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Recent studies of the tumor genome seek to identify cancer pathways as groups of genes in which
mutations are epistatic with one another or, specifically, ‘‘mutually exclusive.’’ Here, we show that
mostmutations aremutually exclusive not due to pathway structure but to interactionswith disease
subtype and tumormutation load. In particular,many cancer driver genes aremutated preferentially
in tumors with few mutations overall, causing mutations in these cancer genes to appear mutually
exclusive with numerous others. Researchers should view current epistasis maps with caution until
we better understand the multiple cause-and-effect relationships among factors such as tumor
subtype, positive selection for mutations, and gross tumor characteristics including mutational
signatures and load.
Cancer genomes are the products of evolutionary trajectories, in

which each new somatic mutation is selected only if it confers a

fitness advantage over the existing genetic landscape (Nowell,

1976). Consequently, whether a specific driver mutation arises

may depend on the presence of complementary mutations that

act synergistically with that particular driver in carcinogenesis.

Inversely, a driver mutation is less likely to occur in the presence

of an earlier mutation that has common or redundant functional

effects in the same molecular pathway. Such dependencies

reflect a type of genetic epistasis, as the multiple genes in a

pathway contribute non-additively to tumor fitness as a pheno-

type (Figure 1A).

Guided by this premise, numerous studies have searched

cancer genomes for patterns ofmutations thatmight indicate ge-

netic epistasis and thus the structure of pathways that drive can-

cer (Babur et al., 2015; Canisius et al., 2016; Ciriello et al., 2012;

Hua et al., 2016; Jerby-Arnon et al., 2014; Kim et al., 2015, 2017;

Leiserson et al., 2013, 2015a, 2015b, 2016; Lu et al., 2015; Miller

et al., 2011; Mina et al., 2017; Szczurek and Beerenwinkel, 2014;

Vandin et al., 2012;Wappett et al., 2016; Zhao et al., 2012, 2017).

Large-scale tumor-sequencing efforts, includingmany studies of

The Cancer Genome Atlas (TCGA) Research Network (Brennan

et al., 2013; Cancer Genome Atlas Network, 2012a, 2012b; Can-

cer Genome Atlas Research Network, 2008, 2012, 2013, 2014b,

2014c, 2014d, 2017; Ciriello et al., 2015; Ding et al., 2018; Fish-

bein et al., 2017; Ge et al., 2018; Kandoth et al., 2013; Ley et al.,

2013; Robertson et al., 2017; Sanchez-Vega et al., 2018; Schaub
et al., 2018; Seiler et al., 2018) and others (Bolouri et al., 2018;Ma

et al., 2018; Reddy et al., 2017), have also conducted epistasis

testing as integral analyses. Generally, these studies look for

‘‘mutual exclusivity’’ among gene mutations, i.e., sets of genes

in which joint mutation (more than one gene mutated per tumor)

is less common than would be expected by random chance

(Figure 1B, g1, g2). For example, activating mutations in NRAS

or BRAF show strong mutual exclusivity in cutaneous mela-

noma, consistent with their functional roles as successive

signaling nodes within the mitogen-activated protein kinase

signaling pathway (Figure 1C).

Genetic epistasis within cancer pathways is not the only expla-

nation for mutual exclusivity, however. To the extent that

different tumor subtypes are characterized by different driver

mutations, mutual exclusivity can simply reflect differences in

driver mutation frequencies between subtypes (Figure 1B, g3,

g4). For example, GATA3 mutations are frequent in the luminal

A and B subtypes of breast cancer, creating mutual exclusivity

and thus apparent epistasis with TP53, which is preferentially

mutated in the basal-like and HER2-enriched subtypes (Cancer

Genome Atlas Network, 2012b).

We considered that tumor subtype might especially compli-

cate mutual-exclusivity-based epistasis detection when sub-

types are linked to tumor mutation load, i.e., the genome-wide

number of somatic mutations observed in a tumor. Namely,

mutations that drive tumor subtypes with low mutation load

might be mutually exclusive—and thus appear epistatic—with
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Figure 1. Genetic Epistasis, Tumor Subtypes, and Mutation Load Drive Patterns of Mutual Exclusivity in Cancer Genomes
(A) Tumor evolution is shown as a stepwise process in which random mutations are sequentially selected if they confer a fitness advantage over the existing
genomic landscape. Combinations of mutations in genes that show positive epistasis (gX – gY) result in a surprisingly strong fitness increase that exceeds the
additive effects of the individual mutations. Hence, such mutations are more likely to occur together within the same tumor (co-occurrence). Combinations of
mutations in genes showing negative epistasis (gY – gZ) result in a surprisingly weak fitness increase that is less than expected from their individual effects. This
situation may arise (1) if two mutations deregulate the same molecular pathway and a single mutation is sufficient for a tumor to develop or (2) if the mutations are
lethal in combination (synthetic lethality). Therefore, mutations that show negative epistasis are only rarely observed together within the same tumor (mutually
exclusive). Blue and white circles represent mutated and wild-type genes, respectively.
(B) Binary matrix of tumors (columns) by genes (rows), in which blue and white squares represent mutated and wild-type states, respectively. Tumors are ranked
by subtype and tumor mutation load. Gene mutation patterns are driven by (negative) epistasis (g{1,2}), tumor subtypes (g{3,4}), and tumor mutation load (TML;
g{5,6,7,.,n}, with n = total number of genes). Multiple gene pairs showmutual exclusivity, whereas this pattern reflects epistasis only in the case of gene pair g1-g2.
The mutual exclusivity between mutations in gene pair g3-g4 is driven by differences in the frequencies of these mutations in subtypes X and Y. As subtype X has
relatively low tumor mutation load, the enrichment of g3 mutations within this subtype results in an anti-correlation between the gene mutation pattern of g3 and
tumormutation load. However, most genes (g{5,6,7,.,n}) show the opposite behavior and becomemore frequently mutated as tumormutation load increases. This
phenomenon drives many cases of mutual exclusivity between mutations in g3 and g{5,6,7,.,n}.
(C) Negative epistasis in cancer signaling pathways can result in patterns of mutual exclusivity, as exemplified by NRAS and BRAF in the TCGA skin cutaneous
melanoma cohort. These two melanoma driver genes are successive signaling nodes within the RTK-RAS-RAF-MAPK pathway. Mutations in either of the two
genes amplify the signaling output to a level sufficient for tumor progression. Once the first mutation is present, a second mutation does not further increase
fitness (less than additive effect – negative epistasis) and is hence not positively selected. Analogous to gene pair g1-g2 in (B), these mutations follow an OR
function and are strongly mutually exclusive across the full range of tumor mutation loads (bottom; p value by DISCOVER test). In the heatmap, blues and whites
represent mutated and wild-type genes, respectively. Tumors were ranked on tumor mutation load (TML).
(D) The interplay between colorectal cancer subtypes (consensus molecular subtypes, CMS) and tumor mutation load drives strong mutual exclusivity between
the genes TP53 and MUC16. CMS1 tumors comprise those with microsatellite instability and hypermutation in comparison to other subtypes (top; boxes,
whiskers, and dots indicate quartiles, 1.5 interquartile ranges, and outliers outside these ranges, respectively).MUC16 follows the background mutation rate and

(legend continued on next page)
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the vast majority of other genes (Figure 1B, g3, g{5,6,7,.,n}). For

example, mutation load is associated with the well-defined

consensus molecular subtypes (CMSs) of colorectal cancer

and is particularly high in CMS1, which is characterized by

hypermutation and loss of microsatellite stability (Figure 1D,

top) (Guinney et al., 2015). Through an increased background

mutation rate, most genes have higher mutation frequency in a

high-mutation-load subtype like CMS1, which is especially clear

for long genes such asMUC16 (Figure 1D, middle left). Contrary

to this general trend, however, mutations in the cancer gene

TP53 are less frequent in CMS1 than in other subtypes

(Figure 1D, middle right). Therefore, TP53 mutations exhibit

strong mutual exclusivity with mutations in MUC16 (Figure 1D,

bottom). This mutual exclusivity is unlikely to be a functional

epistatic interaction as the vast majority of mutations in

MUC16 are thought to be passenger events (Lawrence et al.,

2013; Martincorena et al., 2017). Moreover, TP53 mutations

might exhibit strong mutual exclusivity with many other genes

like MUC16, whose mutation frequencies steadily increase

with tumor mutation load. Other examples of this phenomenon

are provided by EGFR, an oncogene that is frequently altered

in lung adenocarcinomas of nonsmoking patients, which as a

class has low tumor mutation load (Cancer Genome Atlas

Research Network, 2014c), and CDH1, which is most often

mutated in genomically stable gastric cancer (Cancer Genome

Atlas Research Network, 2014a). If such anecdotes were wide-

spread, one would expect that many mutually exclusive gene

mutationsmight arise from an artifact of subtypes and tumormu-

tation load rather than pathway structure and epistasis.

How Entangled Are Genetic Dependencies with
Mutation Load?
To determine the extent of themutation load artifact, we analyzed

somatic mutation data from eight tumor types, employing 13

cohorts from TCGA and the Memorial Sloan Kettering Cancer

Center (MSKCC). Focusing on a cancer gene panel of 341

established oncogenes and tumor suppressor genes (Table

S1), we used logistic regression to calculate a standardized score

of association between the mutation likelihood of each gene and

the tumor mutation load (STAR Methods). This score, henceforth

called the ‘‘mutation load association’’ (MLA), takes on a value of

0 in cases of no associationwithmutation load, whereas negative

or positive values reflect higher mutation frequencies in tumors

with low or high mutation loads, respectively.

We first analyzed results for the TCGA colorectal adenocarci-

noma cohort (COADREAD, 559 tumors). Over all geneswithin the

cancer gene panel, we observed a strong positive association

between gene mutation frequency and mutation load (median

MLA = 5.74; Figure 2, center histogram). However, this positive

association was not universally the case for specific cancer

genes (MLA range -3.07 to +9.10). For TP53, the MLA was

strongly negative (MLA = -3.07), consistent with previous reports

(Cancer Genome Atlas Network, 2012a; Ciriello et al., 2013). We
is therefore very frequently mutated in CMS1 tumors (middle left). In contrast, muta
to strongmutual exclusivity betweenmutations in TP53 andMUC16 (bottom; p val
between g3 and g{5,6,7,.,n}) in (B), the case of TP53-MUC16 can be explained by s
mutated and wild-type genes, respectively. Tumors were ranked on tumor muta
found that the established colorectal cancer drivers KRAS and

APCwere also more likely to be altered in tumors with lowmuta-

tion load, with MLAs of -1.46 and -1.16, respectively. As a

function of tumor mutation load, the mutation frequencies of

these genes followed a complex pattern, in contrast to the

generally monotonic functions followed by genes with strongly

positive MLAs (e.g., ATM and POLE in Figure 2). We observed

a similar MLA spectrum for all other tumor cohorts analyzed

(Figure S1A), with the specific MLA of each gene dependent on

cancer type (Figures S1B and S1C). Thus, there exists a broad

spectrum of tumor-type-specific associations between gene

mutation frequency and tumor mutation load, ranging from

strongly negative to strongly positive.

Broadening the analysis to encompass all genes in the human

genome, we found that the 25 genes with lowest MLA were en-

riched for known cancer genes, in all tumor types tested (odds

ratios 5.4–49.6, p = 1.0 3 10-2 to 7.9 3 10-12; Figure S1D).

Conversely, although some known cancer genes had high MLA

(e.g., ATM and BRAF; Figure 2), as a set, high-MLA genes

were not enriched for cancer genes (Figure S1D). Thus, genes

with low MLA tend to be known cancer genes.

Next, we exploredwhethermutual exclusivity ismore likely de-

tected for genes with low MLA. We considered five methods:

DISCOVER (Canisius et al., 2016), MEMo (Ciriello et al., 2012),

WExT (Leiserson et al., 2016), Fisher’s exact test, and MEGSA

(Hua et al., 2016). Strikingly, for all methods we found strong

negative correlations between the MLA of a gene and the num-

ber of statistically significant findings (Pearson r range -0.60 to

-0.87; Figures 3A–3C). This correlation, which we call ‘‘mutation

load confounding,’’ implies that themore negative a gene’sMLA,

the higher the number of other genes that showmutual exclusiv-

ity with that particular gene. For example, of 96 tested gene-gene

combinations involving TP53, the gene having the most negative

MLA, nearly all were reported by DISCOVER, MEMo, and WExT

to be mutually exclusive (92, 95, and 95, respectively). Being the

more conservative tests for mutual exclusivity (Canisius et al.,

2016), Fisher’s exact and MEGSA detected fewer mutual exclu-

sivities in general and, hence, also for TP53 (40 and 48, respec-

tively). Together, the 15 genes with lowest MLAwere responsible

for 78% or more of the significant interactions reported by a

method: DISCOVER: 622 of 724 (86%); MEMo: 769 of 948

(81%); WExT: 819 of 1053 (78%); Fisher’s exact test: 65 of 65

(100%); MEGSA: 85 of 85 (100%). This pervasive mutation

load confounding generalized to all tumor cohorts tested (Fig-

ures 3D and S2–S6) and held for more stringent significance

thresholds (data not shown) as well as when both mutations

and copy-number alterations were considered (Figure S7).

We next investigated whether mutation load confounding

could be reduced by correcting for tumor subtype. Using

colorectal cancer as a case study, we first stratified tumors

into their predefined CMSs and then ran DISCOVER to identify

mutually exclusive gene mutations corrected for subtype

(STAR Methods). This correction greatly reduced the number
tions in TP53 are relatively infrequent in CMS1 tumors (middle right). This leads
ue byDISCOVER test). Thus, analogous to themany cases ofmutual exclusivity
ubtypes and tumor mutation load. In the heatmap, blues and whites represent
tion load (TML).
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Figure 2. Broad Spectrum of Associations between Gene Mutation Frequency and Tumor Mutation Load
The center histogram shows the distribution of mutation load associations (MLAs) with each cancer gene on the TCGA colorectal adenocarcinoma cohort
(COADREAD, 559 tumors). Each MLA represents the association between a gene’s mutation frequency and the mutation load across tumor samples. In the
periphery, genes across the whole range of MLAs are explored by plotting their mutation frequencies (y axis) within a moving window of the tumor mutation load
(x axis, bin size 0.5 on a log10 scale). Standard error (SE) and 0.5 3 SE are plotted in light and dark magenta, respectively. Tumors are plotted as gray dots
(1, mutated; 0, not mutated).
of gene pairs reported to show mutual exclusivity, especially for

pairs that included genes with lowMLA (Figure 3B). In total, 58%

of all significant findings could be attributed to CMS structure,

with some mutation load confounding still present in the strati-

fied analysis (Pearson r = –0.68, p = 1.2 3 10-12). Thus, tumor

subtypes contribute to widespread patterns of mutual

exclusivity in amanner that partially, but not completely, explains

mutation load confounding.

Interactions between Gene Mutations, Tumor Subtype,
and Mutational Processes
Collectively, the above observations suggest that patterns of

mutual exclusivity and co-occurrence of mutations in tumor

genomes are reflections of an underlying complex web of inter-

acting factors. Although these factors can include selective

pressures on gene function, leading to genetic epistasis, this

selectivepressure is apparently less frequent, and for somegenes

perhapsweaker, than confounding influences such as tumor sub-

type, mutational processes and load, and environment. Although

translating correlations among a set of factors to specific cause-

and-effect relationships should be attempted with caution, some

possible scenarios are as follows, all of which are supported by

specific anecdotes from the cancer literature (Figure 4A).

Interactions between Tumor Subtype and Specific Gene

Mutations. Specific mutations can determine which tumor
1378 Cell 177, May 30, 2019
subtype develops (e.g., germline BRCA1 mutations lead to

basal-like breast cancer [Mavaddat et al., 2012; Figure 4A,

1]), and inversely, the biological characteristics of a tumor

subtype can affect which driver mutations confer a functional

advantage and are subsequently selected (e.g., immunogenic

CMS1 colorectal cancers lose MHC-I antigen presentation

through mutation of B2M [Cancer Genome Atlas Network,

2012a; Kloor et al., 2007; Figures 4A, 2]).

Interactions between Mutational Processes and Specific

Gene Mutations. Active mutational processes determine

overall gene mutation frequencies as well as which DNA

sequence motifs and genes are most likely to be mutated

(Alexandrov et al., 2013) (e.g., mismatch repair deficiency

broadly increases gene mutation frequencies, especially in

genes with microsatellites [Maruvka et al., 2017; Figure 4A,

3]. Conversely, certain mutational processes can be acti-

vated through mutation of specific genes (e.g., BRCA1/2mu-

tations lead to homologous recombination deficiency and

impaired repair of double-strand DNA breaks [Roy et al.,

2011; Figure 4A, 4]).

Interactions between Mutational Processes and Tumor

Subtypes. Mutational processes can spark the develop-

ment of a specific tumor subtype (e.g., mismatch repair

deficiency leads to CMS1 colorectal cancer [Guinney et al.,

2015; Figure 4A, 5]), and in turn, the biology of a tumor sub-

type can result in the activation of mutational processes
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Figure 3. A Gene’s Association to Tumor Mutation Load Predicts the Number of Significant Findings in Mutual Exclusivity Tests
(A) Scatterplot of the percentage of the full set of pairwise interactions of a gene that had a p value below 0.05 according to the DISCOVER mutual-exclusivity-
detection method, plotted against the gene’s MLA. Results were obtained on the TCGA COADREAD cohort (559 tumors).
(B) As in (A), with pink and gray dots corresponding to results obtained by a subtype-stratified and unstratified analysis, respectively. Results were obtained on the
498 tumors of the TCGA COADREAD cohort for which consensus molecular subtype (CMS) classification was available.
(C) Scatterplots of the percentage of the full set of pairwise interactions of a gene that had a p value below 0.05 according to theMEMo,WExT, Fisher’s exact test,
and MEGSA mutual-exclusivity tests, respectively, plotted against the gene’s MLA. Results were obtained on the TCGA COADREAD cohort (559 tumors).
(D) Bar plots showing mutation load confounding across all 13 tumor cohorts analyzed, for the DISCOVER, MEMo, WExT, Fisher’s exact, and MEGSA mutual-
exclusivity tests. Positive bars indicate the percentage of statistically significant interactions that involved at least 1 of the 15 genes with lowest MLA within that
cohort (% involved). Negative bars indicate the Pearson correlation between the percentage of the full set of pairwise interactions of a gene that had a p value
below 0.05 and MLA (as in A–C).
BLCA, bladder urothelial carcinoma; BRCA, breast invasive carcinoma; LUAD, lung adenocarcinoma; SCKM, skin cutaneousmelanoma; COADREAD, colorectal
adenocarcinoma; STAD, stomach adenocarcinoma; LUSC, lung squamous cell carcinoma; UCEC, uterine corpus endometrial carcinoma; TCGA, The Cancer
Genome Atlas; MSKCC, Memorial Sloan Kettering Cancer Center.
(e.g., HER2-enriched breast cancers have consistently

high APOBEC3B expression and show extensive APOBEC

cytidine deaminase mutagenesis [Roberts et al., 2013;

Figure 4A, 6]).
Environmental Effects on Tumor Subtypes and Muta-

tional Processes. Environmental factors can underlie the

development of certain tumor subtypes (e.g., Epstein-Barr

virus drives EBV+ gastric cancer [Cancer Genome Atlas
Cell 177, May 30, 2019 1379



A

B

Figure 4. Conceptual Model of Direct Epistasis and Indirect Paths to Mutual Exclusivity
(A) The complex interplay between genemutation frequencies, tumor subtypes, mutational processes, and environment. All of these factors (except environment)
can be causally affected by every other factor, leading to a complex system in which both direct gene-gene interactions (epistasis) and indirect causal paths may
drive patterns of mutual exclusivity (mutex) or co-occurrence (cooc) between mutations.
(B) The total number of driver mutations per tumor generally increases with tumor mutation load, but with ever decreasing rates (Martincorena et al., 2017).
Therefore, driver mutations are less strongly positively associated with tumor mutation load (shallow slope in top; low MLA) compared to passenger mutations
(steep slope in top; high MLA). This relatively low MLA may lead to epistasis-independent patterns of mutual exclusivity involving driver genes.
Research Network, 2014a; Figure 4A, 7]) or determine the ac-

tivity of specific mutational processes (e.g., ultraviolet light

exposure leads to DNA damage through C>T transitions

[Alexandrov et al., 2013; Figure 4A, 8]).

Within this web of interrelated factors, indirect causal paths

can drive misleading patterns of mutual exclusivity in the

absence of epistasis. For example, mutations in CDH1 lead to

genomically stable (diffuse) gastric cancer (Figure 4A, 1), a sub-

type with relatively inactive mutational processes (Figure 4A, 6)

(Cancer Genome Atlas Research Network, 2014a; Hansford

et al., 2015). The resulting lowmutation frequency of other genes

in CDH1-mutated tumors (Figure 4A, 3) then leads to mutual ex-

clusivity between CDH1 and these genes.

The result that genes with low MLA tend to be cancer driver

genes can be explained in two ways. First, whereas some driver

mutations can be associated with tumor subtypes with low tumor

mutation load (low MLA), passenger mutations tend to follow the

backgroundmutation rate of the tumor and will therefore become

more likely as tumor mutation load increases (highMLA). Second,

it has been shown that the total number of drivermutations per tu-

mor generally increases with tumor mutation load, but with ever

decreasing rates (Martincorena et al., 2017). Thus, as tumor mu-

tation load increases, driver mutations represent an ever-smaller
1380 Cell 177, May 30, 2019
proportion of the total mutation load of the tumor. Although this

fact alone is insufficient to result in a negative MLA for cancer

genes, it will result in their general shift toward independence

from tumor mutation load relative to genes that are predominantly

impacted by passengermutations (MLA= 0; Figure 4B). This logic

implies that prioritizing the genes with lowest MLA in a tumor

cohort should provide a route to identifying new cancer genes,

although we have not pursued that idea here.
Disentangling the Web
Given these complexities, how might we strive to better under-

stand the true epistatic effects of cancer mutations and chart

their pathway relationships? First, functional experiments are

needed to better understand the cause-and-effect interactions

between specific mutations and global mutational processes,

as recently explored using DNA-repair-deficient organoids

(Drost et al., 2017). Second, statistical models are needed that

adjust for mutation load confounding and its underlying factors.

While controlling for established cancer subtypes provided a

partial adjustment (Figure 3B), a complete solution is likely to

require background models of co-mutation that consider the

complex, non-linear relationships (Figures 2 and 4A) between

gene mutation frequencies and tumor subtypes, mutational



processes, and positive selection formutations, while preventing

overfitting. Third, statistical and experimental approaches

should be used in a complementary manner, by rigorously vali-

dating epistatic relationships arising in genome analysis by, for

example, directed perturbations via CRISPR and RNAi (Han

et al., 2017; Horlbeck et al., 2018; McDonald et al., 2017;

Rauscher et al., 2018; Shen et al., 2017) coupled to appropriate

functional readouts. Conversely, statistical models of epistasis

within cancer patient genomes are not limited by the artificial

context inherent to cell lines and other model systems, and

they could therefore be used to confirm the biological and clinical

relevance of epistatic relationships identified in experimental

models. As these studies progress, they enable the creation of

ever-more-precise maps of epistasis in human cancers and, in

turn, open up new therapeutic avenues based on these genetic

dependencies.

As cancers are driven by combinations of mutations, under-

standing the epistatic interactions among these mutations will

be critical to predict which phenotypes and vulnerabilities are to

be expected based on a patient’s cancer genome. Although we

are still far away fromsolving this complex combinatorial problem,

we hope that our observations provide a foundation for future

studies toward this goal. In the meantime, current epistatic

maps of the cancer genome should be interpreted with caution.

SUPPLEMENTAL INFORMATION

Supplemental Information can be found online at https://doi.org/10.1016/j.
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