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Abstract 

Background:  The collective of somatic mutations in a genome represents a record of mutational processes that 
have been operative in a cell. These processes can be investigated by extracting relevant mutational patterns from 
sequencing data.

Results:  Here, we present the next version of MutationalPatterns, an R/Bioconductor package, which allows in-depth 
mutational analysis of catalogues of single and double base substitutions as well as small insertions and deletions. 
Major features of the package include the possibility to perform regional mutation spectra analyses and the possibility 
to detect strand asymmetry phenomena, such as lesion segregation. On top of this, the package also contains func-
tions to determine how likely it is that a signature can cause damaging mutations (i.e., mutations that affect protein 
function). This updated package supports stricter signature refitting on known signatures in order to prevent overfit-
ting. Using simulated mutation matrices containing varied signature contributions, we showed that reliable refitting 
can be achieved even when only 50 mutations are present per signature. Additionally, we incorporated bootstrapped 
signature refitting to assess the robustness of the signature analyses. Finally, we applied the package on genome 
mutation data of cell lines in which we deleted specific DNA repair processes and on large cancer datasets, to show 
how the package can be used to generate novel biological insights.

Conclusions:  This novel version of MutationalPatterns allows for more comprehensive analyses and visualization of 
mutational patterns in order to study the underlying processes. Ultimately, in-depth mutational analyses may con-
tribute to improved biological insights in mechanisms of mutation accumulation as well as aid cancer diagnostics. 
MutationalPatterns is freely available at http://​bioco​nduct​or.​org/​packa​ges/​Mutat​ional​Patte​rns.
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Background
Mutational landscapes in the genomes of cells are the 
result of a balance between mutagenic and DNA-repair 
processes [1]. The somatic mutations that shape these 
landscapes gradually accumulate throughout life in both 

healthy and malignant cells [2, 3]. As a result, the com-
plete collection of somatic mutations in the genome of a 
cell forms a record of the mutational processes that have 
been active throughout the life of that cell. In-depth anal-
yses of somatic mutations can allow us to better under-
stand the mutational processes that caused them [4].

First, such analyses can provide insight into the etiol-
ogy of cancer by identifying mutagenic exposures, which 
ultimately contribute to the accumulation of cancer 
driving mutations. For example, we recently identified 
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a mutational pattern caused by a carcinogenic strain 
of Escherichia coli found in the gut of ~ 20% of healthy 
individuals [5]. This pattern matched mutations found 
in colorectal cancer driver genes, indicating a direct 
role in tumorigenesis. Mutational patterns have been 
systematically determined in  vitro for many environ-
mental mutagenic agents, which can be used to deduce 
cancer causes [6]. The effects of such agents can also 
be found in vivo. For example, we recently found muta-
tions caused by exposure to the antiviral drug ganciclovir, 
which patients received to treat a viral infection after a 
hematopoietic stem cell transplant [7]. Second, studying 
mutational processes can be useful for improved cancer 
diagnostics. For example, the presence of certain muta-
tional signatures can be used as a functional readout for 
deficiency of homologous recombination (HR)-mediated 
double strand break repair [8, 9]. Cancers with a defect in 
this repair pathway are selectively sensitive to poly(ADP-
ribose) polymerase (PARP) inhibitors, providing a tar-
geted therapy for the patients [10, 11].

One of the most popular tools to analyze somatic muta-
tion profiles is the R/Bioconductor package Mutational-
Patterns (v1.4.3), which can be used to easily investigate 
mutation spectra [12–19]. It can also be used to iden-
tify new signatures in mutation data using Nonnegative 
Matrix Factorization (NMF) and to determine the contri-
bution of previously defined signatures to a sample using 
a method known as “signature refitting” [4]. However, the 
original version of this package has several limitations. 
First, the package is limited to single base substitutions 
(SBSs) and cannot be used for small insertions and dele-
tions (indels) or double base substitutions (DBSs) even 
though signatures for these mutation types have recently 
been identified in large pan-cancer sequencing efforts 
[13]. The package also suffers from signature overfitting 
when determining the contribution of known patterns to 
a sample, which can result in too many signatures being 
attributed [20]. Additionally, the package only allows for 
analyzing spectra for mutations in the entire genome, 
making it difficult to study the involvement of specific 
genomic elements, such as enhancers or secondary hair-
pin structures. The ability to investigate the role of such 
elements in mutation accumulation is important, because 
this allows for identifying the molecular mechanisms by 
which certain processes induce mutagenesis [21–23].

Here we present a novel, almost completely rewritten 
version of MutationalPatterns (v3.4.0) for the analysis of 
mutational processes, which is easy-to-use and contains 
many new features, such as DNA lesion segregation [24]. 
Existing features have also been improved, resulting in a 
very comprehensive package that can be used for both 
basic and more advanced mutational pattern analyses. 
MutationalPatterns (v3.4.0) supports DBSs, multi base 

substitutions (MBSs) and indels, and can automatically 
extract all these mutation types from a single variant call 
format (VCF) file. The package can generate region spe-
cific spectra and signature contributions to study the var-
ying activities of mutational processes across the genome. 
The package also generates more accurate results by 
supporting stricter signature refitting. This refitting can 
also be bootstrapped to determine the confidence of the 
results. Additionally, a process known as lesion segrega-
tion can be investigated.

The MutationalPatterns package (v3.4.0) can be used to 
generate novel biological insights, which we demonstrate 
by applying it to whole genome sequencing (WGS) data 
obtained from a lymphoblastoid cell line, in which spe-
cific DNA repair processes were deleted using CRISPR-
Cas9 genome editing, as well as by applying the package 
on large cancer datasets. Additionally, we demonstrate 
that the package scales well on these large datasets. 
Finally, we show the improved accuracy of the stricter 
signature refitting using simulated data.

Implementation
Mutation profiles
MutationalPatterns uses mutations as its input data, 
which can be loaded into R from VCF files with the 
“read_vcfs_as_granges” function. MutationalPatterns 
(v3.4.0) supports SBSs, DBSs, MBSs and indels, whereas 
the original version only supported SBSs. Multiple muta-
tion types are allowed to be present in a single VCF file 
so that users do not have to split them beforehand. A 
specific mutation type can be selected as an argument of 
the “read_vcfs_as_granges” function when reading in the 
VCF files. Alternatively, the “get_mut_type” function can 
be used on data that is already loaded in memory.

DBS and MBS variants can be called by various vari-
ant callers, such as the Genome Analysis ToolKit (GATK) 
Mutect2, in two different ways [25]. The variants can be 
called explicitly as DBS and MBS variants or as neighbor-
ing SBSs. A downside of the first approach is that neigh-
boring germline and somatic mutations can be called as 
a single combined DBS or MBS, because the variants are 
compared to the reference instead of the control sample. 
MutationalPatterns (v3.4.0) supports both approaches. 
When the second approach is used, neighboring SBSs 
will be merged into somatic DBS or MBS variants.

Because they get merged, DBS and MBS variants are no 
longer incorrectly identified as separate SBSs by Muta-
tionalPatterns (v3.4.0). This improves the quality of the 
SBS profiles, as DBS and MBS mutations often have a 
very different context on account of them being caused 
by different processes [13] (Additional file 1: Fig. S1).

The contexts of SBS, indel and DBS variants, as defined 
by the Catalogue of Somatic Mutations in Cancer 
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(COSMIC) can be retrieved with fast vectorized func-
tions, namely “mut_context”, “get_indel_context” and 
“get_dbs_context”. The context of SBS variants consisted 
of its direct 5′ and 3′ bases in the original package. These 
contexts were chosen because they are generally the most 
informative and adding more bases drastically increases 
the feature space, leading to sparsity [4]. Indeed, add-
ing only one extra base to both the upstream and down-
stream context increases the number of features from 
96 to 1536. However, with the increasing availability of 
large sequencing cohorts such large feature spaces have 
become more manageable, making it easier to examine 
nucleotide preference more upstream or downstream of 
the mutated base. Therefore, MutationalPatterns’ users 
can now choose any context size for SBSs.

The mutation contexts can be used for custom analy-
ses. Alternatively, the number of mutations per context 
can be counted, resulting in a count matrix, where each 
row is a context and each column a sample. These matri-
ces are created with the “mut_matrix”, “mut_matrix_
stranded”, “count_indel_contexts”, “count_dbs_contexts” 
and “count_mbs_contexts” functions. The “count_mbs_
contexts” function uses the length of the MBSs, because 
to date no COSMIC consensus has been defined.

The count matrices can be plotted as spectra or profiles 
for all the mutation types (Fig. 1a, b, c). The SBS spectra 
can be displayed for the individual samples. Addition-
ally, the error bars can be displayed as standard devia-
tion, 95% confidence interval (CI) and the standard error 
of the mean. A count matrix with a larger context can be 
visualized using the new “plot_profile_heatmap” or “plot_
river” functions (Fig. 1d, Additional file 1: Fig. S2). This 
last function can be especially helpful to provide a quick 
overview of a mutation spectrum with a wider context. 
Mutation profiles can be compared using the “cos_sim_
matrix” function, which calculates the cosine similari-
ties between samples. The cosine similarity is a similarity 
score, that has a value between 0 and 1 and can be used 
to compare profiles with different amounts of muta-
tions [4]. Next to visualizing or comparing them, a count 
matrix can also be used for downstream analyses, such as 
a de novo extraction of mutational signatures. In some 
cases, it can be useful to pool multiple samples within 
a count matrix to increase statistical power. This can be 
done using the new “pool_mut_mat” function.

Region specific analyses
Mutational processes can be influenced by regional 
genomic features at multiple scales, such as chromatin 
landscape, secondary hairpin structures as well as the 
major and minor groove of the DNA [21–23]. With the 
original version of MutationalPatterns (v1.4.3), it was 
possible to test for enrichment and/or depletion of the 

mutation load in such regions, using a Poisson test. How-
ever, the package lacked the possibility to automatically 
correct for multiple testing. In addition, mutational pro-
files in genomic regions could not be easily assessed. In 
MutationalPatterns (v3.4.0), multiple testing correction 
is now automatically performed by calculating the false 
discovery rate, when testing for enrichment and deple-
tion [26]. In addition, multiple significance levels are now 
supported, which can be visualized using one or multi-
ple asterisks. Furthermore, regional mutation profiles 
can be determined in detail. This is done by first splitting 
mutations based on pre-defined genomic regions, with 
the new “split_muts_region” function, which requires a 
GRanges or GRangesList object containing chromosome 
coordinates as its input. These coordinates can be read 
into R from file types like “.txt” or “.bed” files or they can 
be directly read from databases, such as Ensembl [27]. 
This analysis can be performed for multiple samples and 
multiple types of regions at once. A user could, for exam-
ple, split a set of mutations into “promoter”, “enhancer” 
and “other” mutations.

Splitting the mutations according to different genomic 
regions results in a GRangesList containing sample/
region combinations. These combinations can be treated 
as separate samples by, for example, performing de novo 
signature analysis to identify processes that are specifi-
cally active in certain genomic regions. Knowing in which 
regions a signature is predominantly present, can lead to 
a better understanding of its etiology. Instead of treating 
the sample/region combinations as separate samples, the 
genomic regions can also be incorporated into the muta-
tional contexts, using the new “lengthen_mut_matrix” 
function. This means that a mutational context like 
“A[C > A]A” could be split into “A[C > A]A-promoter” and 
“A[C > A]A-enhancer”. This analysis allows users to gener-
ate signatures that contain different mutation contexts in 
different genomic regions. Such signatures could be more 
specific than the regular COSMIC signatures.

Region-specific mutation spectra can be visualized with 
the new “plot_spectrum_region” function, which con-
tains the same arguments as the “plot_spectrum” func-
tion (Fig.  2a, b). In addition, region-specific 96-channel 
mutation profiles can be visualized with the new “plot_
profile_region” function, which contains the same argu-
ments as the “plot_96_profile” function (Fig. 2c). Both the 
“plot_spectrum_region” and “plot_profile_region” func-
tions contain a “mode” argument, which allows users to 
normalize for the occurrence of the different mutation 
types per sample/region combination, per sample, or not 
at all.

Instead of using pre-determined genomic regions, 
it is also possible to compare the mutation spectra of 
regions with different mutation densities. These regions 
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can be identified using the new “bin_mutation_density” 
function.

Regional mutational patterns can also be investigated 
using an unsupervised approach, which is unique to 
MutationalPatterns (v3.4.0), with the new “determine_
regional_similarity” function. This function uses a slid-
ing window approach to calculate the cosine similarity 
between the global mutation profile and the mutation 
profile of smaller genomic windows, allowing for the 
unbiased identification of regions with a mutation pro-
file, that differs from the rest of the genome. Users can 
correct for the oligonucleotide frequency of the genomic 
windows using the “oligo_correction” argument. The 
function returns an S4 object, containing the genomic 
windows with their associated cosine similarities and the 
settings used to run the function. Because of the unbi-
ased approach of this function, it works best on a large 
dataset containing at least 100,000 substitutions. The 
result of this analysis can be visualized using the new 
“plot_regional_similarity” function.

Lesion segregation
Mutation spectra sometimes contain Watson versus 
Crick strand asymmetries [24]. These asymmetries can 
be the result of many DNA lesions occurring during a 
single cell cycle. If these lesions are not properly repaired 
before the next genome duplication, then the resulting 
sister chromatids will segregate into different daugh-
ter cells, which will each inherit the lesions on opposite 
strands. This process is known as lesion segregation [24]. 
The presence of lesion segregation in mutation data can 
be calculated with the new “calculate_lesion_segregation” 
function. This calculation can be done for all mutations 
together or separately for the different mutation contexts. 
The results can be visualized using the “plot_lesion_seg-
regation” function (Fig. 2d, Additional file 1: Fig. S3).

Mutational signature analysis
When performing signature analyses, it is possible to 
either extract novel signatures using NMF, which is a 
type of dimensionality reduction [4], or to fit previously 
defined signatures to a mutation count matrix (signature 
refitting), using a non-negative least-squares optimiza-
tion approach [28]. Both approaches could be applied on 

SBSs using the original MutationalPatterns (v1.4.3). With 
MutationalPatterns (v3.4.0), these approaches can be 
applied on all mutation types. By combining count matri-
ces of different types, it is even possible to create a com-
posite signature.

MutationalPatterns (v3.4.0) supports a variational 
Bayesian (Bayes) NMF algorithm from the ccfindR pack-
age to help choose the optimal number of signatures, in 
addition to the regular NMF algorithm [29] (Additional 
file  1: Fig. S4). One challenge with de novo signature 
extraction is that extracted signatures can be very simi-
lar to previously defined signatures with known etiol-
ogy. With the new “rename_nmf_signatures” function, 
these extracted signatures can be identified using cosine 
similarity scores and their names can be changed from an 
arbitrary naming to a custom naming that reflects their 
similarity to these previously defined signatures.

The original MutationalPatterns package already con-
tained the “fit_to_signatures” function, which finds the 
optimal combination of signatures to reconstruct a pro-
file and calculates a reconstructed profile based on this 
combination of signatures. However, this approach could 
lead to too many signatures being used to explain the 
data [20]. One simple method to reduce this overfitting, 
which was used in the vignette of the previous version 
of MutationalPatterns (v1.4.3), is to remove all signa-
tures with less than 10 mutations. However, this method, 
which we will call “regular_10+”, only reduced overfitting 
slightly. To reduce overfitting, we introduce the new “fit_
to_signatures_strict” function. The default backwards 
selection method of this function iteratively refits a set of 
signatures to the data, each time removing the signature 
with the lowest contribution. During each iteration the 
cosine similarity between the original and reconstructed 
profile is calculated. The iteration process stops when 
the change in cosine similarity between two iterations is 
bigger than the user-specified “max_delta” cutoff (Addi-
tional file 1: Fig. S5). Users can set the “max_delta” cutoff 
based on their desired sensitivity and specificity. Stricter 
refitting, with this method, is comparable to a previously 
described approach and results in less signatures being 
chosen when tested on mutation data obtained from cell 
lines that lack specific DNA repair pathways (Fig. 3a, b; 
see Additional  file  2) [13]. The “fit_to_signatures_strict” 

Fig. 1  Mutation profiles can be made for multiple mutation types. a Relative contribution of the indicated mutation types to the point mutation 
spectrum. Bars depict the mean relative contribution of each mutation type over all the samples and error bars indicate the 95% confidence 
interval. The dots show the relative contributions of the individual samples. The total number of somatic point mutations per tissue is indicated. b 
Absolute contribution of the indicated mutation types to the indel spectrum for the wild-type (WT) and MSH2 knockout. The total number of indels 
per sample is indicated. c Absolute contribution of the indicated mutation types to the DBS spectrum for the wild-type (WT) and XPC knockout. The 
total number of DBSs per sample is indicated. d Heatmap depicting the relative contribution of the indicated mutation types and the surrounding 
bases to the point mutation spectrum for the WT and MSH2 knockout. The total number of somatic point mutations per tissue is indicated

(See figure on next page.)
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Fig. 1  (See legend on previous page.)



Page 6 of 18Manders et al. BMC Genomics          (2022) 23:134 

function also has a best subset selection approach. This 
method works similarly to the backwards selection 
approach. However, instead of removing the signature 
with the lowest contribution, each combination of x sig-
natures is tried. This includes signatures that were not 
included in a previous iteration. Here, x is the number 
of signatures used during refitting, which is reduced by 
one in each iteration step. By default, “fit_to_signatures_
strict” uses the backwards selection method, because 
the best subset method becomes very slow when fitting 
against more than 10–15 signatures. Therefore, we used 
the backwards selection method for all “strict” signature 
refitting analyses in the rest of this manuscript. Another 
way to reduce overfitting is to only use signatures that 
are known to be potentially active in your tissue/cells of 
interest. We recommend using this method in combina-
tion with “fit_to_signatures_strict” for optimal results.

In addition to estimating contributions of signatures 
to mutation spectra, it is also vital to know how confi-
dent these contributions are. The confidence of signature 
contributions can be determined using a bootstrapping 
approach with the new “fit_to_signatures_bootstrapped” 
function, which can use both the strict and the regular 
refitting methods. Its output can be visualized in multiple 
ways using the “plot_bootstrapped_contribution” func-
tion (Fig. 3c, Additional file 1: Fig. S6). The signature con-
tributions can be correlated between signatures across 
the different bootstrap iterations. This correlation can be 
visualized using the “plot_correlation_bootstrap” func-
tion (Fig. 3d). A negative correlation between two signa-
tures means that each signature had a high contribution 
in iterations in which the other had a low contribution, 
which can occur when the refitting process has difficulty 
distinguishing between two similar signatures. One sim-
ple way to deal with highly similar signatures is to merge 
them. This can be done using the new “merge_signatures” 
function.

To test the accuracy of signature analysis, the cosine 
similarity between the reconstructed and original muta-
tion profile needs to be determined. A high cosine simi-
larity between the reconstructed and original profile 
indicates that the used signatures can explain the original 
spectrum well. This comparison between reconstructed 

and original mutation profiles can be visualized with the 
new “plot_original_vs_reconstructed” function (Fig. 3e).

In order to perform refitting, a matrix is required of the 
predefined signatures. Signature matrices of COSMIC 
(v3.1 + v3.2), SIGNAL (v1) and SparseSignatures (v1) are 
now included in MutationalPatterns [6, 13, 15, 30]. These 
matrices include general, tissue-specific and drug expo-
sure signatures. The COSMIC matrices also include DBS 
and indel signatures, next to the standard SBS signatures. 
Signature matrices can be easily loaded using the new 
“get_known_signatures” function. By default, this func-
tion excludes several signatures from COSMIC and SIG-
NAL, because they are possible sequencing artefacts [13]. 
Users can choose to include these signatures, for example 
to check the quality of their data.

Signature‑specific damaging potential analysis
Some signatures are more likely than others to have 
functional effects by causing premature stop codons 
(“stop gain”), splice site mutations or missense muta-
tions, because of sequence specificity underlying these 
changes. With MutationalPatterns (v3.4.0) it is now pos-
sible to analyze how likely it is for a signature to either 
cause “stop gain”, “missense”, “synonymous” or “splice 
site” mutations for a set of genes of interest. For this anal-
ysis to be performed, the potential damage first needs to 
be calculated per mutational context, with the “context_
potential_damage_analysis” function. Next, the potential 
damage per context is combined using a weighted sum 
to calculate the potential damage per signature using 
the “signature_potential_damage_analysis” function. The 
potential damage per signature is also normalized using 
a “hypothetical” flat signature, which contains the same 
weight for each mutation context.

This analysis will only take mutational contexts into 
account. Other features, such as open/closed chroma-
tin, are not considered, because they vary per tissue type. 
However, this analysis can still give an indication of how 
damaging a signature might be, which could be supple-
mented by further custom analyses.

This new version of MutationalPatterns (v.3.4.0) also 
comes with many smaller updates and bugfixes. A com-
prehensive list can be found in Additional file 3: Table S1.

(See figure on next page.)
Fig. 2  Regional spectra show differences between genomic regions. a Relative contribution of the indicated mutation types to the point mutation 
spectrum split between exons and the rest of the genome for each sample. The number of substitutions in each sample is indicated at the top 
of the figure. b Relative contribution of the indicated mutation types to the point mutation spectrum split between early-, intermediate-, and 
late-replicating DNA for each sample. The number of substitutions in each sample is indicated at the top of the figure. c Relative contribution of 
each trinucleotide change to the point mutation spectrum split between early- intermediate and late-replicating DNA for each sample. d A jitter 
plot depicting the presence of lesion segregation for each sample per chromosome. Each dot depicts a single base substitution. Any C > N or T > N 
is shown as a “+” strand mutation, while G > N and A > N mutations are shown on the “-“ strand. The x-axis shows the position of the mutations. The 
horizontal lines are calculated as the mean of the “+“ and “-“ strand, where “+“ equals 1 and “-” equals 0. They indicate per chromosome on which 
strand most of the mutations are located. The mutations were downsampled to 33% to reduce the file size
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Fig. 2  (See legend on previous page.)
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Results
Extended mutation context analysis and regional 
mutational patterns
To demonstrate the importance of analyzing extended 
mutation contexts, regional mutational patterns and 
lesion segregation for characterizing the underlying 
mutagenic processes, we applied MutationalPatterns 
(v3.4.0) to three published mutation datasets. First, we 
ran MutationalPatterns on 276 melanoma samples from 
the Hartwig Medical Foundation (HMF) database. After 
pooling these samples, we observed that TT[C > T]CT 
mutations are the most common type of substitution 
(Fig. 4a, Additional file 1: Fig. S7). This substitution type 
is more common than other T[C > T]C substitutions, 
showing that the extended context has a large effect. 
Next, we compared the mutation patterns of the mela-
noma samples between the different genomic regions 
classified by the Ensembl regulatory build [32]. Interest-
ingly, these patterns are very similar, suggesting that the 
epigenetic state of melanoma samples does not have a 
large effect on the types of mutations that occur in them 
(Fig. 4b).

Next, to show how MutationalPatterns (v3.4.0) can be 
used to identify regional activity of specific mutation pro-
cesses in an unsupervised manner, we applied the pack-
age on 217 pooled pediatric B-cell Acute lymphoblastic 
leukemia (B-ALL) WGS samples [33]. These B-cell-
derived leukemias have undergone VDJ recombination, 
which is associated with somatic hypermutation at loci 
encoding for immunoglobulin [34, 35]. As somatic hyper-
mutation is associated with a specific signature, these 
sites were expected to have a mutation spectrum that 
is different from the rest of the genome. Indeed, Muta-
tionalPatterns (v3.4.0) was able to detect a different spec-
trum for the two VDJ regions, located on chromosomes 
2 and 14 (Fig. 4c). Some other regions also seem to have 
a different mutational pattern, several of which contain 
PCDH genes. However, further research is needed to 
explain these results. This example shows how Mutation-
alPatterns (v3.4.0) can identify region-specific mutational 
processes in an unsupervised manner.

Finally, to show how MutationalPatterns (v3.4.0) can 
identify lesion segregation, we applied it on a dataset 
known to contain this phenomenon. We found signifi-
cant lesion segregation (fdr = 4.41*10− 116, 3.51*10− 59 and 
8.83*10− 99, respectively) in data obtained from 3 samples 

of induced pluripotent stem cells treated with 0.109 uM 
of dibenz[a,h]anthracene diol-epoxide [6, 24], using 
the “plot_lesion_segregation” function of Mutational-
Patterns (Fig. 2d). The rl20, which is a measure of lesion 
segregation, of these three samples was 22, 10 and 23, 
respectively. A value larger than 5 indicates the presence 
of lesion segregation [24]. It was even possible to spot 
sister-chromatid-exchange events, such as on chromo-
some 2 of sample MSM0.103_s6 (Fig. 2d, lower panel). To 
reduce the file size of the figure, 66% of the mutations of 
each sample were removed using the “downsample” argu-
ment of this function. Using MutationalPatterns (v3.4.0), 
we also found lesion segregation in patients that received 
the antiviral drug ganciclovir [7].

MutationalPatterns offers more functionality than other 
mutation analysis tools
An overview of the functions of MutationalPatterns 
(v3.4.0) and related tools is shown in Table 1. The original 
version of MutationalPatterns (v1.4.3) is also included in 
this table. An important advantage of the original pack-
age was that it combined many mutational analyses into a 
single package. This new version improves many of these 
features and adds many new and unique features.

Mutation matrices can be generated faster
To make MutationalPatterns (v3.4.0) scalable to large 
cancer datasets and suitable for interactive analysis we 
improved the runtime of the “mut_matrix” and “mut_
matrix_stranded” functions by vectorizing them. The 
new functions for retrieving the mutation contexts and 
generating the mutation matrices have also been writ-
ten in a vectorized way. As a result, these functions have 
O(n) or better scaling as tested on a large WGS database 
from the HMF (Additional file 1: Fig. S8) [36].

To test their improved performance, we benchmarked 
the “mut_matrix” and “mut_matrix_stranded” functions 
on the example data provided in the previous version 
of MutationalPatterns (Additional file  1: Fig. S9). These 
functions are now respectively 3.4 and 2.6 times as fast 
on average. In other words, a mutation matrix for 1 mil-
lion SBSs can now be made in only 135 s on a laptop, 
which makes these functions suitable for large cancer 
datasets.

Fig. 3  Signature refitting is improved. a Absolute contribution of each mutational signature for each sample using “regular” signature refitting 
and b “strict” signature refitting. c Dot plot showing the contribution of each mutational signature for each sample using bootstrapped signature 
refitting. The colour of a dot indicates the fraction of bootstrap iterations in which a signature contributed to a sample. The size indicates the mean 
number of contributing mutations across bootstrap iterations in which the contribution was not zero. d Heatmap depicting the Pearson correlation 
between signature contributions across the bootstrap iterations. e Bar graph depicting the cosine similarity between the original and reconstructed 
profiles of each sample based on signature refitting

(See figure on next page.)
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Fig. 3  (See legend on previous page.)
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Fig. 4  Large cancer datasets show extended and regional mutation patterns. a Heatmap depicting the relative contribution of the indicated 
mutation types and the surrounding bases to the point mutation spectrum for metastatic melanomas. The total number of somatic point 
mutations is indicated. Only C > T substitutions are shown, because other substitution types are much less common. b Relative contribution of 
each C > T trinucleotide change to the point mutation spectrum split between different genomic regions. c Graph depicting the similarity in the 
mutation profile between genomic windows and the rest of the genome. Each dot shows the cosine similarity between the mutation profiles of a 
single window and the rest of the genome. The dots are colored based on the sizes in mega bases of the windows. The IGK (chr2), IGH (chr14) and 
IGL (chr22) loci are visualized with vertical orange lines [31]. The width of the lines is set at 1 pt., because using the actual widths of these loci results 
in lines that are too small to be visible
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Strict signature refitting improves performance
To determine how well the strict refitting method of 
MutationalPatterns (v3.4.0) performs as compared to the 
regular method which was introduced in the original ver-
sion of the package (v1.4.3), we used simulated mutation 
matrices. These matrices were generated by sampling tri-
nucleotide changes of 4 different randomly selected sig-
natures. This process was repeated 300 times per matrix, 
to generate 300 “samples”. Each of the samples in a matrix 
contained the same number of mutations per signature 
but was composed of different signatures. The signatures 
were selected from the first 30 signatures of the COS-
MIC signature matrix. We limited our analysis to the 
first 30, because these are the signatures that are most 
often observed in cancers and therefore more accurately 
resemble real-life scenarios. In addition, this approach 
better resembles how the package is used, because users 
will often fit against a limited number of signatures asso-
ciated with a specific tissue. By limiting ourselves to the 
first 30 COSMIC signatures we also reduced overfitting. 
Any overfitting we observed was thus not caused by us 
using an unusually large signature matrix. In total we 
generated 4 matrices, each containing 300 samples. The 
number of mutations per sample was respectively 200, 
400, 2000 and 4000 for the 4 different matrices.

The fraction of correctly attributed mutations to the 
specific signatures was increased with the strict refitting 
approach of MutationalPatterns (v3.4.0) as compared to 
“regular” or “regular_10+” refitting (Additional file  1: 
Fig. S10a). All the tested refitting methods work better 
when there are more mutations per signature. Instead 
of using the number of correctly attributed mutations 
as a readout for performance, we determined whether 
the presence and absence of specific signatures was cor-
rectly classified. This readout might be more informative 
for mutational signature analysis because the presence 
of a signature can be a clinically relevant finding. The 
strict refitting method achieved a much higher precision 
than the original methods, while retaining a high correct 
recall rate (sensitivity) (Additional file 1: Fig. S10b). The 
strict method obtained an area under the curve (AUC) 
of 0.925, even when only 50 mutations were present per 
signature, indicating that refitting can be performed on 
relatively small amounts of mutations.

SBS10a and SBS18 have a high damage potential
We applied the “signature_potential_damage_analy-
sis” function on the COSMIC signatures. This analysis 
showed that SBS10a and SBS18 are respectively 3.6 and 
2.0 times as likely to cause a “stop gain” mutation com-
pared to a completely flat signature, containing the same 

weight for each mutation context, on a set of genes asso-
ciated with cancer (Additional file 3: Table S2, Table S3). 
SBS18 is related to oxidative stress, suggesting that this 
type of stress has a high potency of generating premature 
stop codons in genes that are recurrently associated with 
tumorigenesis [13]. In contrast, the clock-like signature 
SBS1, which also occurs in healthy cells, was 0.81 and 
0.40 times as likely to cause “stop gain” and “splice site” 
mutations, respectively, as compared to a completely flat 
hypothetical signature [2, 37] (Additional file 3: Table S2). 
The damaging potential of this ageing-related mutational 
process is thus relatively low. Overall, C > A heavy signa-
tures, like the recently identified ganciclovir signature, 
have more damage potential, because they are most likely 
to introduce a premature stop codon in an open reading 
frame [7]. Being able to quickly assess the damage poten-
tial of existing and novel signatures can be very useful to 
prioritize samples and mutagenic exposures for further 
investigation.

Applying MutationalPatterns on mutation data of DNA 
repair‑deficiencies
To illustrate the functionality of MutationalPatterns 
(v3.4.0) on real-life data and to obtain novel biological 
insights, we applied it to mutation data obtained from 
cell lines in which we deleted specific DNA repair path-
ways using CRISPR-Cas9 genome editing technology 
(Additional file  1: Fig. S11, Fig. S12, Additional file  2). 
In AHH-1 cells, a lymphoblastoid cell line, we gener-
ated bi-allelic knockout lines of MSH2, UNG and XPC by 
transfecting the cells with a plasmid containing Cas9 and 
a single gRNA against the gene of interest. By co-trans-
fection with a HPRT-targeting plasmid, we were able to 
select the transfected cells using 6-thioguanine, to which 
only HPRT-sufficient cells are sensitive. Using this pro-
tocol, no targeting vectors for each gene of interest were 
required. We analyzed somatic mutations in HPRT-only 
knockout lines as well as the combination of HPRT with 
MSH2, UNG and XPC (Additional file  2). To catalogue 
mutations that were acquired specifically in the absence 
of the targeted DNA repair gene, we used a previously 
developed method [38]. In brief, whole genome sequenc-
ing was performed on generated clones and subclones. 
By subtracting variants present in the clones from those 
in the subclones, the somatic mutations, that accumu-
lated in between the clonal steps, were determined.

The SBS profiles are shown in Additional file 1: Fig. S13. 
Interestingly, the profile observed in the MSH2 knockout 
cell line displayed a large C[C > A]T peak. When extend-
ing the sequence context surrounding the mutated base, 
the MSH2 deficiency profile showed a large TT[T > C]TT 
peak, suggesting that this extended context surrounding 
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mutated thymine residues is important for the underly-
ing mutagenic process (Fig. 1d).

Next, we examined regional mutation patterns. The 
spectra of the MSH2- and UNG- deficient cells varied 
between the exonic regions and the rest of the genome, 
which for each sample was calculated by performing 
a chi-squared test using Monte Carlo simulation on a 
mutation spectrum matrix in which we compare the 
spectra of the two different regions (Fig. 2a)(fdr = 0.0012 
and 0.0012, respectively). Their exons contained more 
C > T and less T > C mutations. The other samples did 
not show a significant difference in regional mutation 
spectra. However, when we downsampled all the sam-
ples to 227 mutations, which is the number of muta-
tions in the HPRT only knockout, no significant regional 
mutation patterns were observed in MSH2 and UNG 
knockout cells. This suggests that with this number of 
mutations insufficient statistical power was obtained 
for these analyses. Next to examining mutation profiles 
in exonic regions, we also analyzed regions with differ-
ent replication timing dynamics, using the median rep-
lication timing data from 5 B-lymphocyte cell lines from 
ENCODE (Fig. 2b, Additional file 3: Table S4) [39]. The 
spectra of MSH2 and UNG knockouts were different 
between early-, intermediate- and late-replicating DNA, 
which we calculated as described above (fdr = 0.0012 
and fdr = 0.0012, respectively). Early replicating DNA 
has more C > T and less C > A than late replicating DNA. 
These differences were still present when downsampling 
was applied (fdr = 0.0025, fdr = 0.010; chi-squared test). 
Based on these region-specific analyses, we can con-
clude that the mutational processes active in the MSH2 
and UNG knockouts show varying activities in differ-
ent regions of the genome, a result that cannot easily be 
obtained with other tools.

We also tested if any of the DNA repair knockout cells 
displayed lesion segregation, which would indicate that 
most of the mutations occurred during a single cell-cycle; 
however, this was not the case (Additional file 1: Fig. S6).

Finally, we looked at the mutational signatures in the 
knockout samples. We performed strict signature refit-
ting with a max_delta of 0.015 using version 3.1 of the 
COSMIC signatures. Signatures that were possible 
sequencing artefacts were excluded. Based on signature 
refitting, the MSH2 knockout contained contributions 
of SBS5, SBS20, SBS26 and SBS44 (Fig.  3b, c). Because 
of the bootstrapping we can be more confident in these 
results. SBS5 is a clock-like signature, with unknown 
etiology. SBS20, SBS26 and SBS44 are all associated 
with defective DNA mismatch repair in cancer muta-
tion data [13]. The UNG knockout contained contribu-
tions from SBS30, which has previously been attributed 
to deficiency of the base excision repair gene NTHL1 

[13]. The glycosylase encoded by NTHL1 is involved in 
the removal of oxidized pyrimidines from the DNA and 
therefore SBS30 likely reflects an alternative consequence 
of oxidative stress-induced mutagenesis as compared to 
SBS18. However, UNG is a glycosylase that is believed to 
remove uracil residues from the DNA [40, 41]. Therefore, 
our data suggests that SBS30 can be caused, besides oxi-
dized pyrimidines, by unremoved uracil residues. Alter-
natively, UNG may also, to a certain extent, be involved 
in the removal of oxidized pyrimidines from the DNA. 
Even though the contribution of SBS30 was relatively 
modest in the UNG knockout, it was consistently picked 
up by the bootstrapping algorithm. This observation indi-
cated that the number of mutations attributed to a sig-
nature is not necessarily related to the confidence of its 
presence, which further demonstrates the importance of 
our bootstrapping approach. Unexpectedly, the contribu-
tion of SBS30 in UNG knockout cells was negatively cor-
related with SBS2, even though their cosine similarity is 
only 0.46 (Fig. 3d). This indicates that the refitting algo-
rithm has difficulty choosing between SBS2 and SBS30. 
Such difficulties in signature selection could lead to dif-
ferent and possibly incorrect signatures being attributed 
to similar sample types. Understanding the correlation 
of estimated signature contributions between different 
signatures, which can be achieved with bootstrapping, is 
important to prevent incorrect interpretation of the data. 
The XPC knockout contained contributions from SBS8. 
The etiology of this signature is not yet known. However, 
this finding further confirms the association of SBS8 with 
nucleotide excision repair deficiency [42, 43]. Overall, the 
COSMIC signatures could explain the mutation profiles 
of most samples quite well, even when strict refitting was 
used (Fig. 3e).

Next, we studied the indel signatures in these knockout 
lines. Deletion of MSH2 resulted in an increased number 
of indels as compared to wild-type cells (Fig.  1b). Most 
of these indels were single thymine deletions in thymine 
mononucleotide repeat regions. Signature analysis indi-
cated that ID1, ID2 and ID7 contributed to the indel pat-
tern in the MSH2-deficient cells (Fig. 5a, b). Of these, ID1 
and ID2 are associated with polymerase slippage during 
DNA replication and found in large numbers in cancers 
with mismatch repair deficiency. ID7 is also associated 
with defective DNA mismatch repair, but not attrib-
uted to polymerase slippage [13]. Together these signa-
tures could explain the mutational indel profile of MSH2 
knockout cells very well (Fig. 5c), showing that Mutation-
alPatterns can perform indel signature refitting. None of 
the knockout cells displayed a strongly increased number 
of DBSs as compared to the wild-type cells (Fig. 1c).
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Discussion
The novel version of MutationalPatterns (v3.4.0) has been 
designed to be easy-to-use in such a way that both expe-
rienced bioinformaticians and wet-lab scientists with a 
limited computational background can use it. The code is 
written in the tidyverse style, which makes it more simi-
lar to natural English and therefore easier to understand 
for non-programmers. MutationalPatterns (v3.4.0) gives 
clear error messages with tips on how to solve them, in 
contrast to the default error messages in R, which can 
sometimes be cryptic. The updated vignette, accompany-
ing the package, not only explains how the functions in 
the package can be used, but also informs users on the 
pros and cons of the different analysis strategies.

Similar to the previous version of the package, plots 
are all generated using ggplot2 [44]. This allows users to 
visualize their data in highly customizable plots that can 
be easily modified. Because this feature was not readily 
apparent for many users of the original MutationalPat-
terns package (v1.4.3), we have now explicitly showed 

how to modify the elements of a plot, such as the axis and 
theme, in the vignette.

We have adopted unit testing for this version of the 
package, resulting in more than 90% code coverage. This 
will improve the stability of the package and makes it eas-
ier to maintain.

The results obtained with MutationalPatterns are influ-
enced by the quality of the variant calls that are used as 
its input. Since sequencing artefacts are generally not 
random, they can result in the detection of non-exist-
ent mutation patterns [13, 45]. Therefore, users should 
ensure that their variant calls are stringently filtered for 
high-confidence variants. Additionally, since artefacts 
can vary based on the used sequencing techniques and 
bioinformatics analyses, care should be taken when com-
paring variant calls from different sources [46].

The novel version of MutationalPatterns (v3.4.0) is 
already available on Bioconductor as an update of the 
previous version. MutationalPatterns (v3.4.0) does not 
break existing scripts and pipelines, because backwards 
incompatible changes have been kept to a minimum.

Fig. 5  Indel signatures can explain the MSH2 profile. a Relative contribution of each mutational signature for the wild-type (WT) and MSH2 samples 
using strict signature refitting. b Dot plot showing the contribution of each mutational signature for the WT and MSH2 samples using bootstrapped 
signature refitting. The color of a dot indicates the fraction of bootstrap iterations in which a signature contributed to a sample. The size indicates 
the mean number of contributing mutations across bootstrap iterations in which the contribution was not zero. c Bar graph depicting the cosine 
similarity between the original and reconstructed profiles of the WT and MSH2 samples based on signature refitting
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Conclusions
MutationalPatterns (v3.4.0) is an easy-to-use R/Biocon-
ductor package that allows in-depth analysis of a broad 
range of patterns in somatic mutation catalogues, sup-
porting single and double base substitutions as well as 
small insertions and deletions. Here, we have described 
the new and improved features of the package and shown 
how the package performs on existing cancer data sets 
and on mutation data obtained from cell lines in which 
specific DNA repair genes are deleted. These analyses 
demonstrate how the package can be used to generate 
novel biological insights.

Mutational pattern analyses have proven to be a pow-
erful approach to dissect mutational processes that have 
operated in cancer and to support treatment decision 
making in personalized medicine. Therefore, mutational 
patterns hold a great promise for improved future cancer 
diagnosis. The MutationalPatterns package can be used 
to fulfill this promise and we are confident that it will be 
embraced by the community.
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