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Exonic variants undergoing allele-specific 
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Abstract 

Background: Allelic imbalance (AI) in tumors is caused by chromosomal and sub-chromosomal gains and losses.

Results: We evaluated AI at 109,086 germline exonic SNP loci in four cancer types, and identified a set of SNPs that 
demonstrate strong tumor allele specificity in AI events. Further analyses demonstrated that these alleles show 
consistently different frequencies in the cancer population compared to the healthy population and are significantly 
enriched for predicted protein-damaging variants. Moreover, genes harboring SNPs that demonstrate allele specificity 
are enriched for cancer-related biological processes and are more likely to be essential in cancer cells.

Conclusions: In summary, our study provides a unique and complementary method to identify genes and variants 
that are relevant to carcinogenesis.
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Background
Somatic DNA alterations are crucial for the acquisition 
of tumor-related traits. One class of alterations, allelic 
imbalance (AI), occurs when a segment of one paren-
tal chromosome increases or decreases in copy number 
relative to the other. If the parental homolog with the 
resulting larger copy number—referred to herein as the 
“promoted” homolog—carries a genetic variant that is 
more advantageous to tumor growth than that carried 
by the other homolog, then cells promoting the advan-
tageous allele gain a selective advantage. The resulting 
tumor can then be observed to harbor more copies of 
this allele than its counterpart. That is, AI can be viewed 
as a readout for allelic selection, thereby nominating 
candidate genes and alleles of importance (Fig.  1a). We 

stress that “promotion” here refers to an allele possess-
ing a higher fraction than its other parental counter-
part, regardless of mechanism. The counterpart may be 
deleted, the promoted allele may be duplicated, or both. 
Knudson’s “two-hit” hypothesis is a specific case of the 
allelic promotion mechanism, wherein a deleterious vari-
ant is promoted via somatic loss of the wild-type.

With the advent of “next generation” sequencing (NGS) 
[1], it is now possible to interrogate the entire tumor 
genome in an unbiased manner. The Cancer Genome 
Atlas (TCGA) provides a large collection of whole-exome 
sequencing (WES) data from both tumor samples and the 
matched normal samples. These data sets enable a near-
comprehensive view of somatic AI in germline exonic 
polymorphisms across thousands of patient samples. 
The global characterization of these classes of germline 
exonic variation now allows an agnostic and system-
atic search for alleles demonstrating preferential tumor 
enrichment.

Genomic studies of large tumor sample sets typi-
cally focus on recurrence as a signature of a driver/
causal status. Recurrence is usually measured either for 
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point mutations and indels [2], or for structural ampli-
fications and deletions [3]. Here, we offer an alternative 
and complementary approach that exploits informa-
tion from inherited variants coupled with copy num-
ber alterations. Using AI as a lens through which to 
view selection, we hypothesize that common germline 
exonic variants advantageous to tumor growth will pro-
duce a statistical signal of preferential promotion across 
the patient population. Alleles observed to be promoted 
in a statistically recurrent manner across independent 
tumors provide evidence of cancer relevance.

Here, we provide a generalized framework in which 
to investigate selection of germline exonic alleles in 
areas of AI. Since selection implies function, we aimed 
to identify novel genes and variants displaying a sig-
nature of selection, thereby implying importance for 
tumor-related properties. Toward this end, as a pilot 
demonstration we analyzed data from TCGA across 
four tumor types: breast cancer, colon cancer, lung 
cancer and prostate cancer, as these comprise the most 
common cancer types in terms of new cases each year.

Methods
Bayesian model
The Bayesian model is fit using the L-BFGS-B algo-
rithm [4]. The hyper-parameters used in the model 
were inspired by prior studies [5]. The boundaries and 
prior distributions for each parameter are provided in 
Supplementary Table  S1 (Additional file  1: Table  S1). 
We conducted the analysis in R using package emdbook 
(version 1.3) and package stats (version 3.5). The con-
vergence is assessed based on whether the reduction in 
the objective is within this factor of the machine toler-
ance (1 ×  10–8).

Determine the allelic coverage for germline coding SNPs
We chose 1,695,264 coding SNPs from dbSNP144. 
For each SNP i we retrieved the allelic coverage Nija 
and Nijb of the A allele and B allele in tumor sample j 
from paired exome-sequencing data respectively using 
SAMtools. Similarly, we let Nij0a and Nij0b denote the 

Fig. 1 Illustration of the study scheme. a Overview of the analysis. Whole-exome sequencing from patients is used to identify heterozygotes and 
assess AI. To generate the null distribution of the selection parameter π, the identity of the promoted allele (A or B) is swapped repeatedly, with 50% 
probability each time, and the resulting π recomputed each time. Venn diagrams showing the numbers of AI alleles identified in four cancer types 
at the significance level of b 0.05; c 0.01 and d 0.001
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coverage of the A allele and B allele of SNP i in matched 
normal sample j0.

The germline genotypes are determined by Nij0a and 
Nij0b from the matched normal sample. We call a given 
locus i as heterozygous if the total coverage (Nij0a + Nij0b) 
is greater than 20 and B-allele frequency, BAF ranges 
from 0.2 to 0.8, where

Determination of significantly imbalanced alleles
We determined significance of the allelic selection of a 
SNP i in a cancer population using a permutation test. 
For each permutation, with 50% probability, all pater-
nal and maternal alleles are swapped on the chromo-
somal arm of interest. This is achieved by relabeling all A 
alleles as B and all B alleles as A. Since phase is preserved 
in allelic imbalance events in the original data (indeed 
either the paternal or maternal chromosome acquires the 
amplification or deletion event), it will be preserved for 
each permutation since all alleles are swapped (or not). 
Effectively, the only change is which parental chromo-
some acquires the amplification/deletion. No computa-
tional phasing is necessary.

We computed the null distribution of πi from 1000 
iterations of permutation in the corresponding TCGA 
population for 56,677 SNP loci. To determine if an esti-
mated πi is significant, we compared it to the null dis-
tribution obtained from the pooled permutation-based 
estimates of π . Specifically, we obtained an empiri-
cal P-value for each observed value of the test statistics 
abs(0.5 – πi ) using the empPvals function from R pack-
age "qvalue". The null distribution used in empPvals was 
derived from the pooled 1000 × 56,677 values of abs(0.5 
– π ) obtained from the permutations. Finally, we used 
the function qvalue from the R package “qvalue” to derive 
q-values from the empirically-derived P-values. It should 
be noted that this approach was shown by Storey et al. [6] 
to be equivalent to directly thresholding the test statistics 
themselves and utilizing an analogous FDR estimator.

Association between allelic selection 
and protein‑damaging variants
We stratified the exonic alleles according to “Combined 
Annotation Dependent Depletion” (CADD). CADD 
is suitable in our case because it is derived by contrast-
ing variants that survived natural selection with simu-
lated mutations, which is consistent to the processes of 
somatic evolution. Alleles with CADD larger than 10 are 
classified as “deleterious” variants. We then compared 
the fraction of deleterious variants within subgroups of 

BAFij =
Nijb

Nijb + Nija

variants under different magnitudes of somatic selec-
tion. We compared the fraction of deleterious variants 
in selected-for/against alleles in each cancer type using a 
hypergeometric test.

Association between allelic selection and germline risk 
variants
We used Eigenstrat [7] to identify TCGA individuals of 
European ancestry. We compared the frequencies of the 
selected-for and selected-against alleles in European 
populations from the 1000 genomes project and the cor-
responding cancer population from TCGA. For each 
cancer type, we then evaluated the fraction of the alleles 
with significantly higher or lower frequencies in cancer 
within subgroups of alleles under different magnitudes of 
somatic selection ( πi ). The differences in the fractions of 
the alleles were assessed using a hypergeometric test.

Results
Data sets
We obtained paired germline-tumor whole-exome 
sequencing data for four cancer types, including 721 
ER-positive breast invasive carcinomas (BRCA), 212 
colon adenocarcinomas (COAD), 504 lung adenocar-
cinomas (LUAD), and 414 prostate adenocarcinomas 
(PRAD) (Additional file  2: Table  S2). All the sequence 
data and clinical information are available from the Can-
cer Genome Atlas database the GDC data portal (leg-
acy hg37, https:// portal. gdc. cancer. gov/ legacy- archi ve/ 
search/f ) [8].

A bayesian approach to evaluate allelic imbalance in four 
cancer population
To reveal the landscape of selective allelic imbalance in 
the exons, we choose the 1,695,264 biallelic exonic SNPs 
from the dbSNP database [9] (ref dbSNP144, Methods). 
We removed variants with very low population allele fre-
quencies (minor allele frequency less than 0.005), which 
yielded a set of 155,702 SNPs. After filtering, we kept 
56,677 SNPs for further analyses (Additional file  3: Fig. 
S1). For each SNP i under consideration, for each patient 
j with a normal-cell heterozygous genotype we retrieved 
the base-level coverage of both alleles (A and B) from 
the corresponding tumor sequences Yij = {yAij , yBij} , and 
the matched normal sequences Y ′

ij = {y′Aij , y
′
Bij} , respec-

tively. Using data across all individuals j, we then applied 
a Bayesian-based approach to estimate an SNP-specific 
parameter ( πi ), which represents the tumor preference 
of the B-allele over the A-allele. Thus, πi serves as a sur-
rogate for the somatic allele-specific selection pressure in 
cancer. When πi is statistically larger than 0.5, this is evi-
dence that the B-allele of the SNP is under positive selec-
tion (“selected-for”); πi being statistically smaller than 0.5 

https://portal.gdc.cancer.gov/legacy-archive/search/f
https://portal.gdc.cancer.gov/legacy-archive/search/f
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is evidence that the B-allele is under negative selection 
or “selected-against” (Fig. 1a and “Methods”). To address 
the confounding effects during the library preparation 
and the mapping of sequences, we introduced two SNP-
specific parameters, δi and ϕi , which correspond to the 
base-calling error and mapping bias toward the reference 
alleles, respectively. We normalized the allelic counts, 
Yij and Y ′

ij for the cross-individual variation of cover-
age as described previously and yielded the normalized 
coverage for SNP i and sample j, kij = KAij + KBij . The 
observed allelic coverage follows a beta-binomial distri-
bution with parameters pi and θi , where pi is the mean of 
the beta prior and θi is the dispersion factor [10].

In order to model p_i, for each SNP, we define

In the tumors, πi is a real number between 0 and 1; 
in normal tissues, where both alleles are equally repre-
sented, πi = 0.5. Then

Thus

The posterior probability of the model parameters is 
given as:

(1)yAij|(yAij + yBij) ∼ BB
(

yAij , yAij + yBij , pi, θi
)

(2)y′Aij|
(

y′Aij + y′Bij

)

∼ BB
(

y′Aij , y
′
Aij + y′Bij , p

′
i, θi

)

(3)Kij =
(

KAij ,KBij

)

(1− πi,πi) =

(

δi 1− δi
1− δi δi

)(

2(1− ϕi) 0

0 2ϕi

)(

kij 0

0 kij

)

(4)K ′
ij =

(

K ′
Aij ,K

′
Bij

)

= (0.5, 0.5)

(

δi 1− δi
1− δi δi

)(

2(1− ϕi) 0

0 2ϕi

)(

k′ij 0

0 k′ij

)

(5)pi =
KBij

KAij + KBij

(6)p′i =
K ′
Bij

K ′
Aij + K ′

Bij

(7)L(πi, δi,ϕi, θi) ∝
∏

j

PBB
(

yAij , yAij + yBij , pi, θi
)

∏

j

PBB

(

y′Aij , y
′
Aij + y′Bij , p

′
i, θi

)

.

(8)

P
(

πi, θi, δi,ϕi|yAi, yBi, y
′
Ai, y

′
Bi

)

∝ P(yAi, yBi, y
′
Ai, y

′
Bi|Pi,P

′
i , θi)P

(

Pi,P
′
i

)

P(θi)

= P(yAi, yBi, y
′
Ai, y

′
Bi|Kij ,K

′
ij , θi)P

(

Kij ,K
′
ij

)

P(θi)

= P(yAi, yBi, y
′
Ai, y

′
Bi|πi, δi,ϕi, θi)P(πi)P(δi)P(ϕi)P(θi)

After further quality filtering (Additional file 3: Fig. S1), 
we were left with 56,677 SNPs to test for tumor allelic pref-
erence as follows. Each πi is estimated from the observed 
data using the maximum a posteriori probability (MAP) 
estimate. To determine the significance of the selection 
pressure ( πi ) on the variants in a cancer population, we 
performed permutation tests by randomly swapping the 
alleles between the paternal and maternal chromosome 
arms. This permutation procedure destroys any correlation 
between allele and promotion status, while retaining link-
age disequilibrium structure. Based on the null distribution 
of simulated πi values from 1000 rounds of permutation 
(Method), we obtained the alleles under somatic selection 
in each cancer type at significance levels of 0.05, 0.01 and 
0.001.

Variants under significant allele‑specific selection 
in cancers
From the four cancer types, we identified 88 to 3,310 
unique putatively selected-for alleles corresponding to the 

significance levels of 0.001 (N = 88), 0.01 (N = 752) and 0.05 
(N = 3310), respectively. The unique putatively selected-
against alleles in the four cancer types range from 204 
(significance level 0.001) to 5228 (significance level 0.05) 
(Table 1 and Additional file 4: Data S1).

In order to control for the false discovery rate, we 
also identified the variants under allele-specific selec-
tion based on q-values [11, 12] of 0.1. Using this 
threshold, we found 7 variants that undergo significant 
allele-specific selection in breast cancer and 21 in lung 
adenocarcinoma (Table  2). However, using false dis-

covery rate will omit some variants undergoing true 
somatic selection [13]. Hence, to evaluate the landscape 



Page 5 of 11Li et al. BMC Med Genomics          (2021) 14:142  

of the somatic selection in cancer exomes, we retained 
the alleles with different levels of significance in the 
remainder of our analysis. The landscape of alleles 
under somatic selection are highly specific to the can-
cer types. Our data show no selected variants common 
to all four types at any significance level from 0.001 
to 0.05. Most of the significant AI variants are cancer 
type-specific (Fig. 1b, c).

Protein‑damaging variants undergo significant somatic 
selection in Cancer
We classified the exonic SNPs into deleterious loci and 
non-deleterious loci based on the Combined Annota-
tion Dependent Depletion (CADD) score [14]. CADD 
assesses variants according to their likelihood of being 
deleterious to humans on the population level. Interest-
ingly, the fraction of deleterious alleles is significantly 
higher in both selected-for alleles or selected-against 
alleles, as compared to all exonic variants under consid-
eration (Fig. 2a and Table 3). This suggests that variants 
that have not withstood the evolutionary selective pres-
sure across millions of years are more likely to confer a 
relative advantage or disadvantage (as opposed to being 
neutral) to the tumor cell when promoted, as compared 
to variants that have withstood such selection (see “Dis-
cussion” for further elaboration on this point). As for 
specific cancer types, at the significance level of 0.05, the 
fraction of deleterious alleles ranges from 48.1% (PRAD) 
to 51.6% (BRCA) in the selected-for alleles; and 44.9% 
(LUAD) to 50.3% (BRCA) in the selected-against alleles. 
The enrichment of deleterious alleles in the selected-for 
alleles and selected-against alleles are statistically signifi-
cant (P < 0.05) in all cancer types except for PRAD.

The selected‑for alleles in cancers are enriched 
among cancer patients
We reasoned that many alleles under somatic selec-
tion are likely to be associated with either advantageous 
or disadvantageous traits in the cancer cells, and there-
fore such alleles should appear at altered frequency in 
the cancer population at germline level. To verify this, 
we compared the allele frequencies of the alleles under 
somatic selection between the cancer patients (Euro-
pean ancestry, TCGA) and a control population of 699 
individuals (European ancestry, 1000 Genomes Project) 
(Additional file 5: Fig. S2). Of the selected-for alleles (at 
the 0.05 significance level) in BRCA and COAD, 14.5% 
and 31.9% are significantly (q < 0.05) more frequent in 
the corresponding TCGA cohort than in the control 
population. Conversely, the alleles with significantly 
higher frequencies (q < 0.05) in the corresponding cancer 
populations are significantly enriched in the somatically 
selected-for alleles for both cancers (hypergeometric test 
P < 0.05, Additional file 6: Table S3 and Additional file 7: 
Table  S4). On the other hand, alleles with lower fre-
quencies in the corresponding TCGA cohort are signifi-
cantly enriched in the selected-against alleles for LUAD 
(P = 1.443 ×  10–22, Additional file 8: Table S5) and PRAD 
(P = 4.226 ×  10–3, Additional file 9: Table S6). Overall, the 
alleles with higher frequencies in cancer populations tend 
to be enriched in the selected-for alleles (P = 3.56 ×  10–7) 
whereas the alleles with lower frequencies in cancer tend 
to be enriched in the selected-against alleles (P = 3.19 × 
 10–6, Fig. 2b, c).

Genes affected by allele‑specific selection
We next investigated the genes that are affected by allele-
specific selection. At a significance level of 0.05, there are 

Table 1 Summary of the exonic SNPs that undergo allelic selection in four cancer types

Significance 
level

Cancer type Number of 
selected‑for alleles

Number of genes affected by 
the selected‑for alleles

Number of selected‑
against alleles

Number of genes affected 
by the selected‑against 
alleles

0.001 BRCA 31 31 64 60

LUAD 36 33 116 112

COAD 21 21 22 22

PRAD 0 0 2 2

0.01 BRCA 250 232 366 337

LUAD 284 259 651 609

COAD 214 203 243 232

PRAD 4 3 29 29

0.05 BRCA 1071 963 1605 1360

LUAD 1080 945 2138 1770

COAD 1058 916 1207 1076

PRAD 101 95 278 259
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95 (PRAD) to 963 (BRCA) genes harboring at least one 
selected-for allele, and 259 (PRAD) to 1770 (BRCA) genes 
carrying selected-against alleles (Table  1). Of the genes 
that are affected by somatic selection, many are known 
cancer related genes. For example, FAT1, MKI67, EGFR, 
ROS1, are all affected by selected-for alleles; and TP53, 
BRCA2, MSH2 are all affected by selected-against alleles. 
A recent study reports pathogenic germline variants in 
10,389 tumors [15]. The authors found 10 tumor suppres-
sor genes harboring pathogenic/likely pathogenic alleles 
whose wild-type complement was lost in LOH events. Of 
these 10 predisposition genes, our analysis revealed two 
affected by somatic selection: ATM and BRCA2.

We further hypothesized that genes harboring selected-
for alleles may be enriched for genes essential for cancer 
cell survival and proliferation. To this end, we exploited 
the CERES score [16], which estimates dependency lev-
els of genes from CRISPR–Cas9 essentiality screens. 
In the genes carrying selected-for alleles, the CERES 
scores skew lower (lower CERES scores indicate stronger 
genetic dependency) with increasing significance of πi , 
and significantly deviates from the background distribu-
tion (Kolmogorov–Smirnov P = 0.00704) (Fig. 3a). How-
ever, in the genes carrying selected-against alleles, no 
significant tendency is observed (Fig. 3b).

We retrieved the protein–protein interaction net-
works (PPI) for the genes affected by somatic selection 
in the four cancer types, based on which we identified 
3 modules with significantly higher burdens of somatic 
selection (Fig. 4a–c and Additional file 10: Table S7). We 
observed that the modules are enriched for pathways 
with known functional implications in cancer. In particu-
lar, NOTCH signaling pathway (BRCA, LUAD, q < 0.05), 
JAK/STAT signaling pathway (LUAD, COAD, q < 0.05), 
toll-like receptor signaling (LUAD, COAD, q < 0.05) and 
apoptosis (LUAD, COAD, q < 0.05) are overrepresented 
in somatically selected genes in multiple cancer types 
(q < 0.1).

Discussion
Imbalance between human paternal and maternal alleles 
presents in various biological processes. At the transcrip-
tomic level, allelic imbalance manifests as allele-specific 
expression, often from imprinting or allele-specific bind-
ing at the epigenomic level. In the cancer genome, allelic 
imbalance can result from frequent somatic copy number 
alteration and has been reported in many cancers for its 
biological and phenotypic implications. In tumors, allelic 
imbalance of a functional variant can alter proliferation 
capacity and fitness, subjecting the cell to different selec-
tion pressures. As a result of such selection, alleles con-
ferring cancer fitness will be promoted over the other. 
Therefore, allelic imbalance can serve as important 

evidence for pathogenicity of germline variants that com-
plements population frequency-based association [17].

While many studies address allelic imbalance on the 
transcriptomic level, or focus on specific genes or loci 
[18], less is known about the global somatic landscape 
of allelic imbalance on the DNA level. In this study, we 
evaluated the allelic imbalance of exonic alleles in four 
TCGA cancer cohorts, thereby revealing the landscape of 
somatic selection on germline variants. Our data demon-
strate that somatic selection of the exonic alleles are asso-
ciated with functional impact.

We report here 28 alleles that show signals of somatic 
selection at the q < 0.1 level, although there are likely 
many more that undergo selection but do not meet this 
threshold owing to the large number of statistical tests 
performed. For this reason, we considered all alleles 
achieving nominal significance and examined them col-
lectively for enrichment in various functional categories. 
Interestingly, among the 28 identified alleles, most are 
synonymous variants. We deliberately included synony-
mous variants in our study, since synonymous mutations 
are estimated to represent 6–8% of all driver substitution 
mutations in cancer [19].

Our findings confirm that functionally deleterious 
alleles are subject to stronger somatic selective pres-
sure in cancers. Intriguingly, both somatically selected-
for and somatically selected-against alleles had higher 
CADD scores than alleles showing no signals of selec-
tion (Fig.  2a). Since CADD scores reflect the likelihood 
that an allele is deleterious over human evolutionary time 
in the germline, there might be several reasons for this 
observation. The selected-for alleles may include those 
that would not withstand (human population) purifying 
selection because they confer increased susceptibility to 
cancer. Selected-against alleles, on the other hand, may 
include those alleles that would not withstand (human 
population) purifying selection because they compro-
mise cellular processes that are crucial for both normal 
cellular function and function in the tumor. It would fol-
low, then, that increased dosage of the wild type may pro-
vide an advantage in the tumor environment.

Somatic selection of a given allele was also associated 
with germline susceptibility. We found that somati-
cally selected-for alleles are more frequent in cases than 
ancestry-matched controls. Similarly, selected-against 
alleles are more frequent in controls. These observation 
highlights the potential of somatic selection as an indica-
tor of risk or protective status on a population level. We 
restricted this analysis to individuals of European ances-
try since other populations had very small numbers in 
the cohort. These results should be tested in non-Euro-
pean individuals.
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Fig. 2 Alleles under somatic selection in cancers are enriched for functionally relevant variants. The violin plots show the sampling distributions 
(mean and 95% confidence intervals) of the fraction of specific classes of alleles undergo different levels of somatic selection; the difference 
between the fractions are tested using Tukey’s honest significant difference test. a. the sampling distributions of the fractions of the deleterious 
alleles suggest such alleles increases in alleles under positive or negative somatic selection; b. The sampling distributions of the fractions of 
alleles with significantly higher frequencies in cancer population suggests such alleles increases in selected-for alleles ( πi > 0.5); c. The sampling 
distributions of the fractions of alleles with significantly lower frequencies in cancer population suggest such alleles increases in selected-against 
alleles ( πi < 0.5)

Table 3 Alleles that undergo somatic selection in cancers are enriched for deleterious alleles

Somatic selection Cancer type Significance 
level of πi

Fraction of deleterious alleles 
undergo somatic selection

Fraction of deleterious 
alleles in exonic alleles

Ratio P value

Selected-for BRCA 0.001 0.286 0.426 0.670 6.361e-01

0.01 0.533 0.426 1.251 2.362e-02

0.05 0.516 0.426 1.211 1.914e-04

COAD 0.001 0.800 0.423 1.893 1.347e-02

0.01 0.617 0.423 1.461 1.349e-04

0.05 0.525 0.423 1.241 4.558e-06

LUAD 0.001 0.400 0.441 0.908 5.186e-01

0.01 0.509 0.441 1.155 6.151e-02

0.05 0.481 0.441 1.091 3.543e-02

PRAD 0.001 NA 0.436 NA NA

0.01 NA 0.436 NA NA

0.05 0.500 0.436 1.148 1.673e-01

Selected-against BRCA 0.001 0.370 0.426 0.869 6.497e-01

0.01 0.471 0.426 1.105 1.250e-01

0.05 0.503 0.426 1.181 4.496e-05

COAD 0.001 0.286 0.423 0.676 6.284e-01

0.01 0.510 0.423 1.208 3.282e-02

0.05 0.477 0.423 1.129 5.585e-03

LUAD 0.001 0.472 0.441 1.070 2.753e-01

0.01 0.505 0.441 1.146 1.024e-02

0.05 0.493 0.441 1.118 3.740e-04

PRAD 0.001 0.500 0.436 1.148 1.898e-01

0.01 0.538 0.436 1.236 1.522e-01

0.05 0.356 0.436 0.817 9.524e-01
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On the gene level, we found that those harboring 
selected-for alleles tend to be genes that are essential 
for cancer cells, as assessed by CRISPR–Cas9 screens. 
In general, the genes affected by allele-specific selection 
in the tumor genome are enriched for known cancer-
predisposing genes as well as tumor-related biological 
pathways. For instance, the NOTCH signaling pathway 
is involved in many cancers as it determines the fate of 
cells and is a favorable therapeutic target [20, 21]. The 

toll-like receptor pathways play a critical role in immune 
responses and thereby mediate the apoptosis of the can-
cer cells. Most of the genes affected by somatic selec-
tion of alleles are cancer type-specific. However, we also 
observed some genes that undergo consistent somatic 
selection in multiple cancer types. For example, prune 
homolog 2 with BCH domain (PRUNE2) is a known 
tumor suppressor in PRAD. In our analysis, PRUNE2 
[22, 23] is affected by four different, but consistently 
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selected-against, alleles in four cancer types. Another 
tumor suppressor, microcephalin 1 (MCPH1), from 
which we identified six selected-against alleles, acts as 
G2/M checkpoint and promotes apoptosis in response to 
DNA damage [24–26].

Nevertheless, the findings of alleles under somatic 
selection are limited by the sample size and tumor purity. 
Variants with few heterozygotes in the cancer popula-
tion tend to be less significant. Moreover, higher levels 
of normal-cell contamination would push the observed B 
allele frequency (BAF) toward 0.5, which could result in 
a loss of power owing to estimated values of π being less 
significantly different from 0.5. In addition, the somatic 
selection may act on haplotypes rather than SNPs, which 
is not considered in the current analysis.

Conclusions
In summary, we have described a statistical approach to 
reveal somatic allelic selection in the exomes of four can-
cer types and thereby suggest cancer-related genes and 
loci. These results together underscore the complexity of 
somatic selection in the process of clonal evolution. Since 
somatic selective processes in cancer differ from those 
at the germline level, evaluation of the allelic selection at 
the somatic level provides additional evidence to prior-
itize cancer-related genes. Our analysis is constrained to 
exonic SNPs, but many functional variants located out-
side the exons are also subject to allelic selection. With 
the rapidly growing volume of cancer genome sequenc-
ing data, revealing the landscape of allelic selection on 
the whole-genome, pan-cancer level is also foreseeable. 
In addition, the method can be applied to other NGS data 
sets such as RNA sequencing and ChIP-sequencing to 
suggest alleles of importance to the relevant biology.
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