116 cells.

(G) Positive selection screen for suppressors of thymidine block in HCT116 cells. Normalized read counts of all gRNAs at T0 are plotted against the mean

normalized count for thymidine-treated samples. TK1 gRNAs are circled in red. (H) Model for suppression of thymidine block by TK1 knockout.
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Figure S3. The BAGEL Method, Related to Figure 1

(A–E) Fold-change distributions from normalized gRNA read counts for gRNAs targeting gold-standard essential (solid) and nonessential (dashed) genes for each

of the indicated time points in the indicated cell lines.

(F) Representative scatter plot of gRNA fold change across technical replicates at one time point. Pearson’s r = 0.68.

(G) Empirical density estimates of gRNA targeting reference essential genes (red) or nonessential genes (blue) for the HCT116 T15 time point. Green dashed lines

represent where the nonessential density = 2�7, empirically bounding the region within which Bayes Factors are calculated.

(H) The function log2(essential/nonessential) for the sample in (G), where calculating the BF in regions where the denominator is small (outside the green dashed

lines) becomes unstable and can take on extreme values.

(I) Estimating error rates from expression. Quantile normalized gene expression density estimate from RNA-seq for HCT116 and HeLa (black curve; left y axis).

Genes are rank ordered by expression and binned (n = 500). For each bin, mean expression (± SD) is plotted against the fraction of fitness genes detected in the

screen at the specified FDR (right y axis; note log scale). Mean fraction of essential bins with FPKM < -2 (dashed lines) estimate the background error rate of each

screen.

(J) Underrepresentation of ribosomal genes in TKO library. Histogram of number of gRNA targeting each gene in the ribosome (top panel) versus the rest of the

genome (bottom panel).
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Figure S4. Amplification of RBM48 and ARMC7 in Cancers, Related to Figure 3

(A) Control versus experimental readcounts (normalized) of novel core essential genes in one experiment.

(B) Detection of cleavage of Caspase 7 and PARP. Total cell lysates of HCT116 Cas9 cells infected with lentiviral-based gRNA expression cassettes were

analyzed by Western blot 3 days post selection. b–Actin was used as a loading control.

(C) The histogram depicts the alteration frequency of RBM48 across tumor samples and cancer cell lines. The following alteration types are indicated: deletion

(purple), amplification (green).

(D) Distribution of copy number across all tumors in cBioportal (n = 11,545) for non-essential genes (black) and RBM48 (green).

(E) As in (C), but alteration frequency of ARMC7 across tumor samples and cancer cell lines is depicted.

(F) As in (D), but distribution of copy number across all tumors in cBioportal for ARMC7 (green) is depicted. These figures are modified from cBioPortal for Cancer

Genomics (Cerami et al., 2012; Gao et al., 2013).
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Figure S5. IGF1R Signaling Is Downregulated upon Treatment with Either IGF1R Antibody or an Inhibitor, Related to Figure 4

(A, B, D, and E) Cell viability in response to erlotinib in the indicated KRASmutant cell lines (A-B), phenformin (OXPHOS inhibitor, (D)) and tygecyline (mitochondrial

translation inhibitor, (E)) treatment at the indicated concentrations. All data are represented as means ± standard deviation (n = 3 replicates). ***p < 0.001, **p <

0.01, *p < 0.05; two-tailed unpaired t test.

(C) Following serum starvation for 24 hr, HCT116 or HeLa cells were first treated with the indicated control (Human IgG pool and Maltose Binding Protein (MBP)-

IgG) and IGF1R antibodies (50 mg/ml) for 30 min and then stimulated with 25ng/ml IGF-1 for 15 min. The phosphorylation of IGF1R and AKT was monitored by

Western blotting with antibodies against phospho-IGF1-R receptor b (Tyr1135/1136) and phospho-AKT (Ser473) respectively. Total level of IGF1R and AKT were

detected using Pan antibodies and b-Actin was used as a loading control.
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Supplemental	  Experimental	  Procedures:	  

	  

Cell	  line	  maintenance	  	  

	   HCT116	   cells	   were	   maintained	   in	   McCoy’s	   5A	   medium	   with	   L-‐glutamine	   (Life	  

Technologies)	   supplemented	   with	   10%	   FBS	   (Life	   Technologies)	   and	   1%	  

Penicillin/Streptomycin	  (Life	  Technologies).	  HEK293T,	  HeLa,	  DLD1,	  hTERT	  RPE1	  and	  A375	  

cells	   were	   maintained	   in	   DMEM	   with	   high	   glucose	   and	   pyruvate	   (Life	   Technologies)	  

supplemented	   with	   10%	   FBS	   (Life	   Technologies)	   and	   1%	   Penicillin/Streptomycin	   (Life	  

Technologies).	  The	  patient-‐derived	  GBM514	  glioblastoma	  cell	  line	  was	  kindly	  provided	  by	  

Peter	   Dirks’	   laboratory	   at	   SickKids,	   Toronto.	   GBM	   cells	   were	   cultured	   as	   described	   in	  

Pollard	  et	  al.	  2009.	  Briefly,	  glioblastoma	  cell	  line	  GBM514	  was	  cultured	  in	  Neurocult	  NS-‐A	  

Basal	  media	  (StemCell	  Technologies)	  supplemented	  with	  N2	  (20ng/mL,	  Life	  Technologies),	  

B27	   (Life	   Technologies),	   EGF	   (20ng/mL	   Life	   Technologies),	   FGF	   (20ng/mL	   Life	  

Technologies),	   heparin	   (2ug/mL),	   BSA	   (150	   µg/mL)	   and	   GlutaMAX	   (Life	   Technologies).	  

Cells	  were	  plated	  on	  poly-‐l-‐ornithine	  (Sigma-‐Aldrich)	  and	   laminin	  (Sigma-‐Aldrich)	  coated	  

Primaria	   cell	   culture	   dishes	   (Corning).	   Cells	   were	   dissociated	   using	   Accutase	   (Life	  

Technologies).	  All	  cells	  were	  maintained	  at	  37°C	  and	  5%	  CO2.	  

	  

pLCKO	  gRNA	  lentiviral	  vector	  construction	  

	   The	   invariant	   gRNA	   scaffold	   was	   amplified	   from	   pX330-‐U6-‐Chimeric_BB-‐CBh-‐

hSpCas9	   (Addgene	   42230)	   with	   5’	   BspAI/BfuAI	   sites	   and	   cloned	   into	   the	   pLKO.TRC005	  

lentiviral	   vector	   (Broad	   Institute,	   Cambridge,	   MA)	   between	   the	   AgeI	   and	   EcoRI	   sites.	  

BspAI/	  BfuAI	  sites	  were	  used	  to	  clone	  individual	  20	  bp	  gRNA	  sequences	  

	  

Genome-‐scale	  lentiviral	  gRNA	  library	  design	  (TKO	  library)	  

	   We	   identified	   coding	   exons	   by	   taking	   Gencode	   v17	   gene	   models	   with	   complete	  

coding	   sequences	   and	   intersecting	   them	  with	  HGNC	   confirmed	  protein	   coding	   genes.	  We	  

put	   every	   coding	   exon	   from	   every	   isoform	   of	   these	   genes	   into	   a	   .bam	   file	   and	   merged	  

overlapping	  exons	  using	   samtools	  merge.	  From	   the	  merged	  exons,	  we	  extracted	  genomic	  

sequence	  +/-‐	  18bp	   from	  hg19	  and	  searched	  each	   sequence	   region	   for	   the	  N20NGG	  motif	  
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where	   the	  Cas9	   cut	   site	   at	   position	  17	  was	  within	  1	  base	  of	   the	   exon	   (i.e.	   disrupting	   the	  

exon	  or	  the	  splice	  donor/acceptor	  sites).	  This	  resulted	  in	  5,214,988	  candidate	  gRNA	  target	  

sites/sequences.	  

	   Empirical	   observations	   of	   effective	   gRNAs	   from	  Wang	  et	  al.	   (1)	   indicated	   that	   a	  U	  

nucleotide	  in	  the	  last	   four	  positions	  of	  the	  gRNA	  sequence	  resulted	  in	   lower	  Cas9	  loading	  

and	  cleavage	  efficiency.	  We	  confirmed	  this	  finding	  using	  the	  raw	  data	  from	  Shalem	  et	  al.	  (2)	  

by	  taking	  all	  gRNAs	  targeting	  the	  360	  reference	  essential	  genes,	  rank	  ordering	  them	  by	  fold	  

change,	  and	  comparing	  the	  sequence	  bias	  at	  each	  position	  in	  the	  top	  and	  bottom	  quintiles	  

(Fig.	  S1A-‐C).	  Therefore,	  we	  excluded	  all	  gRNAs	  with	  U	  in	  the	  last	  4	  bases.	  	  Guide	  sequences	  

containing	  homopolymers	  of	  length	  4	  or	  greater	  were	  excluded.	  GC	  content	  of	  45-‐70%	  was	  

accepted	  (Fig.	  S1D).	  	  gRNAs	  that	  contained,	  or	  by	  cloning	  would	  create,	  a	  restriction	  site	  for	  

the	   enzymes	   used	   in	   our	   library	   prep	  were	   excluded,	   as	   were	   genomic	   target	   sites	   that	  

contained	  a	   common	  SNP	  as	   identified	   in	  dbSNP	  version	  138	   (3).	  After	   filtering,	  887,205	  

candidate	  gRNA	  sequences	  remained.	  

	   The	  NGG	   PAM	   site	  was	   concatenated	  with	   each	   gRNA	   and	   the	   resulting	   sequence	  

was	  mapped	  to	  hg19	  using	  BOWTIE	  with	  the	  –v3	  command	  line	  parameter.	  Bowtie	  treats	  

the	   ambiguous	  nucleotide	   in	   the	  PAM	  sequence	   as	   an	   automatic	  mismatch,	   therefore	   the	  

mapping	   identified	   genomic	   binding	   sites	   with	   up	   to	   2	   true	   mismatches.	   gRNAs	   were	  

ranked	  according	  to	  how	  many	  putative	  off	  target	  sites	  had	  0,	  1,	  or	  2	  true	  mismatches.	  Only	  

gRNAs	  with	  at	  most	  one	  off-‐target	   site,	  with	  exactly	   two	  mismatches,	  were	  retained	   (Fig.	  

S1E).	  

	   gRNAs	  were	  selected	  for	  the	  library	  in	  a	  two	  step	  process.	  First,	  we	  used	  only	  gRNAs	  

with	   no	   off-‐target	   sites.	   Each	   gene's	   exons	  were	   ordered	   from	   5'	   to	   3'.	   For	   each	   exon,	   if	  

gRNAs	  were	  available,	  one	  was	  randomly	  chosen	   from	  the	  available	   set.	  Up	   to	   six	  gRNAs	  

per	  gene,	  maximum	  one	  per	  exon,	  were	  assigned	   this	  way.	  This	  was	  carried	  out	   for	  each	  

gene	  (Fig.	  S1F).	  

	   In	   the	  second	  pass,	   for	  each	  gene,	  exons	  were	  ordered,	  and	   the	  same	  process	  was	  

repeated	  allowing	  one	  additional	  gRNA	  per	  exon.	  The	  process	  was	  continued,	  allowing	  up	  

to	  10	  gRNAs	  per	  exon,	  halting	  when	  no	  more	  gRNAs	  were	  available	  or	  when	  the	  gene	  had	  

12	  targeting	  gRNA	  sequences	  (Fig.	  S1F).	  
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	   Control	   sequences	   were	   also	   included	   in	   the	   library.	   Twenty-‐two	   sequences	  

targeting	  EGFP,	  96	  gRNA	  targeting	  LacZ,	  and	  24	  gRNA	  targeting	   luciferase	  were	  added	  to	  

the	  library.	  In	  addition,	  two	  sets	  of	  gRNAs	  targeting	  random	  loci	  on	  Chr10	  were	  included:	  

584	  with	  high	  specificity	  (no	  predicted	  off-‐target	  sites),	  and	  796	  “promiscuous	  gRNA”	  with	  

20	   or	  more	   predicted	   perfect	   binding	   sites	   throughout	   the	   genome.	   There	   are	   a	   total	   of	  

176,500	  gRNA	  sequences	  in	  the	  TKO	  library	  (Table	  S1	  and	  Fig.	  S1G-‐H).	  

	  

Genome-‐scale	  lentiviral	  gRNA	  construction	  

	   gRNAs	   were	   synthesized	   as	   58mer	   oligonucleotides	   on	   two	   microarrays	  

(CustomArray),	  each	  with	  a	  density	  of	  ~90,000	  sequences,	  and	  amplified	  by	  PCR	  as	  a	  pool	  

(oligonucleotide	  template	  and	  primers	  listed	  below).	  The	  PCR	  products	  were	  purified	  using	  

QIAquick	  nucleotide	  removal	  kit	  (Qiagen).	  The	  pLCKO	  vector	  was	  digested	  with	  BfuAI	  (NEB)	  

overnight	   at	   37°C,	   treated	  with	   alkaline	   phosphatase	   (NEB)	   at	   37°C	   for	   3	   hours,	   and	   gel	  

purified	   using	   the	   PureLink	   gel	   extraction	   kit	   (Life	   Technologies).	   The	   two	   library	   PCR	  

pools	   were	   cloned	   separately	   in	   a	   one-‐step	   digestion	   and	   ligation	   reaction.	   In	   a	   single	  

reaction,	  500	  ng	  of	  digested	  vector	  was	  ligated	  with	  33.8	  ng	  of	  purified	  library	  PCR	  product	  

(in	  a	  ratio	  of	  1:5	  for	  vector:	  insert	  molar	  ratio)	  overnight	  at	  room	  temperature.	  The	  ligation	  

reaction	   was	   purified	   using	   the	   Qiaquick	   nucleotide	   removal	   kit	   (Qiagen)	   and	   2	   μl	   of	  

purified	   ligation	   was	   transformed	   into	   25	   μl	   of	   electromax	   Stbl4	   competent	   cells	   (Life	  

Technologies).	  Full-‐scale	  library	  ligation	  consisted	  of	  40	  identical	  ligation	  reactions,	  which	  

were	   pooled	   and	   purified.	   Forty	   parallel	   transformations	   were	   performed	   using	   the	  

purified	   reaction,	   and	   the	   outgrowth	   media	   was	   pooled	   and	   plated	   onto	   180	   LB-‐

carbenicillin	   (100	   ug/ml)	   plates	   (15	   cm	   in	   diameter).	   This	   yielded	   a	   650-‐fold	  

representation	  of	  the	  library.	  Colonies	  were	  scraped	  off	  plates,	  pooled	  and	  the	  plasmid	  DNA	  

was	  extracted	  using	  QIAfilter	  Plasmid	  Giga	  Kit	  (Qiagen).	  	  

	  

Library	  virus	  production	  and	  MOI	  determination	  

	   For	  library	  virus	  production,	  9	  million	  HEK293T	  cells	  were	  seeded	  per	  15	  cm	  plate	  

and	  the	  cells	  were	  transfected	  24	  hours	   later	  with	  a	  mix	  of	  14	  ug	  lentiviral	  pLCKO	  vector	  

containing	   the	   library,	   16	  ug	  packaging	  vector	  psPAX2,	  1.56	  ug	   envelope	  vector	  pMD2.G,	  

93.6	   ul	   X-‐treme	   Gene	   transfection	   reagent	   (Roche)	   and	   1.4	   ml	   Opti-‐MEM	   medium	   (Life	  
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Technologies).	   24	   hours	   post-‐transfection	   the	  medium	  was	   changed	   to	   serum-‐free,	   high-‐

BSA	   growth	   medium	   (DMEM,	   1.1g/100ml	   BSA,	   1%	   Penicillin/Streptomycin).	   The	   virus-‐

containing	  medium	  was	  harvested	  48	  and	  72	  hours	  after	  transfection,	  centrifuged	  at	  1,500	  

rpm	   for	   5	  minutes	   and	   frozen	   down.	   HCT116	   cells	   were	   infected	  with	   a	   titration	   of	   the	  

lentiviral	   gRNA	   library	   along	   with	   polybrene	   (8	   ug/ml).	   After	   24	   hours	   medium	   was	  

replaced	  with	  medium	   containing	   puromycin	   (2	   ug/ml)	   and	   cells	  were	   incubated	   for	   an	  

additional	  48	  hours.	  Multiplicity	  of	  infection	  (MOI)	  of	  the	  titrated	  virus	  was	  determined	  72	  

hours	   post-‐infection	   by	   comparing	   percent	   survival	   of	   infected	   cells	   to	   a	   no-‐infection	  

control.	  

For	  lentiviral	  transductions	  of	  GBM514	  cells,	  crude	  viral	  harvest	  media	  was	  filtered	  

and	  virus	  pelleted	  via	  ultracentrifuge	  (Beckman-‐Coulter	  Optima	  L-‐100XP)	  at	  50,000	  x	  g	  for	  

2	  hours	  at	  4°	  C.	  Concentrated	  viral	  pellets	  were	  resuspended	  in	  PBS.	  

	  

Lenti-‐Cas9-‐2A-‐Blasticidin	  vector	  construction	  

	   Cas9-‐2A-‐Blasticidin	   vector	   was	   modified	   from	   lentiCRISPR	   pXPR_001	   (Addgene	  

49535)	  by	  removing	  the	  gRNA	  expressing	  sequence	  through	  NdeI,	  EcoRI	  digest	  and	  blunt	  

end	   ligation	   using	   large	   Klenow	   fragments	   (NEB)	   to	   ligate	   sticky	   ends.	   2A-‐puro	   was	  

replaced	   with	   an	   amplified	   2A-‐blasticidin	   sequence	   with	   NheI	   and	   MluI	   sites	   (primers	  

listed	  below).	  	  

	  

Cas9	  cell	  line	  generation	  

	   HCT116,	   HeLa,	   DLD1,	   hTERT	   RPE1	   and	   GBM514	   cells	   were	   infected	   with	   virus	  

carrying	  the	  Cas9-‐2A-‐Blasticidin	  expressing	  cassette	  and	  infected	  cells	  were	  selected	  with	  

blasticidin	   (10	   ug/ml).	   After	   10	   days	   of	   selection,	   single	   cells	   were	   sorted	   onto	   96-‐well	  

plates	  with	   a	   BD	   FACS	   Aria	   IIu	   cell	   sorter	   at	   low	   pressure	   (20	   PSI)	   using	   a	   100	  micron	  

nozzle	   or	   by	   manual	   seeding	   of	   a	   single	   cell	   suspension	   at	   0.6	   cells/96	   well	   plates.	  

Independent	   clones	   were	   isolated	   and	   FLAG-‐Cas9	   expression	   was	   determined	   using	  

Western	  blot	  analysis.	  	  

	  

Assessment	  of	  CRISPR/Cas9	  editing	  efficiency	  by	  endonuclease	  cleavage	  assay	  
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	   Parental	   HCT116	   cells	   (wild-‐type)	   and	   clonally	   derived	   HCT116	   Cas9-‐expressing	  

cells	  were	   infected	  with	   viral	   gRNA-‐expressing	   viruses	   targeting	   CEP85,	   PTK7	   and	  TP53	  

genes	   respectively	   (gRNA	   sequences	   listed	   below).	   Cells	   were	   selected	   in	   puromycin	   (2	  

ug/ml)	  for	  48	  hours	  and	  8	  days	  post-‐selection	  genomic	  DNA	  was	  extracted	  from	  wild-‐type	  

and	   Cas9-‐	   expressing	   cells	   using	   the	   QIAmp	   DNA	   Blood	   Mini	   Kit	   (Qiagen).	   After	   the	  

amplification	  of	  targeted	  loci	  by	  PCR	  (primers	  listed	  below),	  PCR	  products	  were	  denatured	  

and	  reannealed	  to	   form	  heteroduplexes	  between	  wild	   type	  and	  edited	  PCR	  products.	  The	  

reannealed	  PCR	  products	  were	   incubated	  with	  T7	  endonuclease	   (NEB)	   for	  25	  minutes	  at	  

37°C,	  and	  the	  cleavage	  efficiency	  was	  determined	  by	  agarose	  gel	  electrophoresis.	  

	  

Cell	  viability	  assays	  

	   HCT116	   and	   HeLa	   Cas9	   expressing	   cells	   were	   infected	   with	   viral	   gRNA	   vectors	  

targeting	   LacZ	   or	   different	   sequences	   of	   PSMD1,	   EIF3D,	   PSMB2,	   ANKRD49,	   ZNF830,	  

CCDC84,	   RBM48	   and	   ARMC7	   genes,	   respectively.	   Cells	   were	   selected	   in	   puromycin	   (2	  

ug/ml)	  for	  48	  hours,	  and	  10	  days	  post-‐selection	  cell	  viability	  was	  assessed	  by	  AlamarBlue	  

assay	  (Life	  Technologies)	  according	  to	  manufacturer's	  instructions.	  

For	   drug	   treatments	   with	   nutlin-‐3a	   (Sigma),	   erlotinib	   (gift	   from	   the	   Stagljar	   lab,	  

Donnelly	  Centre,	  Toronto),	  rotenone	  (Sigma),	  phenformin	  (Sigma)	  and	  metformin	  (Sigma),	  

linezolid	   (gift	   from	   the	   Schimmer	   lab,	   UHN,	   Toronto),	   tigecycline	   (Sequoia	   Research	  

Products),	  and	  chloramphenicol	  (BioShop)	  10,000	  cells	  were	  seeded	  in	  24-‐well	  plates.	  24	  

hours	  after	  seeding	  cells	  were	  treated	  with	  the	  respective	  compound	  and	  cell	  viability	  was	  

assessed	  3	  days	  later	  using	  AlmarBlue	  and	  using	  a	  Coulter	  Counter	  (Beckman	  Coulter).	  For	  

drug	  treatments	  with	  PD173047	  (Selleckchem)	  1,000	  cells	  were	  seeded	  in	  12-‐well	  plates.	  

24	   hours	   after	   seeding	   cells	   were	   treated	   with	   the	   respective	   compound	   and	   cell	  

proliferation	  was	  assessed	  8	  days	   later	  using	  AlamarBlue.	  For	   treatment	  with	  antibodies,	  

3,000	  cells	  were	  seeded	   in	  96-‐well	  plates.	  24	  hours	  after	  seeding	  cells	  were	   treated	  with	  

either	   the	   control	   (Maltose	  Binding	   protein	   (MBP)-‐IgG)	   or	   the	   IGF1R	   antibodies	   and	   cell	  

viability	  was	  assessed	  3	  days	  later	  using	  AlamarBlue.	  	  

	  

RNA	  extraction	  and	  sequencing	  
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	   Total	   RNA	   was	   extracted	   from	   wild	   type	   and	   Cas9-‐expressing	   cell	   lines	   using	  

TriReagent	   (Sigma)	   according	   to	   manufacturer's	   instructions.	   RNA	   sequencing	   libraries	  

were	   prepared	   with	   Illumina	   TruSeq	   V2	   RNA	   library	   preparation	   kit	   according	   to	  

manufacturer's	   directions.	   Multiplexed	   libraries	   were	   sequenced	   on	   a	   single	   read	   High	  

Output	  Illumina	  NextSeq500	  flow	  cell	  (version	  1	  chemistry)	  with	  a	  read	  length	  of	  61bp.	  

	  

RNA	  expression	  analysis	  

	   RNA-‐seq	  reads	  were	  mapped	  to	  gene	  models	  defined	  in	  Gencode	  v19	  using	  Tophat	  

v2.0.4	  with	  the	  –G	  and	  –T	  options.	  Gene-‐level	  quantitation	  was	  determined	  using	  Cufflinks	  

v.2.2.1	   with	   the	   Gencode	   v19	   GTF	   file.	   Gene	   expression	   values	   were	   filtered	   for	   protein	  

coding	  genes	  as	  defined	  by	  HGNC,	  resulting	  in	  18,761	  genes.	  All	  gene	  expression	  values	  are	  

reported	  as	  log2(FPKM	  +	  0.01).	  

	   HCT116-‐Cas9-‐clone1	   and	   HCT116-‐Cas9-‐clone2	   expression	   were	   compared	   to	   the	  

wild-‐type	   strain	   and	   to	   HCT116	   Encode	   RNA-‐seq	   (SRR521538-‐SRR521543)	   by	   Pearson	  

correlation	   coefficient	   of	   the	   gene	   expression	   values	   across	   all	   protein-‐coding	   genes.	   	   All	  

pairwise	  correlations	  were	  >	  0.95.	  

	  

Pooled	  gRNA	  depletion	  screens	  

	   160	   million	   HCT116	   and	   HeLa	   Cas9	   cells	   were	   infected	   with	   the	   lentiviral	   TKO	  

library	   (176,500	   gRNAs)	   at	   an	   MOI~0.3	   such	   that	   every	   gRNA	   is	   represented	   in	  

approximately	   270	   cells.	   24	   hours	   after	   infection,	   the	   medium	   was	   replaced	   with	   fresh	  

medium	   containing	   puromycin	   (2	   ug/ml)	   and	   cells	   were	   incubated	   for	   an	   additional	   48	  

hours.	  After	   selection	   cells	  were	   split	   into	   three	   replicates	   containing	  40-‐50	  million	   cells	  

each,	  passaged	  every	  3	  days	  and	  maintained	  at	  200-‐fold	  coverage.	  40	  million	  cells	  (200-‐fold	  

coverage)	  were	  collected	  for	  genomic	  DNA	  extraction	  at	  day	  0	  and	  every	  3	  days	  from	  day	  6	  

to	  day	  18	  post-‐selection.	  	  

Similarly,	  80	  million	  RPE1,	  DLD1	  and	  GBM	  Cas9	  cells	  were	  infected	  with	  the	  smaller	  

90k	  TKO	  library.	  Infected	  cells	  were	  selected	  with	  2	  ug/ml	  puromycin	  for	  48	  hours	  except	  

for	  RPE1	  cells	  which	  were	  selected	  with	  10	  ug/ml	  puromycin	   for	  72	  hours.	  Triplicates	  of	  

20-‐25	  million	  cells	  were	  seeded	  at	  T0	  and	  maintained	  at	  200-‐fold	  coverage.	  20	  million	  cells	  

were	  collected	  for	  genomic	  DNA	  extraction.	  
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	   Genomic	   DNA	   was	   extracted	   from	   cell	   pellets	   using	   the	   QIAamp	   Blood	   Maxi	   Kit	  

(Qiagen).	   Genomic	   DNA	   was	   precipitated	   using	   ethanol	   and	   sodium	   chloride,	   and	  

resuspended	  in	  Buffer	  EB	  (10	  mM	  Tris-‐HCl,	  pH	  7.5).	  gRNA	  inserts	  were	  amplified	  via	  PCR	  

using	  primers	  harboring	  Illumina	  TruSeq	  adapters	  with	  i5	  and	  i7	  barcodes	  (primers	  listed	  

below),	   and	   the	   resulting	   libraries	  were	   sequenced	  on	  an	   Illumina	  HiSeq2500.	  Each	   read	  

was	  completed	  with	  standard	  primers	  for	  dual	  indexing	  with	  Rapid	  Run	  V1	  reagents.	  The	  

first	   20	   cycles	   of	   sequencing	  were	   "dark	   cycles",	   or	   base	   additions	  without	   imaging.	   The	  

actual	  26bp	  read	  begins	  after	  the	  dark	  cycles	  and	  contains	  two	  index	  reads,	  reading	  the	  i7	  

first,	  followed	  by	  i5	  sequences.	  

	  

HCT116	  pooled	  gRNA	  suppressor/resistance	  screen	  for	  double	  thymidine	  block	  

	   The	  suppressor/resistance	  screen	  was	  set	  up	  as	  described	   for	   the	  gRNA	  depletion	  

screen.	  Six	  days	  after	  puromycin	  selection	  cells	  were	  split	  into	  six	  replicates	  containing	  20	  

million	  cells	  (55-‐fold	  coverage	  per	  gRNA).	  24	  hours	  later,	  cells	  were	  arrested	  at	  G1-‐S	  phase	  

using	   a	   double	   thymidine	   block.	   4mM	   thymidine	   was	   added	   for	   16	   hours,	   cells	   were	  

washed	   three	   times	   with	   PBS,	   and	   were	   released	   into	   normal	   medium	   for	   8	   hours.	  

Subsequently,	  cells	  were	  treated	  with	  4mM	  thymidine	  for	  a	  second	  time	  and	  maintained	  in	  

medium	  containing	  thymidine	  for	  the	  rest	  of	  the	  screen.	  28	  days	  later	  40	  million	  cells	  were	  

collected	  for	  genomic	  DNA	  extraction.	  	  

	  

TKO	  Sequence	  Analysis	  

Reads	  from	  each	  sample	  were	  mapped	  to	  the	  gRNA	  sequence	  library	  using	  Bowtie	  

with	  –v2	  (allowing	  two	  mismatches)	  and	  –m1	  (discarding	  any	  read	  that	  mapped	  to	  more	  

than	   one	   sequence	   in	   the	   library).	   Under	   these	   parameters	   typically	   88-‐90%	   of	   reads	  

mapped	  properly,	  and	  less	  than	  1%	  were	  discarded	  for	  multi-‐mapping.	  

Read	  counts	  for	  each	  sequence	  were	  tabulated.	  Samples	  were	  sequenced	  to	  a	  target	  

depth	   of	   500x	   for	   T0	   samples	   or	   200x	   for	   experimental	   timepoints.	   Read	   counts	   were	  

normalized	  to	  10	  million	  reads	  per	  sample,	  and	  fold	  change	  of	  each	  gRNA	  was	  measured	  for	  

each	  time	  point/replicate	  vs.	   the	  T0	  sample.	  gRNA	  with	  at	   least	  30	  raw	  (non-‐normalized)	  

reads	   in	  the	  T0	  samples	  were	  retained	  for	  downstream	  analyses.	  Fold	  change	  data	   for	  all	  

samples	  are	  available	  upon	  request.	  
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Analysis	  of	  negative	  selection	  screens:	  the	  BAGEL	  algorithm	  

The	  BAGEL	  (Bayesian	  Analysis	  of	  Gene	  EssentiaLity)	  algorithm	  was	  used	  to	  calculate	  

essentiality	  scores.	  The	  algorithm	  uses	  reference	  sets	  of	  essential	  (n=360)	  and	  nonessential	  

(n=927)	   genes	   from	   (4).	   For	   each	   set	   of	   replicate	   samples	   (e.g.	   all	   replicates	   at	   a	   single	  

timepoint),	   the	   empirical	   distributions	   of	   fold	   changes	   (likelihood	   functions)	   of	   gRNAs	  

targeting	  essential	  genes	  or	  nonessential	  genes	  in	  the	  training	  set	  are	  determined	  using	  the	  

scipy.stats.gaussian_kde	  function	  in	  Python	  (Fig.	  S3C,G).	  Then,	  for	  each	  gene	  in	  the	  test	  set,	  

each	   cognate	   gRNA	   is	   assigned	   a	   log2	   Bayes	   Factor	   that	   is	   the	   log	   of	   the	   ratio	   of	   the	  

likelihood	   function	   of	   the	   essential	   distribution	   to	   the	   likelihood	   function	   of	   the	  

nonessential	   distribution,	   evaluated	   at	   the	   observed	   fold	   change	   of	   the	   gRNA.	   The	   gene-‐

level	  Bayes	  Factor	  is	  the	  sum	  of	  all	  gRNA	  BFs	  across	  all	  samples	  (time	  points).	  The	  method	  

is	   described	   in	   detail	   in	   (4).	   Gene-‐level	   Bayes	   Factors	   for	   all	   screens	   described	   in	   the	  

manuscript	  are	  available	  in	  Table	  S2.	  

	  

𝐵𝐹!"#",!"#$%&"'! =   
ℒ   𝑓𝑐!"#$     𝑔𝑒𝑛𝑒  𝑖𝑠  𝑒𝑠𝑠𝑒𝑛𝑡𝑖𝑎𝑙  )
ℒ   𝑓𝑐!"#$   𝑔𝑒𝑛𝑒  𝑖𝑠  𝑛𝑜𝑛𝑒𝑠𝑠𝑒𝑛𝑡𝑖𝑎𝑙)!"#$  

!"#$%!&'$  
!"#"

	  

	  

log	  transforming	  yields:	  	  

	  

log  (  𝐵𝐹!"#",!"#$%&"'!) =    [log   ℒ   𝑓𝑐     𝑒𝑠𝑠𝑒𝑛𝑡𝑖𝑎𝑙   −  log   ℒ   𝑓𝑐     𝑛𝑜𝑛𝑒𝑠𝑠𝑒𝑛𝑡𝑖𝑎𝑙     ]
!"#$  

!"#$%!&'$  
!"#"

	  

where	  fc	  (fold	  change)	  is	  defined	  as:	  	  

𝑓𝑐!"#$ = log(  !"#$%&'()*  !"#$  !"�!"#,!"!"#$
!"#$%&'()*  !"#$  !"#$%&,!!

)	  

	  

Two	  major	   optimizations	   are	  presented	  here	   and	  packaged	   as	  BAGEL.	  The	   first	   is	  

the	  implementation	  of	  bootstrapping	  within	  the	  algorithm,	  instead	  of	  relying	  on	  predefined	  

training	  and	  test	  sets.	  	  In	  each	  iteration,	  the	  training	  sets	  are	  bootstrap	  resampled	  from	  the	  
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essential	  and	  nonessential	  reference	  sets	  (sampling	  with	  replacement)	  and	  a	  gene-‐level	  BF	  

is	   calculated	   for	   every	   gene	   outside	   the	   training	   set.	   	   One	   thousand	   iterations	   are	  

performed.	   	   The	   resulting	   BF	   for	   each	   gene	   is	   reported	   as	   the	   mean	   (𝜇)	   and	   standard	  

deviation	  (𝜎)	  of	  the	  posterior	  distribution	  of	  BFs,	  along	  with	  the	  P-‐value	  of	  a	  Kolmogorov-‐
Smirnov	   test	   for	   normality.	   	   When	   summing	   timepoint	   BFs	   to	   cell	   line	   BFs,	   the	   final	  

posterior	  BF	  is	  reported	  as	  the	  parameters	  of	  a	  normal	  distribution	  that	  is	  the	  sum	  of	  the	  

timepoint	  normal	  distributions.	  

	  

𝐵𝐹!"#",!"##  !"#$ = 𝑁(    𝜇!"##  !"#$ = 𝜇!"#$%&"'! ,𝜎!"##  !"#$ =    𝜎!"#$%&"'!! 	  	   )	  

	  

The	   second	  optimization	   relates	   to	   the	   empirical	   problems	   associated	  with	   taking	  

the	   ratio	   of	   two	   distributions,	   where	   extreme	   values	   can	   occur	   when	   the	   value	   of	   the	  

denominator	   becomes	   very	   small.	   To	   circumvent	   this,	   we	   truncate	   the	   range	   of	   fold	  

changes	   to	   the	   region	   where	   the	   denominator,	   Pr(nonessential),	   is	   greater	   than	   some	  

threshold,	   which	   we	   have	   set	   to	   2-‐7	  (Fig.	   S3G,	   green	   dashed	   lines).	   To	   demonstrate	   this	  

effect,	  Figure	  S3H	  shows	  the	  log	  ratio	  of	  the	  essential	  and	  nonessential	  curves	  in	  Figure	  S3G.	  	  

BF	   contributions	   from	   individual	   gRNA	   can	   take	   on	   extreme	   values	   when	   outside	   the	  

truncated	  region.	  

	  

Analysis	  of	  screen	  false	  discovery	  rates	  using	  gene	  expression	  	  

In	  addition	  to	  using	  the	  gold	  standard	  reference	  sets,	  we	  evaluated	  screen	  quality	  by	  

an	   independent	  method	   comparing	   essential	   genes	   to	   gene	  expression.	   Figure	   S3I	   shows	  

the	  distribution	  of	  log2(FPKM	  +	  0.01)	  (hereafter	  termed	  logFPKM)	  gene	  expression	  values,	  

with	   the	   main	   peak	   representing	   the	   bulk	   of	   active	   gene	   expression	   and	   the	   left	   peak	  

representing	  unexpressed	  genes.	  We	  rank-‐ordered	  genes	  by	  expression	   level	  and	  divided	  

them	  into	  bins	  of	  500	  genes;	  for	  each	  bin	  we	  then	  plotted	  the	  mean	  expression	  level	  versus	  

the	   fraction	  of	   genes	   classified	   as	   essential	   in	   each	   screen	   (Fig.	   S3I).	  A	  background	  error	  

rate	   for	   each	   screen	   was	   then	   calculated	   by	   taking	   all	   genes	   with	   trace/no	   expression	  

(logFPKM	   <	   -‐2)	   and	   measuring	   the	   fraction	   classified	   as	   essential,	   assuming	   that	   these	  
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trace/no	  expression	  genes	  are	  false	  positives	  (Fig.	  S3I,	  dashed	  lines).	  At	  our	  FDR	  estimate	  

of	  5%	  for	  the	  CRISPR	  screens	  or	  10%	  for	  the	  RNAi	  screen	  (derived	  from	  the	  gold-‐standard	  

reference	  sets),	  all	  three	  screens	  had	  a	  comparable	  background	  error	  rate	  of	  ~1.5%,	  though	  

the	  CRISPR	  screens	  clearly	   identified	  many	  more	  essential	  genes	  across	  all	   relevant	  gene	  

expression	  levels	  (Fig.	  S3I).	  	  

The	   background	   error	   rate	   enables	   the	   analysis	   of	   how	   false	   discovery	   rates	   vary	  

with	  gene	  expression.	  The	  binwise	  false	  discovery	  rates	  (the	  background	  error	  rate	  divided	  

by	   the	   fraction	   of	   essential	   genes	   in	   each	   bin)	   for	   both	   the	   HCT116	   and	   HeLa	   CRISPR	  

screens	  are	  virtually	   identical,	  with	  genes	  expressed	  at	   logFPKM	  >	  2.75	  having	  a	  binwise	  

FDR	  <	  20%	  (Fig.	  1E).	  This	  compares	  very	  favorably	  against	  pooled-‐library	  shRNA	  screens,	  

which	  achieve	  a	  comparable	  FDR	  above	  logFPKM	  6.0.	  For	  CRISPR,	  the	  relationship	  between	  

expression	  and	  error	  rate	  is	  likely	  driven	  by	  the	  fact	  that	  virtually	  all	  fitness	  genes	  in	  a	  cell	  

are	  expressed	  at	  these	  moderate	  to	  high	  levels,	  as	  there	  is	  no	  a	  priori	  reason	  why	  CRISPR,	  

which	   targets	   DNA,	   should	   have	   an	   expression	   bias	   (contrary	   to	   RNAi,	   which	   targets	  

transcripts).	  

	  

Identifying	  core	  fitness	  genes.	  

	   The	  high	  performance	  of	  TKO	  screens	  demonstrated	  by	  the	  precision-‐recall	  plots	  in	  

Figure	  1C,	  evidenced	  by	  a	  sharp	  "elbow"	  in	  most	  curves	  and	  a	  straight	  line	  to	  the	  terminal	  

point,	  allows	  clear	  delineation	  between	  screen	  hits	  and	  background	  noise.	  	  We	  chose	  a	  per-‐

screen	  false	  discovery	  rate	  (FDR,	  1-‐Precision)	  of	  5%	  as	  a	  cutoff	  (Fig.	  1C,	  dashed	  line).	  	  Each	  

cell	  line	  has	  a	  different	  Bayes	  Factor	  cutoff	  at	  5%	  FDR:	  

	  

Screen	   BF	  threshold,	  

5%	  FDR	  

HCT116	   1.57	  

HeLa	   15.47	  

GBM	   3.20	  

RPE1	   6.84	  
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DLD1	   3.57	  

A375	  (GeCKo)	   10.35	  

HCT116	  
(shRNA)	  

14.95	  

	  

Genes	  with	  BFs	  above	  the	  threshold	  in	  the	  given	  cell	  line	  were	  considered	  fitness	  genes	  in	  

that	  cell	  line.	  	  Genes	  observed	  in	  3	  or	  more	  of	  the	  5	  TKO	  screens	  (n=1,580)	  were	  considered	  

"core	  fitness	  genes"	  and	  retained	  for	  further	  analyses.	  

	  

Functional	  genomic	  analysis	  of	  fitness	  genes.	  

	   Where	   comparisons	   to	   RNAi	   results	   are	   shown,	   the	   list	   of	   827	   "global	   essentials"	  

from	  (4)	  was	  used.	  

	  

Enrichment	   for	   protein	   complexes.	   	   Core	   fitness	   genes	   were	   tested	   for	   enriched	   protein	  

complexes	   using	   the	   DAVID	   server	   at	   http://david.abcc.ncifcrf.gov/	   (5)	   and	   testing	   for	  

enrichment	  using	   the	  GO_CC_ALL	  category.	   	  GO_CC	   terms	  with	  more	   than	  132	  associated	  

genes	   (the	   size	   of	   the	   spliceosome,	   the	   largest	   protein	   complex)	   were	   removed,	   and	  

remaining	  complexes	  were	  discarded	  if	  less	  than	  one-‐third	  of	  the	  annotated	  subunits	  were	  

fitness	  genes.	  

	  

Enrichment	  for	  biological	  processes.	   	  Core	   fitness	  genes	  were	   tested	   for	  biological	  process	  

enrichment	   or	   depletion	   using	   the	   panther-‐db	   server	   at	   pantherdb.org	   (6).	   	   The	   list	  was	  

tested	  against	  the	  PANTHER	  GO-‐Slim	  Biological	  Process	  annotation	  set.	  

	  

Orthologous	  essentials.	   	   Yeast	   essential	   genes	  were	   downloaded	   from	   the	   Saccharomyces	  

Genome	  Database	  (http://yeastgenome.org/;	  (7))	  and	  mouse	  essentials	  were	  inferred	  from	  

mouse	   knockouts	   resulting	   in	   prenatal	   lethality	   at	   Mouse	   Genome	   Informatics	  

(http://www.informatics.jax.org/;	  (8)).	  	  Fly	  essentials	  were	  obtained	  from	  the	  RNAi	  screen	  

in	   (9).	   	  Worm	  essentials	  genes	  were	   identified	  as	  all	   genes	  with	  a	   lethal	  RNAi	  phenotype	  

using	   WormMart	   (http://caprica.caltech.edu:9002/biomart/martview/).	   	   The	   fraction	   of	  
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core	   fitness	   genes	   with	   essential	   orthologs	   was	   compared	   to	   the	   fraction	   of	   nonfitness	  

genes	  with	  essential	  orthologs	  as	  above.	   	  Yeast/Human	  and	  Mouse/Human	  orthologs	  and	  

Mouse	  dn/ds	  values	  were	  downloaded	  from	  Biomart	  (http://www.biomart.org/).	  

	  

Gene	   expression.	   	   Processed	   gene	   expression	  microarray	   data	   for	   1,036	   cancer	   cell	   lines	  

were	   downloaded	   from	   the	   Cancer	   Cell	   Line	   Encylcopedia	  

(http://www.broadinstitute.org/ccle/home;	   (10)).	   	   Mean,	   standard	   deviation,	   and	  

coefficient	   of	   variation	   (s.d.	   /	  mean)	  were	   calculated	   for	   each	   gene.	   	   The	   log	   ratio	   of	   the	  

median	  values	  (of	  mean,	  std,	  and	  cv)	   for	  core	   fitness	  genes	   to	   the	  medians	   for	  nonfitness	  

genes	  (genes	  classified	  as	  hits	  in	  zero	  of	  five	  TKO	  screens)	  were	  calculated	  and	  displayed	  in	  

Figure	  2H	  in	  the	  main	  text,	  and	  a	  KS	  test	  was	  performed	  to	  test	  whether	  the	  distributions	  

differed.	  

	  

Protein	  interactions.	  	  	  Physical	  protein-‐protein	  interactions	  were	  downloaded	  from	  Biogrid	  

(http://thebiogrid.org/;	  (11))	  	  and	  functional	  interactions	  were	  downloaded	  from	  STRING	  

(http://string-‐db.org/;	  (12))	  and	  the	  degree	  (number	  of	  interactions)	  was	  compared	  across	  

core	  fitness	  and	  nonfitness	  genes	  as	  described	  above.	  

	  

Disease	  genes.	   	   Human	   disease	   genes	  were	   downloaded	   from	   the	   Human	   Gene	  Mutation	  

Database	  (13)	  and	  OMIM	  (http://www.omim.org).	   	  Fold	  change	  was	  measured	  as	   the	   log	  

ratio	  of	  the	  frequency	  of	  disease	  genes	  within	  core	  fitness	  genes	  to	  the	  frequency	  of	  disease	  

genes	  in	  nonfitness	  genes.	  	  A	  Fisher's	  exact	  test	  did	  not	  reject	  the	  null	  hypothesis	  of	  equal	  

frequencies	  (P=0.067).	  

	  

Variant	   frequency.	   	   Deleterious	   variants	   observed	   in	   the	   Exome	   Aggregation	   Consortium	  

were	   summed	   across	   all	   variants	   in	   a	   gene	   and	   the	   frequency	  was	   divided	   by	   transcript	  

length	  to	  get	  a	  gene-‐length-‐corrected	  estimate	  of	  deleterious	  mutation	  frequency	  for	  each	  

gene.	   	  Frequency	  of	  deleterious	  mutation	  in	  core	  fitness	  genes	  was	  compared	  to	  nonfitess	  

genes	   as	   described	   above.	   	   [Source:	   	   Exome	  Aggregation	  Consortium	   (ExAC),	   Cambridge,	  

MA	  (URL:	  http://exac.broadinstitute.org);	  accessed	  April,	  2105]	  
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Sequence	  features.	  	  Transcript	  definitions	  were	  acquired	  from	  Gencode	  v19.	  Where	  multiple	  

isoforms	   were	   present,	   the	   isoform	   tagged	   with	   the	   appris_candidate_longest	   flag	   was	  

selected.	   	   Total	   transcript	   length,	   coding	   sequence	   length,	   and	   number	   of	   exons	   were	  

calculated	  for	  each	  transcript	  and	  core	  fitness	  genes	  were	  compared	  to	  nonfitness	  genes	  as	  

described	  above.	  

	  

Primer	  sequences	  

Primer	  sequences	  for	  pLCKO	  vector	  cloning:	  

AgeI	  -‐	  dual	  BspMI	  -‐	  gRNA	  (With	  5’G	  on	  vector)	  

Fwd:	  AG	  ACCGGT	  AG	  gcaggt	  AGAGAG	  Acctgc	  AGAG	  gttttagagctaGAAAtagcaagt	  

EcoRI	  -‐	  TRACR	  

Rev:	  AGAGA	  Gaattc	  AAAAAAgcaccgactcggtg	  

	  

Primer	  sequences	  to	  clone	  the	  stuffer	  into	  pLCKO	  vector:	  

AgeI-‐BspMI	  pLKO	  stuffer	  

Fwd:	  aaACCGGTAGgcaggtGTGTTGTAAATGAGCACAC	  

PstI-‐BspMI	  pLKO	  stuffer	  	  

Rev:	  aaCTgcaggTCTACAAAAAAGAGCAAGAAGC	  

	  

Oligonucleotide	  template	  for	  microarray:	  

AGAGAACCTGCAGAGACCGnnnnnnnnnnnnnnnnnnnnGTTTAGAGGCAGGTAGAGA	  

	  

Primer	  sequences	  to	  amplify	  the	  CRISPR	  library:	  

Fwd:	  TGTCAGTTGTCATTCGCGAAAAAGAGAACCTGCAGAGACC	  

Rev:	  GTCACTGACGCGGTTTTGTAGATCTCTACCTGCCTCTAAA	  	  

	  

Primer	  sequences	  for	  lenti-‐Cas9-‐2A-‐Blasticidin	  vector	  construction	  

NheI	  2A	  Peptide	  	  

Fwd:	  AAAGCTAGCGGCAGCGGCgagggcagaggaagtctgctaac	  	  

MluI	  BsdR	  	  

Rev:	  aaaACGCGTttagccctcccacacataaccaga	  
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gRNA	  sequences:	  

LacZ:	  CCCGAATCTCTATCGTGCGG	  

Cep85:	  AGGACTCACAGTGAATGCCC	  

PTK7:	  GGACGCTGAGCAGAGGCAAC	  

TP53:	  CAGAATGCAAGAAGCCCAGA	  

PSMD1-‐1:	  TGTGCGCTACGGAGCTGCAA	  

PSMD1-‐2:	  GGGCCTTGGTTTGGCAGCCA	  

PSMD1-‐3:	  CGTGAACTACGTGAGGCAAG	  

PSMD1-‐4:	  GCAGCCATGATCACCTCGGC	  

PSMD1-‐5:	  ACCAGAGCCACAATAAGCCA	  

PSMD1	  *:	  GGAGGAGGAGAAAATGGAAG	  

EIF3D-‐1:	  TGTAGGTTGCCTCCATGGCC	  

EIF3D-‐2:	  TCCATGTCGTCCTCCACAAA	  

EIF3D-‐3:	  CCTTTGACCGCATCACCACG	  

EIF3D-‐4:	  AGACGACCCTGTCATCCGCA	  

EIF3D	  *:	  ACCGACTTCAACTGAAGAGTCTCG	  

PSMB2-‐1:	  ATGTTCTTGTCGCCTCCGAC	  

PSMB2	  *:	  AATATTGTCCAGATGAAGGA	  

ANKRD49-‐1:	  TGAACCGTTACGTCAAACCA	  

ANKRD49-‐3:	  TGTTCAGGAGCTCATTGCAC	  

ANKRD49-‐4:	  TCAGGAGCTCATTGCACAGG	  

RBM48-‐1:	  GGCAAGATGGCGTCGAGCGG	  

RBM48-‐2:	  ACACGGGCCAAATATCGAGA	  

RBM48-‐3:	  AGAGGGCGGTATGCGACACA	  

CCDC84-‐1:	  AAGAAGGTCTGGCGGCACAG	  

CCDC84-‐2:	  GCACCAGCGGCAGCTGAAGG	  

CCDC84-‐4:	  AGCTGAAGGAGGCTTTGGAG	  

ZNF830-‐1:	  GGCCGAGCTGAAAGGCGCGA	  

ZNF830-‐3:	  AAGCCGCTCTCCGACGCACA	  

ZNF830-‐4:	  ACTTGTTACCTCCCGTGAAG	  
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ARMC7-‐1:	  ACCAATAGCAAACTCCACCA	  

ARMC7-‐2:	  GCGAAGCATGCACTGCACCA	  

ARMC7-‐3:	  CGAAGTTGGCGAGGTTGGCG	  

	  

PCR	  primer	  sequences	  for	  endonuclease	  cleavage	  assay:	  

Cep85	  fwd:	  ACCAGTTGAGGGTTGGCTTC	  

Cep85	  rev:	  TTTGCTGCTGAAGGTCCACT	  

PTK7	  fwd:	  GGACTCGGAGGTACTGGGC	  

PTK7	  rev:	  TGCGGATGGTCTTTTCTCCC	  

TP53	  fwd:	  CCTGTGGGAAGCGAAAATTCC	  

TP53	  rev:	  TCAACTTTGGGACAGGAGTCA	  

	  	  

PCR	  primer	  sequences	  for	  sequencing	  library	  preparation:	  

TruSeq	  adapters	  with	  i5	  barcodes	  

AATGATACGGCGACCACCGAGATCTACACTATAGCCTACACTCTTTCCCTACACGACGCTCTTCC

GATCTTGTGGAAGGACGAGGTACCG	  

AATGATACGGCGACCACCGAGATCTACACATAGAGGCACACTCTTTCCCTACACGACGCTCTTCC

GATCTTGTGGAAGGACGAGGTACCG	  

AATGATACGGCGACCACCGAGATCTACACCCTATCCTACACTCTTTCCCTACACGACGCTCTTCCG

ATCTTGTGGAAGGACGAGGTACCG	  

AATGATACGGCGACCACCGAGATCTACACGGCTCTGAACACTCTTTCCCTACACGACGCTCTTCC

GATCTTGTGGAAGGACGAGGTACCG	  

TruSeq	  adapters	  with	  i7	  barcodes	  

CAAGCAGAAGACGGCATACGAGATCGAGTAATGTGACTGGAGTTCAGACGTGTGCTCTTCCGATC

TATTTTAACTTGCTATTTCTAGCTCTAAAAC	  

CAAGCAGAAGACGGCATACGAGATTCTCCGGAGTGACTGGAGTTCAGACGTGTGCTCTTCCGATC

TATTTTAACTTGCTATTTCTAGCTCTAAAAC	  

CAAGCAGAAGACGGCATACGAGATAATGAGCGGTGACTGGAGTTCAGACGTGTGCTCTTCCGAT

CTATTTTAACTTGCTATTTCTAGCTCTAAAAC	  

CAAGCAGAAGACGGCATACGAGATGGAATCTCGTGACTGGAGTTCAGACGTGTGCTCTTCCGATC

TATTTTAACTTGCTATTTCTAGCTCTAAAAC	  
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Western	  blotting	  

	   Cells	   were	   lysed	   in	   buffer	   F	   (10	   mM	   Tris	   pH	   7.05,	   50	   mM	   NaCl,	   30	   mM	   Na	  

pyrophosphate,	   50	  mM	   NaF,	   10%	   Glycerol,	   0.5%	   Triton	   X-‐100)	   and	   then	   centrifuged	   at	  

14,000	  rpm	  for	  10	  minutes.	  The	  supernatant	  was	  collected	  and	  protein	  concentration	  was	  

determined	  using	   the	  Bradford	  method	  (BioRad).	  10-‐25	  ug	  protein	  was	  resolved	  on	  10%	  

Bis-‐Tris	  gels	  (Life	  Technologies)	  and	  transferred	  to	  Immobilon-‐P	  nitrocellulose	  membrane	  

(Millipore)	   at	   66V	   for	   90	   minutes.	   Subsequently,	   proteins	   were	   detected	   using	   the	  

following	  antibodies:	  anti-‐Cep85/CCDC21	  (1:1,000,	  Abcam	  ab88690),	  anti-‐PTK7	  (1:1,000,	  

Cell	   Signaling	   11926),	   anti-‐P53	   (1:2,000,	   Life	   Technologies	   AHO0152),	   anti-‐Beta-‐Actin	  

(1:10,000,	   Abcam	   ab8226),	   anti-‐IGF1R	   β	   (1:1,000,	   Cell	   Signaling	   3018),	   anti-‐P-‐IGF1R	   β	  

Y1135/1136	  (1:1,1000,	  Cell	  Signaling	  3024)	  anti-‐Akt	  (1:1,500,	  Cell	  Signaling	  2920),	  anti-‐P-‐

Akt	  S473	  (1:1,000,	  Cell	  Signaling	  4060),	  anti-‐FLAG	  M2	  (1:5,000,	  Abcam	  ab49763)	  for	  Cas9	  

detection,	   anti-‐PARP	   (1:1,000,	   Cell	   Signaling	   9542P),	   anti-‐cleaved	   PARP	   (1:1,000,	   Cell	  

Signaling	  5625P),	  anti-‐Caspase	  7	  (1:1,000,	  Cell	  Signaling	  9492P)	  and	  anti-‐cleaved	  Caspase	  

7	  (1:1,000,	  Cell	  Signaling	  9491P).	  Antibody-‐bound	  proteins	  were	  visualized	  on	  X-‐ray	   film	  

using	   Super	   Signal	   chemiluminescence	   reagent	   (Thermo	   Scientific)	   according	   to	  

manufacturer's	  instructions.	  

	  

IGF-‐1	  stimulation	  

	   HCT116	  or	  HeLa	  cells	  were	  seeded	  in	  a	  12-‐well	  plate	  in	  regular	  growth	  medium.	  The	  

next	  day	  cells	  were	  serum	  starved	  overnight.	  Following	  serum	  starvation,	  cells	  were	   first	  

treated	  with	   the	   indicated	   in-‐house	   antibodies	   (control	   and	   IGF1R	  at	  50μg/ml)	   and	   then	  

stimulated	  with	  25ng/ml	  IGF-‐1	  (Sigma)	  for	  15	  min.	  The	  phosphorylation	  of	  IGF1R	  and	  AKT	  

was	   monitored	   by	   western	   blotting	   with	   antibodies	   against	   phospho-‐IGF1-‐R	   receptor	   β	  

(Tyr1135/1136)	  and	  AKT	  by	  phospho-‐AKT	  (Ser473)	  respectively.	  Total	  level	  of	  IGF1R	  and	  

AKT	  were	  detected	  using	  Pan	  antibodies	  and	  β	  -‐actin	  was	  used	  as	  a	  loading	  control.	  

	  

Cloning	  and	  expression	  of	  essential	  open	  reading	  frames	  in	  cell	  lines	  

All	   entry	   clones	   originated	   from	   the	   human	   ORFeome	   version	   8.1	   Entry	   clone	  

collection	   (hORFeome	  V8.1)	   or	   the	  Harvard	  PlasmID	   and	   the	  C-‐terminal	  V5-‐tagged	  ORFs	  
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from	  CCSB-‐Broad	  Lentiviral	  Expression	  Library.	  Entry	  clones	  for	  ZNF830,	  RBM48,	  CCDC84,	  

ANKRD49	   and	   ARMC7	   were	   transferred	   to	   a	   lentiviral	   expression	   vector	   containing	   N-‐

terminal	   3xFLAG-‐tag	   using	   Gateway	   cloning	   approach	   (Mak	   et	   al,	   2010).	   The	   expression	  

constructs	  were	   sequence	   verified.	   HEK293T	   cells	  were	   transiently	   transfected	  with	   V5-‐

tagged	   ORFs	   using	   X-‐tremeGene	   9	   DNA	   transfection	   reagent	   (Roche)	   according	   to	  

manufacturer’s	  instructions.	  HEK293T	  and	  HCT116	  cell	  lines	  stably	  expressing	  V5-‐	  and	  VA-‐

tagged	  ORFs	  cells	  were	  generated	  by	  infecting	  with	  the	  lentiviral	  expression	  constructs	  and	  

cells	   were	   selected	   in	   puromycin	   (2	   ug/ml)	   for	   48	   hours	   (3xFLAG-‐tag-‐constructs)	   or	  

blasticidin	  (5	  ug/ml)	  for	  10	  days	  (V5-‐constructs).	  Subsequently	  expression	  of	  the	  ORFs	  was	  

confirmed	  by	  Western	  blot.	  	  

	  

Immunofluorescence	  analysis	  

HEK293T	   and	   HCT116	   cells	   stably	   expressing	   V5-‐tagged	   ANKRD49,	   ZNF830,	  

CCDC84	   and	   RBM48	   constructs	   were	   seeded	   on	   cover	   slips	   and	   fixed	   with	   4%	  

paraformaldehyde	   in	  PBS	   for	  10	  minutes	  at	   room	  temperature.	  Cells	  were	  permeabilized	  

with	  0.25%	  Triton	  X-‐100	  in	  antibody	  dilution	  solution	  (PBS,	  0.2%	  BSA,	  0.02%	  sodium	  azide)	  

for	  10	  minutes	  and	  blocked	  with	  1%	  goat	  serum	  for	  45	  minutes.	  Cells	  were	  incubated	  with	  

anti-‐V5	   antibodies	   (Abcam,	   ab9116,	   1:1,000)	   for	   1	   hour	   at	   room	   temperature.	  

Subsequently,	   cells	   were	   incubated	   with	   Alexa	   Fluor488	   goat	   anti	   rabbit	   antibodies	  

(Invitrogen,	  A-‐1108,	  1:500)	  and	  counterstained	  with	  1g/ml	  DAPI	  (Cell	  Signaling,	  4083S)	  for	  

45	  minutes	  in	  the	  dark.	  Cells	  were	  visualized	  by	  microscopy	  (WaveFX	  confocal	  microscope	  

from	  Quorum	  Technologies).	  

	  

Affinity	  purification	  and	  mass	  spectrometry	  analysis	  

HEK293T	   cells	   transiently	   expressing	   V5-‐tagged	   ANKRD49,	   ZNF830,	   CCDC84	   or	  

RBM48	   and	   HEK293T	   and	   HCT116	   cells	   stably	   expressing	   V5-‐tagged	   and	   FLAG-‐tagged	  

ANKRD49,	   ZNF830,	   CCDC84	  or	  RBM48	  were	  used	   along	  with	  untransfected	   control	   cells	  

for	   affinity	   purification.	   3xFLAG-‐tagged	   CCDC84	   and	   RBM48	  were	   not	  well	   expressed	   in	  

HCT116	  cells	  and	  thus	  were	  not	  included	  for	  AP-‐MS	  analysis.	  Cell	  extracts	  were	  prepared	  

using	  buffer	  F	  as	  described	  above.	  Cell	  extracts	  were	  precleared	  with	  ProteinG	  Ultra-‐Link	  

resin	  (ThermoScientific,	  53125)	  and	  subsequently	  incubated	  with	  anti-‐V5	  (Abcam,	  ab9116)	  
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and	   Protein	   G	   Ultra-‐Link	   resin	   or	   anti-‐FLAG	  M2	   affinity	   gel	   (Sigma)	   for	   4	   hours	   at	   4°C.	  

Immunoprecipitates	  were	  washed	  with	  buffer	  F	  and	  50mM	  ammonium	  bicarbonate	  (pH	  8.0)	  

and	   digested	   overnight	   with	   1μg	   of	   sequencing	   grade	   trypsin	   (Promega).	   After	   digest,	  

peptides	   were	   concentrated	   using	   the	   Savant	   DNA	   SpeedVac	   Concentrator	   (Thermo	  

Scientific)	   and	   resuspended	   in	   liquid	   chromatography	   buffer	   A	   (0.1%	   formic	   acid,	   5%	  

acetonitrile	   in	  water).	   Samples	  were	   subjected	   to	   liquid	   chromatography	   –	   tandem	  mass	  

spectrometry	  using	  a	  LTQ-‐XL	  Linear	  Ion	  Trap	  Mass	  spectrometer	  (Thermo	  Scientific).	  RAW	  

files	  were	  uploaded	  to	  Prohits	  database	  (14)	  and	  subsequently	  converted	  to	  .MGF.	  Data	  was	  

analyzed	   and	   searched	   using	  Mascot	   (2.3.02;	  Matrix	   Science).	   The	   query	   set	   interactions	  

was	  filtered	  for	  interactions	  from	  control	  set	  (Table	  S3).	  
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