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Introduction 

Recent advances in genomic sequencing technologies have yielded a huge catalog of so-
matic mutations in cancer genomes across diverse tumor types [1]. In addition to identi-
fying cancer-driver mutations, including druggable targets [2,3], clinical benefits associ-
ated with the quantitative nature of somatic mutations, such as the tumor mutation bur-
den (TMB), have been demonstrated to be predictive markers for immune checkpoint 
inhibitors [4-6]. The TMB of cancer genomes is highly variable within and between tu-
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evant mutation signatures and their causal relationships. 
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mor types [7], with varying causal mechanisms that lead to hyper-
mutation and mutator phenotypes [8]. To advance our under-
standing on the heterogeneity of TMB and its clinical relevance, it 
is essential to assess the roles of various exogenous and endoge-
nous mutagenic agents and DNA repair-replication processes [9], 
as well as their relationship with genomic features.  

Mutational processes are known to leave characteristic sequence 
features in the genomes [10]. Well-recognized examples include 
C:G > A:T transversions and C:G > T:A transitions associated 
with the mutagens of tobacco smoking in lung cancers [11] and ul-
traviolet radiation in skin cancers [12], respectively. The distinct se-
quence features of individual mutagenic processes indicate that the 
mutational processes that have been operative in cancer genomes 
can be inferred by sequence-based analyses. Accordingly, recently 
proposed trinucleotide context-based analysis of cancer genomes 
based on deconvolution techniques, such as non-negative matrix 
factorization (NMF), has revealed more than 30 mutations signa-
tures across 7,000 cancer genomes (hereafter, Sig.#1 to Sig.#30 as 
annotated in the Sanger mutation signature database; https://can-
cer.sanger.ac.uk/cosmic/signatures) [10,13]. Signature-level muta-
tion analysis enables the molecular dissection of TMB according to 
the distinct origins of the mutations because mutation signatures 
are often associated with causal genetic mechanisms or genes corre-
sponding to endogenous mutagens and DNA repair-replication 
processes. For example, overactivity of APOBEC cytidine deami-
nase leads to the accumulation of mutations consistent with Sig.#2 
and Sig.#13, with sequence preferences of C > G and C > T within 
the TpCpN trinucleotide contexts [14]. Genetic events responsible 
for the deficiency of DNA repair enzymes have also been shown for 
some mutation signatures, e.g., somatic DNA mismatch repair defi-
ciency (MMRd) in colorectal and endometrial cancers are fre-
quently associated with promoter hypermethylation and transcrip-
tional downregulation of MLH1 [7]. In addition, deregulation of 
DNA repair or the proofreading polymerase genes of BRCA - [15] 
and POLE-deficient genomes [16] leads to mutations consistent 
with Sig.#3 and Sig.#10, respectively [10]. However, the genetic 
mechanisms and potential gene markers for the majority of muta-
tion signatures are still largely unknown. 

It is also possible that the current list of mutation signatures is not 
yet complete. The missing mutation signatures may be found in so-
matic mutations with a unique presentation, e.g., a recent mutation 
signature analysis focusing on clustered mutations revealed a novel 
signature associated with an activity of a translesional polymerase 
of POLH [17]. We also reported a cisplatin treatment-related muta-
tion signature that was exclusively observed in head and neck can-
cers with a history of chemotherapy, not in treatment-naïve cancer 

genomes [18]. Given that the current list of mutation signatures 
has been largely obtained by deconvolution-based methods, such 
as NMF, methods using differential nucleotide frequencies may 
lead to the identification of novel mutation signatures representing 
specific tumor phenotypes or genotypes. 

Large-scaled multi-omics cancer genome data may serve as valu-
able resources to identify underlying genetic mechanisms and key 
DNA repair genes that contribute to somatic mutations and the 
TMB of cancer genomes. In this study, we performed PanCan-
cer-scaled correlative analyses that linked TMB and mutation sig-
natures with multi-omics datasets available from the PanCan-
cer-scale Cancer Genome Atlas (TCGA) consortium. We first 
evaluated the correlation of TMBs with systematic genomic fea-
tures, such as tumor purity, ploidy, and aneuploidy. Then, TMB 
was deconvoluted into the level of known mutation signatures (i.e., 
the extent of contribution of 30 mutation signatures in given can-
cer genomes), which were subject to multi-omics correlative anal-
yses to discover known and novel relationships between mutation 
signatures and their potential genetic mechanisms. We also pro-
posed a feature-driven mutation signature discovery method to 
identify de novo mutation signatures as differential trinucleotide 
frequencies based on tumor features of interests, such as homolo-
gous recombination (HR) deficiency or tumor hypoxia. 

Methods 

Mutation information 
The TCGA cancer mutation profiles as well as from other 
multi-omics dataset encompassing 9,587 tumor specimens and 
> 30 tumor types were downloaded from TCGA PanCancer Atlas 
(https://gdc.cancer.gov/about-data/publications/pancanatlas). 
Duplicate cases were removed and only mutations from primary 
tumor genomes, ignoring those from recurrent or metastatic ge-
nomes, were considered. TMB was defined as the sum of all types 
of somatic calls for single nucleotide variations and short indels. 
We also obtained tumor purity and ploidy data, as well as other 
copy number-related variables from the literature [19].  

Gene set enrichment analysis 
To identify molecular functions associated with TMB, we calculat-
ed Pearson’s correlation coefficients for individual gene expres-
sions (log-scaled RSEM) with TMB (log-scaled). Gene-level cor-
relations were subjected to the pre-ranked version of gene set en-
richment analysis (GSEA) with Gene Ontology (GO) terms [20] 
available in MSigDB (http://software.broadinstitute.org/gsea/
msigdb/index.jsp; c5 category). 
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Signature analysis 
For known mutation signatures, we download 30 signatures as 
Sanger ver.2 mutation signatures (Sig.#1–Sig.#30, https:// cancer.
sanger.ac.uk/cosmic/signatures). For signature deconvolution, we 
used deconstructSigs R packages version 1.8.0 in R version 3.6.1 
[21] to derive the relative contribution of individual mutation sig-
natures to given cancer genomes. The estimated contribution or 
the number of mutations belonging to individual signatures were 
used as signature levels for the subsequent correlative analyses. For 
mutation signature analysis, we used 6,040 cancer genomes har-
boring no less than 50 mutations. For correlation, we selected 254 
genes that belong to DNA damage and repair (DDR) processes 
available in a previous study [22]. 

Supervised identification of mutation signatures 
A mutation signature representing APOBEC overactivity was de-
rived as the differentials of trinucleotide frequencies between the 
tumors with high and low expression of APOBEC3A (95th and 
5th percentiles, respectively). In the case of the mutation signature 
representing MLH1 deficiency, the differentials were calculated 
between the low and high expression of MLH1. Only positive val-
ues of differential trinucleotide frequencies were considered for 
mutation signatures, given that negative values have no biological 
significance for signature-based analysis. For the POLE-signature, 
the differential trinucleotide frequencies were obtained by com-
parison of the POLE-mutated and wild-type genomes. Such iden-
tified feature-driven mutation signatures were compared with 
known mutation signatures using hierarchical clustering of similar-
ities in the 96 trinucleotide frequencies. 

Mutation signatures representing HR deficiency and tumor 
hypoxia 
Three HR deficiency-representing scores of the number telomeric 
allelic imbalance (NtAI), large scale transition (LST), and loss of 
heterozygosity (HRD-LOH) were obtained from a previous pub-
lication [23]. Eight scores representing tumor hypoxia estimated 
from mRNA signatures were also obtained from the literature 
[24]. Two types of mutation signatures were acquired per score. 
For an example of a hypoxia score, positive and negative differen-
tial values of the trinucleotide frequencies between genomes with 
high and low hypoxia scores were obtained as hypoxia- and nor-
moxia-representing mutation signatures. To estimate the mutation 
signature levels using two signatures for each genome score, we 
employed metagene projection, where the positive linear combi-
nation of the two mutation signatures, i.e., hypoxia and normoxia 
from a single genome score, were projected onto the normalized 

mutation frequencies across the genomes to be examined [25]. 
For metagene projection, we used Moore-Penrose generalized 
pseudoinverse with the ginv function of the R MASS library (ver-
sion 7.3–51.4) as previously described [26].  

Results  

Genomic features associated with TMB across cancer 
genomes 
To identify potential genomic covariates of TMB, we performed a 
PanCancer-scale correlative analysis with systematic genomic fea-
tures, such as tumor purity and ploidy for 9,857 TCGA cases. 
First, we observed that the log-transformed TMB was inversely 
correlated with tumor purity (r =  –0.118) (Fig. 1A and 1B). We 
previously showed that the tumor purity represents a surrogate 
marker for the level of tumor-infiltrating immune cells, including 
cytotoxic T cells [27], and the observed purity-TMB relationship 
may reflect the association between the level of tumor-infiltrating 
immune cells and TMB. We also observed that TMB was positive-
ly correlated with the level of aneuploidy, i.e., TMB was correlated 
with tumor ploidy (r =  0.161) (Fig. 1C and 1D) and also with the 
number of dosage-imbalanced copy number segments (r =  0.291) 
(Fig. 1E). These relationships have been previously reported 
[19,28], including the presence of a unique subset of tumors 
showing depletion of the copy number segments and an elevated 
mutation rate [7], a majority of which represented microsatellite 
instability-high or high microsatellite instability (MSI-H) genomes 
(red dots in Fig. 1E). 

To assess the feasibility whereby the multi-omics dataset, in-
cluding expression data, can be exploited to support the previously 
established relationship, we evaluated MLH1, whose promoter 
methylation, along with transcriptional downregulation are fre-
quently observed in MSI-H genomes. Fig. 1F and 1G show the in-
verse and positive correlation of MLH1 methylation and transcript 
levels with TMB (r =  –0.349 and r =  0.339, respectively). This 
finding is consistent with a previous study that reported the DNA 
promoter methylation of MLH1 was a major somatic mechanism 
and resulted in transcriptional downregulation leading to MMRd 
[29]. We also evaluated APOBEC3A, whose cytidine deaminase 
activity is associated with a substantial number of somatic muta-
tions across multiple tumor types [14,30] (Supplementary Fig. 1). 
In contrast to MLH1, APOBEC3A showed a positive correlation 
with its transcript levels and TMB; however, the level of methyla-
tion of APOBEC3A was inversely correlated with TMB, suggesting 
that the transcript levels are controlled, at least to some extent, by 
promoter methylation levels as potential transcriptional regulators. 
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We also performed GSEA to identify molecular functions asso-
ciated with the TMB (Supplementary Tables 1 and 2). The genes 
whose expression levels are positively or inversely correlated with 
TMB were enriched corresponded to cell-cycle and ion transport 
functions, respectively. Cell cycle-related replication stress is 
known to be a potential cause of mutations [31] and the transcrip-
tional activation of cell-cycle-related genes may be related to the 
number of cell cycles of cancer stem cells. However, given that the 
TMB represents an admixture of mutations resulting from varying 
mutagenic or repair processes, the correlative analysis of TMB is 
limited in identifying the specific causal genes or mechanisms. 

Mutation signature correlative analyses for DNA DDR genes 
The deconvolution-based, mutation signature level represents the 
relative contribution and activity levels of specific mutagenic or re-
pair processes and may be a more appropriate resource for correla-
tive analyses. For known mutation signatures, we obtained 30 mu-

tation signatures (Sanger ver. 2 mutation signatures, annotated 
Sig.#1–Sig.#30). For PanCancer tumor specimens, we estimated 
the relative contribution or signature levels of 30 known mutation 
signatures [21] and performed correlative analyses with the ex-
pression level of 254 genes belonging to the DDR pathway [22]. 
The distribution of PanCancer-scale correlation levels for 30 
known mutation signatures are shown for gene expression and 
promoter methylation levels of the DDR genes, respectively (Fig. 
2A and 2B). As expected, the lowest level of correlation with gene 
expression of MLH1 (r =  –0.551) (arrow in Fig. 2A) and the sec-
ond-highest level of correlation with promoter methylation of 
MLH1 (r =  0.233) (arrow in Fig. 2B) were observed with Sig.#6 
levels representing MMRd. The correlation levels for individual 
mutation signatures with DDR gene expression and promoter 
methylation are available in Supplementary Tables 3 and 4.  

In addition to MLH1, a substantial level of inverse correlations 
were observed for certain DDR gene expression and mutation sig-

Fig. 1. The relationship between tumor mutation burden (TMB) and other genomic features. (A) A scatter plot shows the inverse correlation 
between log2-transformed TMB and tumor purity. (B) TMB is shown for three equal-sized tumor bins (low-moderate-high tumor purity). 
(C, D) The positive correlation between TMB and tumor ploidy levels. (E) A scatter plot shows the positive correlation between TMB and the 
number of dosage-imbalance segments. Red dots indicate tumors with high microsatellite instability. (F, G) TMBs are shown against the 
expression level of MLH1 and the level of promoter methylation of MLH1.
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nature pairs, such as NHEJ1-Sig.#2 (r =  –0.221, 1st ranked in 
Sig.#2) (Fig. 2A) and BRCA1-Sig.#3 (r =  –0.224, 1st ranked in 
Sig.#3) (Fig. 2A), suggesting that their deficiency may give rise to 
mutations belonging to the corresponding mutation signatures. 
The association between BRCA loss and Sig.#3 representing HR 
deficiency has been well documented [15]; however, the associa-
tion between NHEJ1 that encodes essential DNA repair factors 
mediating non-homologous end-joining (NHEJ) with Sig.#2 is 
not well known. Furthermore, NHEJ1 expression was also nega-
tively associated with the level of Sig.#13 (r =  –0.212, 1st ranked 
in Sig.#13) (Fig. 2A), which is similar to Sig.#2 in potential causali-
ty and nucleotide composition [10]. Hierarchical clustering of 

joint profiles of mutation signature levels and DDR gene expres-
sion also highlights the association between NHEJ1 and Sig.#2/
Sig.#13 (Supplementary Fig. 2). Since no substantial level of cor-
relation between NHEJ1 and APOBEC3A was noted, we classi-
fied the genomes into four classes according to the median expres-
sion of two genes (APOBEC3A-high/low and NHEJ1-high/low) 
and the Sig.#2 levels are shown against four classes (Fig. 2C). Ge-
nomes with low expression levels of APOBEC3A were almost de-
void of Sig.#2 levels, regardless of NHEJ1 expression levels. How-
ever, the APOBEC3A-expressing genomes were further discrimi-
nated into two classes according to NHEJ1 expression levels with 
significant differences in the Sig.#2 levels (A-hi, N-hi vs. A-hi, N-lo, 

Fig. 2. Correlative analysis of mutation levels with the damage and repair (DDR) gene. (A) The levels of 30 mutation signatures were 
correlated with the expression of 250 DDR genes. The Y-axiss shows the correlation, with arrows for selected genes (ALKBH3, BRCA1, 
MLH1, and NHEJ1). (B) The correlation between the 30 mutation signature levels and DDR gene promoter methylation levels. (C) A scatter 
plot shows the expression level of APOBEC3A and NHEJ1 (log-scaled). The cancer genomes were discriminated into four classes using the 
median APOBEC3A and NHEJ1 expression (shown by red lines). (D) A significant difference was observed in the Sig.#2 levels of those with 
or without NHEJ1 deficiency only for APOBEC3A overexpression (p = 2.6e-26; t-test). (E) A scatter plot shows the distribution of ALKBH3 
expression (x-axis; log2-scaled) and MLH1 expression (y-axis; log2-scaled). Red dots indicate the high microsatellite instability cases. (F) A 
significant difference was identified for the Sig.#6 levels between those with or without ALKBH3 deficiency (p = 1.04e-12; t-test) only with 
MLH1 deficiency.
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p =  2.6e-26; t-test) (Fig. 2D). 
These findings suggest that NEHJ1 deficiency alone does not 

contribute to Sig.#2 mutations without APOBEC3A activity; 
however, an NHEJ1 deficiency may potentiate the mutagenic ac-
tivity of APOBEC cytidine deaminase. Given the roles of NHEJ1 
in double-strand breakage (DSB) repair [32], it is assumed that an 
NHEJ1 deficiency may pose DSB repair leaving the transient sin-
gle strand terminus open as a substrate for APOBEC mutagenesis, 
but, this hypothesis requires further investigation. 

For Sig.#6 associated with MLH1 deficiency and MMRd, we 
also observed substantial correlation with ALKBH3 expression 
and ALKHB3 promoter methylation (r =  –0.215 and r =  0.304; 
2nd and 1st ranked in Sig.#6, respectively) (Fig. 2A and 2B). The 
relationship between the methylation level of MLH1 and ALK-
BH3 and the level of Sig.#6 are illustrated in the hierarchical clus-
tering of the joint methylation profiles and mutation signature lev-
els (Supplementary Fig. 2), as well as those of the DDR gene ex-
pression profiles (Supplementary Fig. 3). The prevalent epigenetic 
modification of ALKBH3 has been recently reported [22] but its 
functional significance is largely known. The similar regulatory re-
lationship (i.e., an inverse correlation between the expression and 
methylation) of MLH1 and ALKBH3 is not simply explained by 
genomic adjacency (ALKBH3 on 11p11.2 and MLH1 on 3p22.2, 
respectively). We further classified the genomes into four classes 
according to the median expression of MLH1 and ALKBH3 (Fig. 
2E; red dots for MSI-H cases) and the Sig.#6 levels are shown 
against four classes with significant difference (p =  1.04e-12, 
t-test) (Fig. 2F). This suggests that ALKBH3 deficiency may accel-
erate the generation or accumulation of Sig.#6-consistent muta-
tions in the context of MMRd induced by MLH1 deficiency. 

Feature-driven discovery of mutation signatures 
The correlation of gene expression or other genomic features, such 
as DNA promoter methylation levels with their attributed muta-
tion signature levels, suggests that the corresponding mutation sig-
nature can be directly derived using gene-level features, such as 
mRNA expression. For example, de novo mutation signatures rep-
resenting a deficiency in DDR genes can be derived as differential 
trinucleotide frequencies between the genomes with high and low 
expression of the gene. We tested the methods for three genes 
whose transcript levels or somatic mutations were associated with 
the cognate mutation signatures—Sig.#2/APOBEC3A (high-ex-
pression), Sig.#6/MLH1 (low-expression), and Sig.#10/POLE 
(somatic mutation) (Fig. 3). The mutation signature representing 
APOBEC overactivity was derived as differential trinucleotide fre-
quencies between the genomes with high expression of APOBE-

C3A and those with low expression. The MMRd-representing sig-
nature was also inferred from the comparison of genomes with low 
MLH1 expression and those with high MLH1 expression. The ge-
nomes with POLE mutations were also compared to those with-
out POLE mutations to derive POLE-related mutation signatures. 
Since the negative contribution of mutation profiles is not biologi-
cally meaningful in terms of mutation signatures, only positive dif-
ferentials were taken into account. Fig. 3A shows three mutation 
signatures derived from 96 trinucleotide frequencies, along with 
their cognate mutation signatures (Sig.#2, Sig.#6, and Sig.#10, re-
spectively). Fig. 3B also shows that feature-driven mutation signa-
tures were segregated along with their cognate signatures in terms 
of trinucleotide frequencies. 

In addition to single gene-based mutation signature discovery, 
we further tested whether the genomic features could be used for 
the discovery of de novo mutation signatures. We first obtained 
three somatic copy number alteration (SCNA)-based scores rep-
resenting HR deficiency (NtAI, LST, and HRD-LOH) [23]. As 
expected, three HR deficiency score-driven mutation signatures 
were similar to Sig.#3 in terms of trinucleotide frequencies (Fig. 
3C) and were also segregated along with Sig.#3 in hierarchical 
clustering (Fig. 3B). Next, we further explored whether the muta-
tion signature levels estimated by metagene projection for each 
HR deficiency score were correlated with the original scores of 
HR deficiency. For each of HR deficiency scores, the positive and 
negative differential of the trinucleotide frequencies were collected 
as pairs of mutation signatures corresponding to the scores (Pos. 
and Neg. signatures, respectively). The mutation signature levels 
were estimated by metagene projection for each pair of signatures 
and then were correlated with the original scores. Fig. 3D shows 
the level of correlation. Positive (r =  0.465–0.499) and negative 
correlation (r =  –0.171 to –0.208) were observed for the corre-
sponding score pairs, suggesting that the SCNA-based HR defi-
ciency scores could be reproduced to some extents, by the muta-
tion signature levels (see Supplementary Fig. 4 for individual cor-
relations). 

Mutation signatures representing tumor hypoxia 
To further test the feasibility of using feature-driven mutation sig-
natures, we selected tumor hypoxia as one of the key tumor hall-
marks associated with poor prognosis and treatment failure of var-
ious cancers [24]. We obtained eight mRNA signature-based tu-
mor hypoxia scores from the literature and identified mutation sig-
natures by the differential trinucleotide frequencies of mutations 
between hypoxic and normoxic tumors using the hypoxia scores. 
Of note, hierarchical clustering showed that the six of the eight hy-
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poxia score-based mutation signatures showed similarities to those 
of APOBEC-related Sig.#2 and Sig.#13 (Fig. 4A). In addition, the 
hypoxia scores also showed a substantial correlation with the gene 
expression levels of APOBEC3A (Fig. 4B), suggesting that the ge-
nomic consequences of tumor hypoxia, at least for somatic muta-
tions, were mainly attributed to APOBEC activity. For eight tumor 
hypoxia scores, the resulting mutation signatures and their levels 

measured by metagene projection were substantially correlated 
with the mRNA-based hypoxia scores (Fig. 4C). This suggests 
that the impact of tumor hypoxia in terms of somatic mutations 
may have specific nucleotide predisposition on the tumor genome 
and the level of impact may be predicted by the mutation profiles 
of cancer genomes. 

Fig. 3. Feature-driven mutation signatures. (A) Bar plots show the trinucleotide frequencies of Sig.#2, Sig.#6, and Sig.#10 (left). The 
differentials of the trinucleotide frequencies are shown as potential mutation signatures. For example, the differential of trinucleotide 
frequencies between genomes with high and low expression of APOBEC3A is shown, along with those for MLH1 expression and POLE 
mutations with similar frequency distributions with their cognate mutation signatures (right). (B) A heatmap of trinucleotide frequency-
based hierarchical clustering shows that Sig.#2, Sig.#6, and Sig.#10 are segregated with mutation signatures derived from APOBEC3A 
expression, MLH1 expression, and POLE mutations, respectively. Sig.#3 were also clustered with three mutation signatures derived from 
somatic copy number alterations (SCNA)‒based scores of HR deficiency. (C) Sig.#3 shows similar trinucleotide frequency distribution 
with differentials based on three homologous recombination (HR) deficiency scores of number of telomeric allelic imbalance (NtAI), large 
scale transition (LST), and homologous recombination deficiency–loss of heterozygosity (HRD-LOH). (D) The level of mutation signatures 
derived from HR deficiency scores shows a correlation with the HR deficiency scores. The signatures with positive and negative values were 
distinguished (Pos. and Neg. signatures, respectively) and separately analyzed for their correlation with HR deficiency scores (closed and 
open bars, respectively).
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Discussion 

In this study, we performed PanCancer-scaled correlative analyses 
for the TMB and their deconvoluted mutation signatures with var-
ious genomic features, including the expression of DDR genes. We 
further proposed an analytical framework to derive feature-driven 
mutation signatures representing the genotypic or phenotypic 
variables of interest. 

TMB, a measure of the total number of mutations in a given 
cancer genome, has been recently highlighted as a biomarker for 
treatment with immune checkpoint inhibitors [5,33]. Thus, it is 
important to identify TMB-correlating genomic features. This 
study demonstrated that systematic genomic variables of cancer 
genomes, such as tumor purity, ploidy, and the level of aneuploidy, 
were correlated with TMB. But whether the observed correlation 
was due to a causal relationship or the identified genomic features 

represented confounding factors remains unknown. For the latter, 
the correlating features can be taken into account in TMB-centric 
correlative analysis, e.g., clinical benefits of high TMB for immu-
notherapy. We recently demonstrated that tumor purity was a con-
founding factor for cancer genome analyses, including the correla-
tion between TMB and the abundance of tumor-infiltrating cells 
[27]. Given the overall positive correlation between TMB and the 
level of aneuploidy, it is still possible that an underlying mecha-
nism in the cancer genome elevates both the genomic instability in 
terms of tumor ploidy and aneuploidy, along with the TMB. One 
main assumption is that the TMB of individual cancer genomes 
represents the aggregate of multiple mutagenic and DNA re-
pair-replicative processes. GSEA only revealed the universal cellu-
lar functions of the cell cycles and chromosome-related genes were 
relatively overexpressed in high-TMB tumors. This is consistent 
with a previous assumption that the number of cell cycles and 

Fig. 4. Mutation signatures of tumor hypoxia. (A) Eight mutation signatures were derived based on the mRNA-based tumor hypoxia 
scores with literature-based annotation as obtained. A heatmap is shown to demonstrate that six out of eight tumor hypoxia-representing 
mutation signatures are co-segregated with APOBEC-related Sig.#2 and Sig.#13 (open box; upper) for 96 trinucleotide contexts. Two 
hypoxia mutations were also co-segregated with Sig.#19. (B) A bar plot shows correlations between the level of APOBEC3A transcripts 
and tumor hypoxia scores. Asterisks identify six signatures co-segregated with Sig.#2 and Sig.#13 in (A). (C) Correlations are shown for the 
mutation signature levels derived from the tumor hypoxia scores and the hypoxia scores. Red and green represent the correlations for tumor 
hypoxia and normoxia scores, respectively.

A B

C

Bu
ffa

Bu
ffa

W
int

er

W
int

er

Ra
gn

um

Ra
gn

um

West

West

So
ren

sen

So
ren

sen

Elv
idg

e

Elv
idg

e

Hu

Hu

Se
ign

eu
ric

2

Se
ign

eu
ric

2

Co
rr

el
at

io
n

Co
rr

el
at

io
n

0.7

0.6

0.5

0.4

0.3

0.2

0.1

0

0.4

0.3

0.2

0.1

0

–0.1

–0.2

–0.3

https://doi.org/10.5808/gi.210478 / 11

Jeong HY et al. • Mutation signatures and TMB of cancer genomes



thus, elevated cell cycling in cancer stem cells, may be associated 
with elevated TMB [31]. However, TMB-based correlative analy-
sis hardly points to specific DNA mutagenic or repair-replicative 
processes with potential biological or clinical relevance. To cope 
with this issue, we deconvoluted the TMB into known, multiple 
mutation signatures and used their levels for the correlative analy-
ses. Here, we focused on the expression and promoter DNA meth-
ylation of 270 DDR genes belonging to nine DNA damage-re-
pair-replicative processes [22]. Along with MLH1, whose promot-
er hypermethylation and the resulting transcriptional downregula-
tion lead to somatic MSI-H genotypes and the generation of muta-
tions belonging to Sig.#6, we observed an additional relationship 
between Sig.#2-vs.-NHEJ1 deficiency and Sig.#6-vs.-ALKBH3 de-
ficiency. In both cases, deficiencies in NHEJ1 and ALKBH3 alone 
did not increase mutations corresponding to Sig.#2 or Sig.#6. In-
stead, their deficiency is effective only in the genome with APO-
BEC overactivity and MMRd, suggesting that their potential mu-
tagenic activity requires specific conditions. In addition to further 
validation, the list of DDR genes showing high levels of correlation 
may serve as potential candidates in the search of hypermutated 
cancer genomes with clinical benefits [8]. 

Currently, available mutation signature discovery methods are 
classified into two categories, e.g., those for “de novo ” mutation 
signature extraction and the others for “signature refitting” using 
known mutation signatures [34]. For the former, unsupervised 
NMF or its derivatives have been proposed to extract the de novo 
mutation signatures whose lineage specificity and potential causal 
association are investigated post hoc . However, it has been rarely 
discussed whether the mutation signatures can be derived in a su-
pervised manner directly from phenotypic or genotypic scores of 
interests and can serve as a proxy to infer original scores. To test 
the feature-driven discovery of mutation signatures, we first 
demonstrated that Sig.#2, Sig.#6, and Sig.#10, known to be associ-
ated with APOBEC overexpression, MLH1 under-expression, and 
POLE mutations, could be derived using the associated genetic 
features, e.g., the differential trinucleotide frequencies between ge-
nomes with or without the causal features. Next, we used three 
SCNA-based scores representing HR deficiency to derive three 
mutation signatures, which were similar to Sig.#3 associated with 
BRCA deficiency. Of note, the levels of mutation signatures repre-
senting HR deficiency showed a concordance with the original 
SCNA-based HR deficiency scores, suggesting that the mutation 
profiles could be used to infer the level of HR deficiency, previous-
ly done by SCNA profiles. The use of quantitative features of so-
matic mutations to assess the nature of cancer genomes has been 
largely limited to TMB. However, our study demonstrated that the 

somatic mutations identified as mutation signatures could serve as 
cancer markers. The genomic alterations associated with tumor 
hypoxia have been previously reported, such as HR deficiency 
[24] and the deficiency of TP53 [35] and RAD53 [36]. Tumor 
hypoxia has been proposed to increase the mutation rates of can-
cer genomes with the downregulation of MMR genes [37], how-
ever, the impact of tumor hypoxia on tumor mutations is not well 
understood. This study showed that the majority of tumor hypox-
ia-driven mutation signatures resembled those of the APOBEC-re-
lated signatures of Sig.#2 and Sig.#13 in terms of trinucleotide fre-
quencies. Along with the correlation between the transcript levels 
of APOBEC and tumor hypoxia scores, this observation suggests 
that tumor hypoxia is associated with APOBEC activity and that 
the somatic mutations in hypoxic tumor genomes may be largely 
attributed to the APOBEC-mediated C-to-T transitions. As in the 
case of the SCNA-driven HR deficiency scores, mRNA-based tu-
mor hypoxia scores were concordant with the mutation signatures 
levels inferred from the mutation profiles of cancer genomes. This 
indicates that the mutation profiles can be used as proxies to infer 
various cancer genome-related features for mutation signa-
ture-based analysis. Although our exploratory study requires fur-
ther validation in an extended, validation cohort, the potential of 
mutation signatures to derive cancer hallmark features, such as HR 
deficiency and tumor hypoxia, may be extended to mutation sig-
nature-based tumor markers with potential clinical relevance. 

ORCID 

Hye Young Jeong: https://orcid.org/0000-0003-3390-376X 
Jinseon Yoo: https://orcid.org/0000-0002-3210-6374 
Hyunwoo Kim: https://orcid.org/0000-0002-7943-8878 
Tae-Min Kim: https://orcid.org/0000-0002-7993-9701 
 

Authors’ Contribution 

Conceptualization: HYJ, TMK. Data curation: HYJ, TMK. For-
mal analysis: JY, HK, HYJ, TMK. Funding acquisition: TMK. 
Methodology: HYJ, TMK. Writing - original draft: HYJ, TMK. 
Writing - review & editing: HYJ, TMK, JY, HK. 

Conflicts of Interest 

No potential conflicts of interest relevant to this article were re-
ported. 

9 / 11https://doi.org/10.5808/gi.21047

Genomics & Informatics 2021;19(4):e40

http://orcid.org/0000-0003-3390-376X
http://orcid.org/0000-0002-3210-6374
http://orcid.org/0000-0002-7943-8878
http://orcid.org/0000-0002-7993-9701


Acknowledgments 

This work was supported by the Korea Health Technology R&D 
Project via the Korea Health Industry Development Institute (KH-
IDI), funded by the Ministry of Health & Welfare (HI15C3224) 
and by National Research Foundation of Korea (NRF) funded by 
the Ministry of Science and ICT (2019R1A2C2002315). 

Supplementary Materials

Supplementary data can be found with this article online at http://
www.genominfo.org.

References 

1. Meyerson M, Gabriel S, Getz G. Advances in understanding can-
cer genomes through second-generation sequencing. Nat Rev 
Genet 2010;11:685-696.  

2. Bozic I, Antal T, Ohtsuki H, Carter H, Kim D, Chen S, et al. Ac-
cumulation of driver and passenger mutations during tumor pro-
gression. Proc Natl Acad Sci U S A 2010;107:18545-18550.  

3. Hanahan D, Weinberg RA. Hallmarks of cancer: the next genera-
tion. Cell 2011;144:646-674. 

4. Le DT, Uram JN, Wang H, Bartlett BR, Kemberling H, Eyring 
AD, et al. PD-1 blockade in tumors with mismatch-repair defi-
ciency. N Engl J Med 2015;372:2509-2520. 

5. Rizvi NA, Hellmann MD, Snyder A, Kvistborg P, Makarov V, 
Havel JJ, et al. Cancer immunology: mutational landscape deter-
mines sensitivity to PD-1 blockade in non-small cell lung cancer. 
Science 2015;348:124-128. 

6. Samstein RM, Lee CH, Shoushtari AN, Hellmann MD, Shen R, 
Janjigian YY, et al. Tumor mutational load predicts survival after 
immunotherapy across multiple cancer types. Nat Genet 
2019;51:202-206. 

7. Lawrence MS, Stojanov P, Polak P, Kryukov GV, Cibulskis K, Siv-
achenko A, et al. Mutational heterogeneity in cancer and the 
search for new cancer-associated genes. Nature 2013;499:214-
218. 

8. Roberts SA, Gordenin DA. Hypermutation in human cancer ge-
nomes: footprints and mechanisms. Nat Rev Cancer 2014;14: 
786-800. 

9. Helleday T, Eshtad S, Nik-Zainal S. Mechanisms underlying mu-
tational signatures in human cancers. Nat Rev Genet 2014;15: 
585-598. 

10. Alexandrov LB, Nik-Zainal S, Wedge DC, Aparicio SA, Behjati S, 
Biankin AV, et al. Signatures of mutational processes in human 

cancer. Nature 2013;500:415-421. 
11. Pfeifer GP, Denissenko MF, Olivier M, Tretyakova N, Hecht SS, 

Hainaut P. Tobacco smoke carcinogens, DNA damage and p53 
mutations in smoking-associated cancers. Oncogene 2002;21: 
7435-7451. 

12. Pfeifer GP, You YH, Besaratinia A. Mutations induced by ultravio-
let light. Mutat Res 2005;571:19-31. 

13. Alexandrov LB, Nik-Zainal S, Wedge DC, Campbell PJ, Stratton 
MR. Deciphering signatures of mutational processes operative in 
human cancer. Cell Rep 2013;3:246-259. 

14. Burns MB, Lackey L, Carpenter MA, Rathore A, Land AM, 
Leonard B, et al. APOBEC3B is an enzymatic source of mutation 
in breast cancer. Nature 2013;494:366-370. 

15. Polak P, Kim J, Braunstein LZ, Karlic R, Haradhavala NJ, Tiao G, 
et al. A mutational signature reveals alterations underlying defi-
cient homologous recombination repair in breast cancer. Nat 
Genet 2017;49:1476-1486. 

16. Shinbrot E, Henninger EE, Weinhold N, Covington KR, Goks-
enin AY, Schultz N, et al. Exonuclease mutations in DNA poly-
merase epsilon reveal replication strand specific mutation pat-
terns and human origins of replication. Genome Res 2014;24: 
1740-1750. 

17. Supek F, Lehner B. Clustered mutation signatures reveal that er-
ror-prone DNA repair targets mutations to active genes. Cell 
2017;170:534-547. 

18. Huang KK, Jang KW, Kim S, Kim HS, Kim SM, Kwon HJ, et al. 
Exome sequencing reveals recurrent REV3L mutations in cispla-
tin-resistant squamous cell carcinoma of head and neck. Sci Rep 
2016;6:19552. 

19. Taylor AM, Shih J, Ha G, Gao GF, Zhang X, Berger AC, et al. Ge-
nomic and functional approaches to understanding cancer aneu-
ploidy. Cancer Cell 2018;33:676-689. 

20. Subramanian A, Kuehn H, Gould J, Tamayo P, Mesirov JP. 
GSEA-P: a desktop application for Gene Set Enrichment Analy-
sis. Bioinformatics 2007;23:3251-3253. 

21. Rosenthal R, McGranahan N, Herrero J, Taylor BS, Swanton C. 
DeconstructSigs: delineating mutational processes in single tu-
mors distinguishes DNA repair deficiencies and patterns of carci-
noma evolution. Genome Biol 2016;17:31. 

22.Knijnenburg TA, Wang L, Zimmermann MT, Chambwe N, Gao 
GF, Cherniack AD, et al. Genomic and molecular landscape of 
DNA damage repair deficiency across The Cancer Genome At-
las. Cell Rep 2018;23:239-254. 

23. Marquard AM, Eklund AC, Joshi T, Krzystanek M, Favero F, 
Wang ZC, et al. Pan-cancer analysis of genomic scar signatures as-
sociated with homologous recombination deficiency suggests 

https://doi.org/10.5808/gi.2104710 / 11

Jeong HY et al. • Mutation signatures and TMB of cancer genomes

https://doi.org/10.1038/nrg2841
https://doi.org/10.1038/nrg2841
https://doi.org/10.1038/nrg2841
https://doi.org/10.1073/pnas.1010978107
https://doi.org/10.1073/pnas.1010978107
https://doi.org/10.1073/pnas.1010978107
https://doi.org/10.1016/j.cell.2011.02.013
https://doi.org/10.1016/j.cell.2011.02.013
https://www.ncbi.nlm.nih.gov/pubmed/26028255
https://www.ncbi.nlm.nih.gov/pubmed/26028255
https://www.ncbi.nlm.nih.gov/pubmed/26028255
https://doi.org/10.1126/science.aaa1348
https://doi.org/10.1126/science.aaa1348
https://doi.org/10.1126/science.aaa1348
https://doi.org/10.1126/science.aaa1348
https://doi.org/10.1038/s41588-018-0312-8
https://doi.org/10.1038/s41588-018-0312-8
https://doi.org/10.1038/s41588-018-0312-8
https://doi.org/10.1038/nature12213
https://doi.org/10.1038/nature12213
https://doi.org/10.1038/nature12213
https://doi.org/10.1038/nature12213
https://doi.org/10.1038/nrc3816
https://doi.org/10.1038/nrc3816
https://doi.org/10.1038/nrc3816
https://doi.org/10.1038/nrg3729
https://doi.org/10.1038/nrg3729
https://doi.org/10.1038/nrg3729
https://www.ncbi.nlm.nih.gov/pubmed/23945592
https://www.ncbi.nlm.nih.gov/pubmed/23945592
https://www.ncbi.nlm.nih.gov/pubmed/23945592
https://doi.org/10.1038/sj.onc.1205803
https://doi.org/10.1038/sj.onc.1205803
https://doi.org/10.1038/sj.onc.1205803
https://doi.org/10.1038/sj.onc.1205803
https://doi.org/10.1016/j.mrfmmm.2004.06.057
https://doi.org/10.1016/j.mrfmmm.2004.06.057
https://doi.org/10.1016/j.celrep.2012.12.008
https://doi.org/10.1016/j.celrep.2012.12.008
https://doi.org/10.1016/j.celrep.2012.12.008
https://doi.org/10.1038/nature11881
https://doi.org/10.1038/nature11881
https://doi.org/10.1038/nature11881
https://doi.org/10.1038/ng.3934
https://doi.org/10.1038/ng.3934
https://doi.org/10.1038/ng.3934
https://doi.org/10.1038/ng.3934
https://doi.org/10.1101/gr.174789.114
https://doi.org/10.1101/gr.174789.114
https://doi.org/10.1101/gr.174789.114
https://doi.org/10.1101/gr.174789.114
https://doi.org/10.1101/gr.174789.114
https://doi.org/10.1016/j.cell.2017.07.003
https://doi.org/10.1016/j.cell.2017.07.003
https://doi.org/10.1016/j.cell.2017.07.003
https://doi.org/10.1038/srep19552
https://doi.org/10.1038/srep19552
https://doi.org/10.1038/srep19552
https://www.ncbi.nlm.nih.gov/pubmed/29622463
https://www.ncbi.nlm.nih.gov/pubmed/29622463
https://www.ncbi.nlm.nih.gov/pubmed/29622463
https://doi.org/10.1093/bioinformatics/btm369
https://doi.org/10.1093/bioinformatics/btm369
https://doi.org/10.1093/bioinformatics/btm369
https://doi.org/10.1186/s13059-016-0893-4
https://doi.org/10.1186/s13059-016-0893-4
https://doi.org/10.1186/s13059-016-0893-4
https://doi.org/10.1186/s13059-016-0893-4
https://www.ncbi.nlm.nih.gov/pubmed/29617664
https://www.ncbi.nlm.nih.gov/pubmed/29617664
https://www.ncbi.nlm.nih.gov/pubmed/29617664
https://www.ncbi.nlm.nih.gov/pubmed/29617664
https://doi.org/10.1186/s40364-015-0033-4
https://doi.org/10.1186/s40364-015-0033-4
https://doi.org/10.1186/s40364-015-0033-4


novel indications for existing cancer drugs. Biomark Res 2015; 
3:9. 

24. Bhandari V, Hoey C, Liu LY, Lalonde E, Ray J, Livingstone J, et al. 
Molecular landmarks of tumor hypoxia across cancer types. Nat 
Genet 2019;51:308-318. 

25. Tamayo P, Scanfeld D, Ebert BL, Gillette MA, Roberts CW, Me-
sirov JP. Metagene projection for cross-platform, cross-species 
characterization of global transcriptional states. Proc Natl Acad 
Sci U S A 2007;104:5959-5964. 

26. Kim K, Jeon S, Kim TM, Jung CK. Immune gene signature delin-
eates a subclass of papillary thyroid cancer with unfavorable clini-
cal outcomes. Cancers (Basel) 2018;10:494. 

27. Rhee JK, Jung YC, Kim KR, Yoo J, Kim J, Lee YJ, et al. Impact of 
tumor purity on immune gene expression and clustering analyses 
across multiple cancer types. Cancer Immunol Res 2018;6:87-
97. 

28. Davoli T, Uno H, Wooten EC, Elledge SJ. Tumor aneuploidy cor-
relates with markers of immune evasion and with reduced re-
sponse to immunotherapy. Science 2017;355:e. aaf8399. 

29. Herman JG, Umar A, Polyak K, Graff JR, Ahuja N, Issa JP, et al. 
Incidence and functional consequences of hMLH1 promoter hy-
permethylation in colorectal carcinoma. Proc Natl Acad Sci U S 
A 1998;95:6870-6875. 

30. Roberts SA, Lawrence MS, Klimczak LJ, Grimm SA, Fargo D, 
Stojanov P, et al. An APOBEC cytidine deaminase mutagenesis 
pattern is widespread in human cancers. Nat Genet 2013;45:970-

976. 
31. Buccitelli C, Salgueiro L, Rowald K, Sotillo R, Mardin BR, Korbel 

JO. Pan-cancer analysis distinguishes transcriptional changes of 
aneuploidy from proliferation. Genome Res 2017;27:501-511. 

32. Nowarski R, Kotler M. APOBEC3 cytidine deaminases in dou-
ble-strand DNA break repair and cancer promotion. Cancer Res 
2013;73:3494-3498. 

33. Yarchoan M, Hopkins A, Jaffee EM. Tumor mutational burden 
and response rate to PD-1 inhibition. N Engl J Med 2017; 
377:2500-2501. 

34. Omichessan H, Severi G, Perduca V. Computational tools to de-
tect signatures of mutational processes in DNA from tumours: a 
review and empirical comparison of performance. PLoS One 
2019;14:e0221235. 

35. Graeber TG, Osmanian C, Jacks T, Housman DE, Koch CJ, Lowe 
SW, et al. Hypoxia-mediated selection of cells with diminished 
apoptotic potential in solid tumours. Nature 1996;379:88-91.  

36. Bindra RS, Schaffer PJ, Meng A, Woo J, Maseide K, Roth ME, et 
al. Down-regulation of Rad51 and decreased homologous re-
combination in hypoxic cancer cells. Mol Cell Biol 2004;24: 
8504-8518. 

37. Mihaylova VT, Bindra RS, Yuan J, Campisi D, Narayanan L, Jen-
sen R, et al. Decreased expression of the DNA mismatch repair 
gene Mlh1 under hypoxic stress in mammalian cells. Mol Cell 
Biol 2003;23:3265-3273. 

11 / 11https://doi.org/10.5808/gi.21047

Genomics & Informatics 2021;19(4):e40

https://doi.org/10.1186/s40364-015-0033-4
https://doi.org/10.1186/s40364-015-0033-4
https://doi.org/10.1038/s41588-018-0318-2
https://doi.org/10.1038/s41588-018-0318-2
https://doi.org/10.1038/s41588-018-0318-2
https://doi.org/10.1073/pnas.0701068104
https://doi.org/10.1073/pnas.0701068104
https://doi.org/10.1073/pnas.0701068104
https://doi.org/10.1073/pnas.0701068104
https://doi.org/10.3390/cancers10120494
https://doi.org/10.3390/cancers10120494
https://doi.org/10.3390/cancers10120494
https://doi.org/10.1158/2326-6066.cir-17-0201
https://doi.org/10.1158/2326-6066.cir-17-0201
https://doi.org/10.1158/2326-6066.cir-17-0201
https://doi.org/10.1158/2326-6066.cir-17-0201
https://doi.org/10.1126/science.aaf8399
https://doi.org/10.1126/science.aaf8399
https://doi.org/10.1126/science.aaf8399
https://doi.org/10.1073/pnas.95.12.6870
https://doi.org/10.1073/pnas.95.12.6870
https://doi.org/10.1073/pnas.95.12.6870
https://doi.org/10.1073/pnas.95.12.6870
https://doi.org/10.1038/ng.2702
https://doi.org/10.1038/ng.2702
https://doi.org/10.1038/ng.2702
https://doi.org/10.1038/ng.2702
https://doi.org/10.1101/gr.212225.116
https://doi.org/10.1101/gr.212225.116
https://doi.org/10.1101/gr.212225.116
https://doi.org/10.1158/0008-5472.can-13-0728
https://doi.org/10.1158/0008-5472.can-13-0728
https://doi.org/10.1158/0008-5472.can-13-0728
https://doi.org/10.1056/nejmc1713444
https://doi.org/10.1056/nejmc1713444
https://doi.org/10.1056/nejmc1713444
https://doi.org/10.1371/journal.pone.0221235
https://doi.org/10.1371/journal.pone.0221235
https://doi.org/10.1371/journal.pone.0221235
https://doi.org/10.1371/journal.pone.0221235
https://doi.org/10.1038/379088a0
https://doi.org/10.1038/379088a0
https://doi.org/10.1038/379088a0
https://doi.org/10.1128/mcb.24.19.8504-8518.2004
https://doi.org/10.1128/mcb.24.19.8504-8518.2004
https://doi.org/10.1128/mcb.23.9.3265-3273.2003
https://doi.org/10.1128/mcb.23.9.3265-3273.2003
https://doi.org/10.1128/mcb.23.9.3265-3273.2003
https://doi.org/10.1128/mcb.23.9.3265-3273.2003

	Introduction
	Methods
	Mutation information 
	Gene set enrichment analysis 
	Signature analysis 
	Supervised identification of mutation signatures 
	Mutation signatures representing HR deficiency and tumor hypoxia 

	Results
	Genomic features associated with TMB across cancer genomes 
	Mutation signature correlative analyses for DNA DDR genes 
	Feature-driven discovery of mutation signatures 
	Mutation signatures representing tumor hypoxia 

	Discussion
	ORCID
	Authors’ Contribution 
	Conflicts of Interest 
	Acknowledgments
	Supplementary Materials
	References

