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Abstract

Variation in the rates and characteristics of germline and somatic mutations across the genome of an organism is informative about DNA
damage and repair processes and can also shed light on aspects of organism physiology and evolution. We adapted a recently devel-
oped method for inferring somatic mutations from bulk RNA-seq data and applied it to a large collection of Arabidopsis thaliana acces-
sions. The wide range of genomic data types available for A. thaliana enabled us to investigate the relationships of multiple genomic
features with the variation in the somatic mutation rate across the genome of this model plant. We observed that late replicated regions
showed evidence of an elevated rate of somatic mutation compared to genomic regions that are replicated early. We identified tran-
scriptional strand asymmetries, consistent with the effects of transcription-coupled damage and/or repair. We also observed a negative
relationship between the inferred somatic mutation count and the H3K36me3 histone mark which is well documented in the literature of
human systems. In addition, we were able to support previous reports of an inverse relationship between inferred somatic mutation
count and guanine-cytosine content as well as a positive relationship between inferred somatic mutation count and DNA methylation

for both cytosine and noncytosine mutations.
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Introduction

In animals, mutations in somatic cells have been implicated in the
development of cancer and age-related conditions, such as neuro-
degenerative disorders (Greenman et al. 2007; Kennedy et al. 2012;
Martincorena and Campbell 2015; Vijg and Dong 2020). While ani-
mal physiology constitutes a collection of mutually interdepend-
ent systems, plants have long been understood as a series of
largely independent repeating units that can compete with one
another (Whitham and Slobodchikoff 1981). As a result, in plants,
the literature has tended to focus on the intraorganismal hypoth-
esis. This hypothesis posits that high cellular variation facilitates
intraorganismal selection enabling plant adaptation to changing
environments (Whitham and Slobodchikoff 1981), conferring, for
example, resistance to herbivores (Padovan et al. 2015) and herbi-
cides (Michel et al. 2004). In addition, in animals, owing to early
segregation of the germline, somatic mutations are not inherited
by offspring. Although not without dispute (Lanfear 2018), there
is a general consensus that plants undergo germline segregation
later in the development cycle (Whitham and Slobodchikoff
1981; Burian 2021). This implies that many somatic mutations
may occur prior to germline segregation and can, thus, be inher-
ited by progeny (Burian 2021). Under such models, somatic muta-
tions can generate important genetic variation that enables

selection both among cell lineages within individual plants and
among offspring (Burian 2021). Consequently, understanding the
rate, characteristics and effect of somatic mutations can shed
light on their relevance to both plant physiology and evolution.
Late segregation of the germline in plants offers significant ad-
vantages for the study of somatic mutation accumulation as new
leaves and new roots at the terminal branch have an equal separ-
ation age from the common embryo and therefore can be com-
pared easily to identify the number of mutations since
embryonic formation (Wanget al. 2019). Furthermore, the lifecycle
of plants like Arabidopsis thaliana is amenable to the method of
propagation by single seed descent, thereby facilitating the study
of somatic mutation accumulation almost entirely in the absence
of selection (Weng et al. 2019); this approach has been utilized re-
cently by Monroe et al. (2022) to demonstrate the relationship be-
tween epigenetic factors and (somatic) mutation accumulation in
A. thaliana and further challenge the theory of mutation as a ran-
dom process with respect to its consequences (Monroe et al. 2022).
Liu and Zhang have questioned the findings of this study citing in-
flated mutation rates owing to the inclusion of dubious mutation
candidates (Liu and Zhang 2022). Our study complements that of
Monroe et al. (2022) by adapting a recently developed method for
inferring somatic mutations from RNA-seq data (Garcia-Nieto
et al. 2019). This method, developed by Garcia-Nieto et al., which
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applies a range of computational filters to distinguish sequencing
errors, transcriptional errors and other artifacts from true somat-
icmutations, has been applied to understand variation in somatic
mutation processes across human tissues (Garcia-Nieto et al.
2019). We have adapted this method by introducing additional fil-
ters designed to eliminate further sources of artifacts, such as
polynucleotide-associated mutation candidates, thereby addres-
sing some of the cited shortcomings of the existing studies (Liu
and Zhang 2022). We applied the adapted pipeline to RNA-seq
data from 671 leaf tissue accessions from the A. thaliana 1001
Epigenomes Project (Kawakatsu et al. 2016; 1001 Genomes
Consortium 2016). Each accession pertains to multiple leaf sam-
ples from a single individual. A consistent procedure was used
for all accessions; in particular, each accession is derived from
ten rosette leaves frozen immediately prior to bolting. Using a pe-
nalized generalized linear modeling framework, we assessed the
relationships between the inferred somatic mutation count and
the rich set of genomic features available for A. thaliana, including
epigenomic and replication timing data as well as the gene expres-
sion information provided by the RNA-seq data itself. We found
that transcriptional strand, replication timing, and the presence
of certain histone marks are predictive of somatic mutation abun-
dance. Our results support and extend the recently reported re-
sults of Monroe et al. (2022), without being subject to the same
potential biases resulting from polynucleotide-associated muta-
tion candidates. Consequently, they shed further light on the gen-
omic features that influence the rate at which mutations
accumulate in plants.

Materials and methods
Data download

RNA-Seq samples were downloaded from the Sequence Read
Archive (SRA) website under accession number SRP074107 using
the sra-toolkit (Leinonen et al. 2011). The associated mdSsum
was checked for each of the individual sample runs before pro-
ceeding with analysis. These sample run FASTQ files were then
concatenated into each of their respective 671 sample accessions
using information from the associated metadata file. An imputed
VCF file (Arouisse et al. 2020) of A. thaliana strains was downloaded
from https://doi.org/10.6084/m9.figshare.11346893.v1.

RNA-seq alignment

The TAIR10 genome was indexed using the STAR aligner (Dobin
et al. 2013) genomeGenerate command. Given that the reads were
100 base pairs in length, the genomic sequence around the anno-
tated junction was specified (-sjdbOverhang 99) and owing to the
small nature of the TAIR10 genome, the indexing string was spe-
cified as 12 (-genomeSAindexNbases 12). Reads were then mapped
using the following parameters: clipping 6 bases in the 5 end
of reads (—clip5pNbases 6), requiring uniquely mapping reads
(—outFilterMultimapNmax 1), keeping reads with 10 or fewer mis-
matches (-outFilterMismatchNmax 10) and less than 10% mis-
matches of the read length that effectively mapped to genome
(—outFilterMismatchNoverLmax 0.1). After mapping, samtools (Li
et al. 2009) was used to convert the resulting SAM files to binary
format (BAM) and to index the resulting BAM files before PCR du-
plicates were removed using the approach outlined by
Garcia-Nieto et al. (2019). Coverage maps were then created with
samtools (Liet al. 2009) for all of the individual files, extracting po-
sitions with a base quality greater than a Phred score of 29 and a
coverage of 40 reads or greater.

Main somatic mutation calling pipeline

The somatic mutation procedure borrows heavily from the pipe-
line developed by Garcia-Nieto et al. (2019); what follows in this
subsection is largely analogous to their approach; however, there
are several adaptations detailed in the below.

The somatic mutation calling pipeline can be split into 3 sec-
tions after mapping. These include: (1) selecting genomic posi-
tions with two base calls, (2) removal of germline variants, and
(3) filtering out variants that are not likely to represent true som-
atic mutations.

Genomic positions selection

Genomic positions with 2 base calls were identified and extracted
from the BAM files for all nuclear and organellar chromosomes.
Only the positions for the nuclear DNA were extracted and used
for downstream analysis. Given the potential for sequence errors,
strict coverage and quality thresholds were established. These in-
cluded a coverage cutoff of 40 reads and a sequence quality
threshold equal to or greater than a Phred score of 30. In addition,
positions wherein the minor allele count was less than 6 reads
were discarded.

Removal of germline variants

With a view to further reducing the influence of false positives,
using the associated imputed VCF file (Arouisse et al. 2020), all an-
notated germline variant positions were excluded from further
analysis.

Artifact filtering

Identifying DNA variants from RNA-seq data poses some pro-
blems including the removal of false sources of somatic mutation
calls. To overcome these issues, we adapted Garcia-Nieto et al.’s
(2019) pipeline to remove potential sequencing errors, RNA editing
events, mapping errors around splice junctions, polynucleotide-
associated mutations, and other sequencing/mapping biases:

e Blacklisted regions: Data were extracted from Yu et al. (2019)
to define blacklisted regions in the TAIR10 genome. The
authors defined a blacklist of genomic regions with systemat-
ically high signal in ChIP-seq samples. These blacklisted re-
gions were converted to BED format, and somatic
mutations called within these regions were removed.

e RNA edits: RNA editing is a transcript-based layer of gene
regulation. Meng et al. (2010) conducted a study into the
RNA editing of nuclear transcripts in A. thaliana. The RNA edi-
ted positions that this group identified were mapped to the
TAIR10 genome annotation, converted to BED format and
somatic mutations called at these positions were removed.

¢ Splice junction artifacts: Splice junctions are difficult to re-
solve during mapping because a gap has to be introduced in
reads spanning a splice junction to map it to the correspond-
ing exons in the genome. Garcia-Nieto et al. (2019) observed
that the mutation rate was higher close to annotated exon
ends and it stabilized at approximately 7 bp away from the
exon end across all tissues. Hence, mutations present less
than 7 bp away from an annotated exon end were removed.
The splice junctions were identified using two different
methods: (1) using the exon boundaries present in the
TAIR10 GFF3 file and (2) using boundaries estimated using
the STAR aligner for each accession; positions that were pre-
sent within 7 base pairs to these junctions were filtered out.

¢ Sequencing errors: Further filters were included that elimi-
nated candidate mutations with a probability of sequencing
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error of at least 0.01%. This probability was calculated using
the upper tail of the binomial distribution where the number
of successes is the number of reads supporting the alternate
allele, the number of events is the coverage in that position,
and the probability of success is the conservative assumption
of P-value equal 0.001 which equals the cutoff of Phred score
30 during the first part of the pipeline.

Variant allele frequency (VAF): The study conducted by
Garcia-Nieto et al. (2019) observed an enrichment of variants
having a VAF greater than 0.9 only in mutation calls from
RNA-seq data but not from matched DNA-seq data. Using a
conservative binomial approach, we removed all candidate
mutations where Binomial(K < k; n, 0.5) > 0.05; here, k repre-
sents the accessionwise number of reads supporting a vari-
ant allele and n represents the accessionwise number of
reads supporting a variant allele or reference allele.
Effectively, this approach allowed us to filter out candidates
where the observed allele counts are consistent with a true
VAF in the vicinity 0.5 or higher (potentially corresponding
to a missed germline variant).

Further filters: For the following filters, a Mann-Whitney U
test was performed and if the P-value was less than 0.05,
the mutations were excluded. All these tests were performed
using bcftools mpileup (Danecek et al. 2021).

1) Read position bias test was applied to the positions in the
read supporting the alternate allele vs the positions sup-
porting the reference allele.
Mapping quality bias test was applied comparing map-
ping quality scores of the base calls supporting the alter-
nate allele vs the mapping quality scores of reads
supporting the reference allele.
3) Sequence quality bias test was applied comparing se-
quencing quality scores of base calls supporting the alter-
nate allele vs the scores of base calls supporting the
reference allele.
Strand quality bias test was applied comparing strand
bias of bases supporting the reference and alternate allele
5) Variant distance bias test was applied identifying low or
high mean pairwise distances between the alternate allele
positions in the reads supporting it.

N

*

Polynucleotide regions: It has been reported that poly-
nucleotide regions are a common source of error in
[llumina sequencing projects (Liu and Zhang 2022). With a
view to eliminating these kinds of errors, we filtered any re-
maining candidate mutations that were within 20 base pairs
of a run of at least seven instances of the same nucleotide
(Liu and Zhang 2022).

Repeated mutation filter: After performing the above steps
we removed any remaining candidate mutations that were
repeated (i.e. a mutation was called at the same locus) by
two or more accessions, under the assumption that these
are likely to be were missed germline variants or other arti-
facts. In particular, the method excludes variants that are ob-
served in multiple accessions provided that the variants pass
all previous filters (genomic positions selection, removal of
germline variants, prior artifact filtering, etc.).

Outliers: After repeated mutations had been removed, under
the conservative assumption that the accessions were
problematic and with a view to preventing abnormally high
mutation accessions from dominating the mutational profiles,
we further excluded any mutation candidates arising from

outlier accessions using a groupwise interquartile range ap-
proach. In particular, we partitioned the accessions into four
evenly spaced groups based on the total depth of coverage in
each accession and calculated quantiles for the number of
mutations in each group; using these groups, we excluded
from further analysis any mutations from accessions where

mg < 2?;/5’ - 1.5xIQRpg Or mg> Q;%;/)“ +1.5xIQRp (where

m, is the mutation countin accession a, QDPEQ’)
ile corresponding to the group to which accession a belongs
and IQRp, is the interquartile range corresponding to the
group to which accession a belongs); we also excluded muta-
tions belonging to an extreme-value accession forming a single-
ton group.

¢ UTR/Exon overlapping mutations: Given that the mutations
are derived from RNA-seq data, we only retained mutations
that overlap unambiguous UTR/exonic regions as per the
TAIR10 A. thaliana annotation; we define unambiguous re-
gions as UTR/exonic regions from a given gene that do not
overlap with other UTR/exonic regions from different genes.

is the pth percent-

Repeated mutation modeling

With a view to modeling repeated mutations, for each basewise lo-
cus, |, with nonzero depth of coverage in at least one accession, we
recorded the number of accessions with nonzero depth of cover-
age at locus |, ¢, and computed the sum of depths of coverage at
locus I across all accessions, d;. We then modeled the mutation
count at each locus with a Poisson distribution such that %’T”:
expla+ % log(%})) where m; corresponds to the across-accession
mutation count at locus | and a and B are model intercept and
slope parameters, respectively.

Entropy calculation

For each repeated mutation, we computed
= Yveiac.omh P(0)logp(b), where 1 is the reference allele and p(b)
denotes the probability of base b, computed as the number of ac-
cessions where the alternate allele is b divided by the total number
of accessions that the mutation appears in.

Effective gene length calculation

Given that there are more positions at which a mutation can occur
in longer genes, we included effective gene length as an offset in
our modeling approach. Specifically, to characterize effective
gene length in the genewise context, effective gene length for
gene g, by, was defined as the number of UTR/exonic positions (nu-
cleotidewise) for which there is expression and which pass all
quality filters implemented during the somatic mutation calling
phase for at least one accession. Furthermore, this calculation is
base-aware in the sense that only positions that are relevant to
the mutation type are considered in the calculation; for example,
for the C>T mutation type where the cytosine resides on the tem-
plate strand, only positions that comprise a C on the template
strand are incorporated into the computation of effective gene
length for gene g (1e bg =| UaeA,peP {p | 1]fih:ers (ga,p) = 1}' where a €
A corresponds to accession a, p € P corresponds to position p (nt)
in gene g and Tyers (Jap) is an indicator function that takes on a va-
lue of 1 when the position p in accession a passes all filters).

Normalized transcriptional depth calculation

Like effective gene length, increased depth (i.e. number of reads
overlapping a given position) increases the ability to detect somatic
variants (i.e. increased power to detect lower frequency variants). To
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account for this effect, we included the natural logarithm of the
genewise normalized depth as a control covariate in our modeling
approach. Specifically, to characterize aggregate depth in the gene-
wise context, depth for gene g, dy, was defined as the sum of the nu-
cleotidewise depths summed across all accessions and all UTR/
exonic positions corresponding to gene g. We define normalized
depth for gene g, d;, as the quotient of the unnormalized depth dg4
and effective gene length b, (i.e. ‘;—z)A As for effective gene length,
this calculation is base-aware in the sense that only positions that
are relevant to the mutation type are considered in the calculation;
for example, for the C>T mutation type where the cytosine resides
on the template strand, only positions that comprise a C on the tem-
plate strand are incorporated into the computation of depth for gene
g (Le. dj= %ZaeAypep dap X 1 fiters(9ap), Where a € A corresponds to
accession a, p € P corresponds to position p (nt) in gene g, dgq repre-
sents the unnormalized depth for position p in accession a and
1 fitters (Ja,p) 1s an indicator function that takes on a value of 1 when
the position p in accession a passes all filters).

Transcriptional strand derivation

Given that all analysis is conducted in the genewise context, we
were able to assess transcriptional strand asymmetry. All muta-
tions are characterized in the context of the six primitive muta-
tion types (C>A, C>G, C>T, T>A, T>C, T>G); as a result a
mutation is said to occur on the template strand if the associated
reference cytosine or thymine resides on the strand opposite the
gene and a mutation is said to occur on the coding strand if the as-
sociated reference cytosine or thymine resides on the same strand
as the gene. The resulting information was then supplied and pro-
cessed as detailed in the statistical modeling procedure.

Replication timing calculation

Arabidopsis thaliana replication timing data pertaining to early and
late phases were obtained from CyVerse (Concia et al. 2018;
Williams 2022). In order to characterize replication timing signal
in the genewise context, the replication timing signal for gene g
was defined as the log2 sum of the late-to-early bedGraph region
signal ratios scaled by the length of their overlap with UTR/exonic
regions of g and subsequently normalized by the sum of the
lengths of UTR/exonic regions of g (i.e. for each region r eR in
the corresponding bedGraph files for replication timing,

Ly
log, (%) where E, and L, correspond to the early and late

replication signal, respectively, at region 1, 0,4 is the length over-
lap (bp) of region r with gene g and l; is the length of gene g (nt)).

Histone mark, DNA methylation, and DNA
accessibility calculation

Histone mark distribution data for H3K14ac, H3K23ac, H3K27ac,
H3K27mel, H3K27me3, H3K36ac, H3K36me3, H3K4mel,
H3K4me2, H3K4me3, H3K56ac, H3K%ac, H3K9mel, H3K9me?2,
H4K16ac histone marks were downloaded as bigWig files from
the Plant Chromatin State Database (Liu et al. 2018). From here
we converted all bigWig files to bedGraph format using
bigWigToBedGraph (Kent et al. 2010). Characterization of histone
mark signal in the genewise context was performed in an analo-
gous way to that of replication timing. The signal of histone
mark h for gene g was defined as the sum across replicates and
across regions of the histone mark bedGraph region signals scaled
by the length of their overlap with UTR/exonic regions of g and
subsequently normalized by the sum of the lengths of UTR/exonic

regions of g (i.e.

Z - ver, . SnfrOnfrg
b reRy ¢ .
+ where sy, ¢, corresponds to the sig-

nal (normalized to lie in [0, 1]) for replicate file f € Fy, for histone
mark h at region 1 € Ry, 05,4 1S the length of the overlap (bp) of
region r for replicate file f for histone mark h with gene g and ;
is the length of gene g (nt)).

Data for DNA methylation (MeDIP) and DNA accessibility
(ATAC-seq) were also downloaded as bigWig files from the Plant
Chromatin State Database (Liu et al. 2018). From here, data were
processed as per histone mark processing above.

Statistical model specification

We model the genewise (i.e. aggregated across UTR/exonic re-
gions) count of somatic mutations using a Poisson distribution.
In particular, we model the expected count of somatic mutations
independently for each of the the six primitive mutation types
(C>A,C>G,C>T, T>A, T>C, T>G) as a function of a number covari-
ates such that for each mutation type

[E[;Zn] = exp{a + «log(dy) + [ﬂtztemplate<tn)v Xn] - [, A}

®

:>[E[mn] = bn X d:K X exp{a + [ﬂt=template (tn)v XYI] ° [)’, ﬂ]}

For this model, o, , and y represent an intercept and two covariate
coefficients respectively and B represents a vector of covariate coef-
ficients; m, represents the somatic mutation count for observation
n, b, (which acts as an offset) and d represent the effective gene
length and normalized depth for observation n respectively;
T i—template (tn) Tepresents the indicator function that takes on a value
of 1 when, for observation n, the transcriptional strand t, is the tem-
plate strand and O otherwise and X, represents a vector of
covariates for observation n including guanine-cytosine (GC) con-
tent, replication timing, DNA accessibility, DNA methylation and
the various histone marks; all of these covariates are scaled to
have zero-mean and unit variance. The structure of the model takes
into account that the number of mutations observed in a given gene
(across all accessions) is expected to increase proportionally to the
effective gene length, b,,. The model also allows for a relationship be-
tween the number of mutations observed in a given gene (across all
accessions) and the normalized depth, d}: when 0 <« < 1 (which is
the case for all the above analyses), the expected somatic mutation
count increases as a function of normalized depth (d%) but at a de-
creasing rate. We fitted the model with a cross-validation tuned
LASSO penalty (Tibshirani 1996) applied to the parameters «, v,
and B using the glmnet package (Friedman et al. 2010).

Results

Initial filtering identifies putative somatic
mutation candidates

To explore the landscape of somatic mutation in A. thaliana, we
modified a computational pipeline, developed by Garcia-Nieto
et al., designed to infer somatic mutations from human RNA-seq
data (Garcfa-Nieto et al. 2019) (see “Materials and methods”). We ap-
plied the modified pipeline to RNA-seq data derived from 671 A.
thaliana accessions from the 1001 Epigenomes Project
(Kawakatsu et al. 2016; 1001 Genomes Consortium 2016). In total,
before filtering, we identified 4,856,981 candidate mutations
across all accessions and across all mutation types; of these, fewer
than 5% (235,380, 4.85%) of candidates were retained after filter-
ing as per the initial pipeline filters (i.e. prior to removal of re-
peated mutations and removal of mutations belonging to outlier



Somatic mutations in A. thaliana | 5

”
. @
filter NI
<
'§7
& g o
s & S ¢ £ o &
g S & S & § § 5 ¢ & observed count
& F s & o L g & & count loga(—————
¢ § g ¥ § & & &£ & » & & expected count
FF 8 EsESEs o o
O < ~Q <& ~
£ & & & ¢ N ¢ ¢ ¢ >
g & & & L $ F$ S o ¥ 7 N ~ o
N
]
-y |
L]

L]
| N B

LI

L
N

]

il Inimi

BB MR

CHCHEPEpC PP EpC I ICPEDEPCOE OO e

PP OO 0 4.

(M
N
NN

CHCCCCpC PO e pC PO CCPERC IO 7, e,

PO CpCpo o

L P o e
PP oo
P e e e
LI IO

[

Fig. 1. Mutation filter intersections that each account for at least 1% of all mutation filtering.

accessions) (Fig. 1) (see “Materials and methods”). It has been re-
ported that polynucleotide regions are a common source of error
in llumina sequencing projects (Heydari et al. 2019) and this was
highlighted as a potential issue in a recent study of somatic muta-
tions in A. thaliana (Monroe et al. 2022), with the suggestion that
these data included several thousand dubious mutations located
in the vicinity of poly(A) or poly(T) tracts (Liu and Zhang 2022).
Consequently, as part of our initial filtering procedure, we supple-
mented the pipeline of Garcia-Nieto et al. (2019) with a dedicated
filter designed to remove mutations within 20 base pairs of
a run of at least seven instances of the same nucleotide (Liu
and Zhang 2022) (see “Materials and methods”). Before filtering,
282,439 candidate mutations were flagged as polynucleotide-
associated; approximately 89.59% (253,033) of these candidates
were coincident with at least one other filter flag leaving 29,406
candidates uniquely flagged by the polynucleotide-associated
mutation filter.

Somatic mutation candidates are highly recurrent
across accessions

Over 82% (193,699) of candidate mutations that passed all filters
were found in more than one accession (i.e. multi-instance)
(Fig. 2a). Similar mutation repetition was observed in the human
study performed by Garcia-Nieto et al. Garcia-Nieto et al. (2019)

accounted for this by removing all candidates that appear in at
least 4% of samples. Even after applying this filter, the rate of mu-
tation repetition between accessions is inconsistent with what we
would expect under a model of independent accumulation of
somatic mutations; a simple Poisson model (see “Materials and
methods”) suggests a positive relationship between normalized
depth of coverage and number of repetitions across accessions,
but provides a poor fit wherein expected values are consistently
less than the observed values (Fig. 2b). While the original pipeline
includes steps to remove inherited germline mutations, the high
rate at which repeated mutations were observed suggests that a
large number of inherited germline mutations may remain. Our
assertion that the set of repeated mutation candidates in our
Arabidopsis study was enriched for inherited germline mutations
is strongly supported by the observation that, of the 20,232 gen-
omic positions that were mutated in more than one accession, ap-
proximately 8% (1,524) featured multiple alternate alleles across
accessions (Fig. 2c). The alternate allele entropy across these
loci was much lower than expected by chance (mean observed en-
tropy: 0.04, expected entropy: 1.10; see “Materials and methods”)
(Fig. 2c). Given that the majority of mutations that occur in
more than one accession are likely to be unwanted artifacts (e.g.
unannotated inherited germline variants, sequencing/mapping
errors, etc.), these were removed from further consideration along
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with all mutations associated with outlier accessions (Fig. 2d) (see
“Materials and methods”).

C>T mutations are more abundant than any other
mutation type

Given that mutations can only be called at sites with nonzero
depth of coverage, we make a distinction between the annotated
gene length and effective gene length (i.e. the number of sites in
a gene with nonzero depth of coverage in at least one accession)
(see “Materials and methods”). Per gene, we observed higher effect-
ive gene lengths for T sites (i.e. sites with nonzero depth of cover-
age and a thymine on forward or reverse strand) than C sites (i.e.
sites with nonzero depth of coverage and a cytosine on forward or
reverse strand) (Fig. 3a, Table 1); this result is not unexpected gi-
ven the mean GC content of the A. thaliana transcriptome (ap-
proximately 42% as per the exons considered for analysis). The
power to detect somatic mutations from sequencing data is also
a function of the depth of coverage; we note that the per gene
log normalized depth (see “Materials and methods”) for C sites was
slightly higher than for T sites (Fig. 3b, Table 1) (i.e. normalized
for effective gene length, per gene, guanine and cytosine sites
had more overlapping reads than adenine and thymine sites).
Notwithstanding the difference in effective gene lengths for T
and C sites, C>T mutations were the most commonly observed
mutation among the six primitive mutation types (C>A, C>G,
C>T, T>A, T>C, T>G), occurring, in total, over 1.5 times more fre-
quently than the next most frequent mutation type (T>C) and
over 4 times more frequently than the least frequent mutation
type (T>G)) (Fig. 3c,d,e, Table 1).

Mutational signature profiling identifies two
mutational signatures present in the 1001
Epigenomes data

Trinucleotide mutational signatures can be predictive of environ-
mental exposures. Using a Bayesian multinomial model (Gori and
Baez-Ortega 2018), we were able to identify two mutational signa-
tures (Fig. 4). With respect to reconstruction, the identified signa-
tures produced a cosine similarity of approximately 0.58 with the
observed mutational catalog. In terms of comparison with known
mutational signatures, the two identified signatures were most
optimally mapped to SBS5 (signature 1) (0.83 cosine similarity)
and SBS40 (signature 2) (0.74) as per COSMICv3.2 (Tate et al. 2018).

Both transcriptional strand and replication timing
are associated with mutation count

We developed a penalized generalized linear modeling framework
to infer relationships between several genomic features (Fig. 5)
and somatic mutation count while accounting for the effect of
depth of coverage on mutation count (see “Materials and methods”,
Equation 1). Using this framework, we were able to identify a
positive relationship between normalized depth and expected
mutation count (Fig. 6b). We identified varying effects of tran-
scriptional strand for all six mutation types. In particular, we es-
timated positive effect sizes for C>A, C>G and T>A mutations
such that expected mutation count was higher for instances
where the cytosine/thymine was on the template strand than
when the cytosine/thymine was on the coding strand (Fig. 6c)
(Table 2); in contrast, for C>T, T>C, and T>G mutations, negative
effect sizes were estimated such that expected mutation count
was lower in cases where the cytosine/thymine was on the tem-
plate strand than when the cytosine/thymine was on the coding

strand (Fig. 6c) (Table 2). With a view to establishing the relation-
ship between replication timing and somatic mutation accumula-
tion, we included the genewise normalized replication timing
signal intensity (log2 quotient of normalised late-to-early signal)
in the modeling procedure (see “Materials and methods”). For all
six mutation types we found a positive effect, implying that later
replicated genes had higher expected mutation counts (Fig. 6¢)
(Table 2).

H3K36me3 is inversely associated with expected
mutation count for all mutation types

Chromatin modifications have been shown to influence both the
formation and repair of DNA damage in A. thaliana (Feng et al.
2017; Monroe et al. 2022). To investigate the relationship between
histone marks and somatic mutation accumulation, we incorpo-
rated the genewise normalized signal intensities for several his-
tone marks in the modeling procedure (see “Materials and
methods”, Equation 1). For all six mutation types, we observed an
inverse relationship between H3K36me3 and expected mutation
count (Fig. 6c) (Table 2). Consistent with this observation,
H3K36me3 also displayed negative partial correlation with muta-
tion count (normalized by effective gene length) conditioned on
log normalized depth of coverage for all mutation types (Fig. 6a).
While H3K4me1 exhibited a positive relationship with mutation
count for our multivariate model for all mutation types (Fig. 6¢)
(Table 2), conditioned on log normalized depth of coverage, for
all mutation types, H3K4me1 displayed negative partial correl-
ation with normalized mutation count (Fig. 6a). For all mutation
types, H3K9me1l exhibited a positive relationship with expected
mutation count (Fig. 6c) (Table 2). Again, conditioned on log nor-
malized depth of coverage, H3K9mel displayed positive partial
correlation with normalized mutation count for all mutation
types (Fig. 6a). As reported in previous studies (Monroe et al.
2022), we also observed persistent positive and negative relation-
ships with expected mutation count for H3K23ac and H3K27ac re-
spectively (Fig. 6¢) (Table 2) (Monroe et al. 2022). Also, as previously
reported, for all mutation types, GC content (negative) and DNA
methylation (positive) were both associated with expected muta-
tion count (Fig. 6¢) (Table 2) (Monroe et al. 2022).

Relationships between genomic features and
somatic mutation count are broadly conserved
across A. thaliana datasets

Monroe et al. (2022) recently published data from mutation accu-
mulation lines from four wild type populations from the north and
south of Europe. Using this data (after removing
polynucleotide-associated mutation candidates), we implemen-
ted an analogous model to that which is described above (exclud-
ing covariates for normalized depth of coverage) (see “Materials
and methods”). This analogous model estimated similar relation-
ships for many of the predictor covariates; across all mutation
type models (C>A, C>G, C>T, T>A, T>C, T>G), we found a strong
correlation between the estimated parameters for both datasets
(Pearson r=0.6730, P-value = <2.2 x 1071%; Spearman p = 0.6553,
P—value =4.657 x 1071°) (Fig. 6d).

Discussion

In this work, we have adapted an existing framework for inferring
somatic mutations from RNA-seq data. In addition to annotating
candidate somatic mutations present in the 1001 Epigenomes
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Project, we have demonstrated relationships between genomic
features such as transcriptional strand, replication timing and
multiple epigenetic modifications with expected somatic muta-
tion accumulation via a penalized generalized modeling

framework. Although we were able to establish relationships be-
tween several genomic features and mutation accumulation, it
is important to acknowledge that the 1001 Epigenomes Project is
composed of sequencing data from across many different
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Table 1. Results for effective gene length, normalized depth, and mutations for all mutation types.

Mutation Effective gene length (PG) Log normalized depth (PG) Mutations (PG) Normalized mutations (PG) Mutations (T)
C>A 501.6554 8.5612 0.0490 0.0048 994
C>G 501.6554 8.5612 0.0322 0.0033 653
C>T 501.6554 8.5612 0.1364 0.0136 2,768
T>A 658.9079 8.5183 0.0533 0.0053 1,084
T>C 658.9079 8.5183 0.0870 0.0086 1,768
>G 658.9079 8.5183 0.0320 0.0032 650

. . 3 3 — mutations.
PG, per gene; T, total; normalized mutations = Tognomalized depth-

accessions. Inferring somatic mutations from collections of dis-
tinct accessions is complicated by the presence of genetic diver-
sity across such accessions. Diversity in this context has the
potential to produce artifacts owing biological factors such as dis-
tinct germline variants as well as technical factors such as mapp-
ability issues (Kawakatsu et al. 2016; 1001 Genomes Consortium
2016). It is also worth noting that many of the predictive features
(replication timing, histone marks, etc.) are of diverse origin and
not paired to the RNA-seq samples in terms of accession or cell
type. Notwithstanding this, we note that similar approaches to
data pairing have been used recently (Monroe et al. 2022).
Finally, accessions in the 1001 Epigenomes project correspond to
natural populations and, as such, for these accessions, the effect
of selection has neither been removed nor controlled (Kawakatsu
et al. 2016; 1001 Genomes Consortium 2016).

In addition to eliminating erroneous mutation calls (sequen-
cing errors, alignment errors, RNA editing site errors, etc.), we
also endeavoured to distinguish between true somatic mutations
and other classes of bona fide mutations such as inherited germ-
line mutations and de novo mutations. We excluded all candidate
mutations overlapping annotated germline sites. Furthermore, gi-
ven that Garcia-Nieto et al. observed an enrichment of variants
with high empirical VAFs in RNA-sequencing data but not in
matched DNA-sequencing data (Garcia-Nieto et al. 2019) and gi-
ven that inherited germline and de novo variants should have a
true VAF of 0.5, we introduced a VAF filtering approach that is de-
signed to identify and remove candidate mutations whose true
VAF is not likely to be less than 0.5. Given that we are using
RNA-seq experiments to infer VAF, allele specific expression
may lead to inaccurate VAF estimates resulting in both the reten-
tion of false positives and loss of true positives.

In contrast with Garcia-Nieto et al., the original authors of
the somatic mutation calling pipeline used in this work
(Garcia-Nieto et al. 2019), we introduce a repeated mutation filter.
Although in this work we posit that there may be certain local
properties thatinfluence the somatic mutation rate in certain re-
gions of the genome (Feng et al. 2017; Monroe et al. 2022; Chen
et al. 2012), we don’t expect the effect to be as dramatic as ob-
served. Furthermore, given that true somatic mutations should,
in theory, mutate from a given reference allele to one of the other
three possible alternate alleles, we would expect higher entropy
across candidate loci than we actually observe (Weng et al. 2019).
In a previous study of somatic mutation accumulationin A. thali-
ana, the authors similarly identified the phenomenon of repeated
mutation across Arabidopsis lines propagated by single seed des-
cent (Weng et al. 2019). However, the authors dismiss the possi-
bility of mutation hotspots, and, instead, reason that their
observations are owing to accidental splitting of Arabidopsis lines
(Weng et al. 2019). Removing all somatic mutation candidates
that are called at the same loci in more than one accession in
our study dramatically reduces the final number of candidates.

In their paper, Garcia-Nieto et al. note that they inferred many
more mutations than a competing methodology designed by
Yizhak et al. (Garcia-Nieto et al. 2019; Yizhak et al. 2019). Yizhak
et al. employed a panel-of-normals approach to candidate valid-
ation in order to reduce the number of false positives inferred by
the mutation calling pipeline (Yizhak et al. 2019). Although
Garcia-Nieto et al. (2019) have endeavored to benchmark the ac-
curacy of their method, the decision to only filter out mutations
that appear in at least 4% of samples may characterize some of
the distinction between these approaches.

We observed that C>T mutations occurred more frequently
than other mutation types. It may be that the frequency of
C>T mutations is owing to ultraviolet light (UV) exposure as
it has been well documented in the literature that this muta-
tion type is induced by exposure to UV light (Brash 2015).
Furthermore, previous studies of spontaneous mutation in A.
thaliana support the theory of UV-induced increased frequency
of somatic C>T mutations (Ossowski et al. 2010). Interestingly,
very similar transcriptional profiles were identified in a recent
study of somatic mutation accumulation in human tissues
perhaps suggesting a pan-eukarya ubiquity to these profiles
(Garcia-Nieto et al. 2019).

We were able to identify the presence of two C>T heavy muta-
tional signatures in the catalog of observed mutations. Although
resembling SBS5 and SBS40 of the COSMIC database (Tate et al.
2018), the relevance of human mutational signatures to A. thaliana
should be kept in mind when interpreting these results.

Evidence of strand-based asymmetry of mutations across or-
ganisms has been extensively detailed in the literature (Lobry
1996; Haradhvala et al. 2016; Oztas et al. 2018) and has previously
been reported in A. thaliana in the context of UV-induced cyclobu-
tane pyrimidine dimers (Oztas et al. 2018). In order to determine,
more generally, the nature of transcriptionwise strand asym-
metry of somatic mutation accumulation in A. thaliana, we incor-
porated genewise strand-based information in our modeling
procedure. Specifically, the genewise template strand and coding
strand mutation counts were recorded for each mutation type fa-
cilitating the use of transcriptional status as a predictor covariate.
We observed that C>A, C>G, and T>A mutations occurred more
frequently in cases where the cytosine/thymine resided on the
template strand and that the opposite was true for C>T, T>C,
and T>G mutations. Somatic mutation accumulation at regions
that are unaffected by the transcriptional apparatus can be used
to determine a set of “control” behaviors, thereby informing on
the mutation accumulation behavior within transcribed regions
(Oztas et al. 2018); however, by definition, the coverage of
RNA-seq data is limited to transcribed regions of the genome,
and, therefore, provides no information on nontranscribed re-
glons. Given this limitation, itis difficult to determine if the asym-
metry revealed by this analysis is owing to transcription-coupled
repair (TCR), so-called “transcription-coupled damage” (i.e.
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Fig. 4. Trinucleotide mutational signature decomposition for each of the two mutational signatures identified by the Bayesian multinomial model.

damage initiating on the coding strand) or other latent factors
(Haradhvala et al. 2016). Notwithstanding this, previous results
in the literature may be leveraged to develop a hypothesis-by-
analogy; for example, in agreement with our findings, in humans,
the UV-damage associated C>T mutation has been shown to

exhibit strand asymmetry owing to TCR when the cytosine residue
is located on the template strand (Haradhvala et al. 2016).

In eukaryotes, during S-phase, DNA replication has been
shown to be a temporally regulated process (Gilbert 2010); more-
over, the order of DNA duplication has been shown to be
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predictive with respect to several cellular properties including
DNA accessibility as well as gene distribution and function (Woo
and Li 2012). Our findings suggest that the expected mutation
count increases in regions that are replicated at later stages of
the replication timing program. This kind of relationship between
replication timing and somatic mutation accumulation has been
widely documented in other organisms, and has, for example,
been identified in human cancer samples (Woo and Li 2012).
Given the nature of the data that we are working with, many of
the hypotheses developed to explain this phenomenon, such as
perturbations to the nucleotide pool (Tomkova et al. 2018), are un-
testable with our data; however, it may be that our findings are
owing to the functional composition of genes residing in latterly
replicated loci compared with their early replicated counterparts.
More specifically, when observed in other organisms, it has been
suggested that early replicating regions tend to comprise develop-
mental genes wherein malfunction of these genes can have pro-
found consequences; in contrast, latterly replicated regions have
been observed to comprise genes with tissue-specific expression
and, as a result, have less profound consequences when subject
to mutation (Woo and Li 2012). Furthermore, in A. thaliana, early
replication timing has been shown to exhibit an inverse relation-
ship with accessibility where early replicating regions tend to be
rich in euchromatin and latterly replicating regions richer in het-
erochromatin (Concia et al. 2018). Given that heterochromatin is
less accessible and, therefore, in theory, less exposed to muta-
gens, this phenomenon appears somewhat difficult to explain in
the context of mutation accumulation; however, it may be that
this inaccessibility implies that these regions are afforded less ef-
ficient DNA repair (Cann and Dellaire 2011). Interestingly, the ob-
served relationship between replication timing and mutation

value

0.5

0.0

features

count persisted when GC content was included in the modeling
procedure.

We were able to infer relationships between certain histone
modifications and expected mutation count. For example, we es-
timate an inverse relationship between H3K36me3 and expected
mutation count for all six mutation types. Ithas been documented
in the literature that H3K36me3 regulates mismatch repair in hu-
man studies (Li et al. 2013) and that reduced H3K36me3 is
associated with low DNA repair efficiency (Sun et al. 2020); further-
more, H3K36me3 has also been associated with transcription-
coupled repair in human studies (Huang et al. 2018). While we
note that H3K36me3-mediated mismatch repair in humans is fa-
cilitated by the PWWP domain in MSH6 that recognizes
H3K36me3 (Li et al. 2013), suggesting limited conservation of
mechanism, the Tudor-domain-containing plant ortholog of
MSH6 has been shown to bind H3K36me3 (Zhao et al. 2019,
2018). A recent study suggests that, in plants, MSH6’s Tudor do-
main also appears to target H3K4mel (Quiroz et al. 2022).
Interestingly, we observed a positive relationship between muta-
tion count and H3K4mel in our multivariate model. Given the
positive correlation between H3K4mel and H3K36me3, it may
be, for example, that the relationship between H3K4mel and mu-
tation count is obfuscated by the presence of H3K36me3 in the
multivariate model; in support of this hypothesis, we observed
an inverse partial correlation between H3K4me1l and normalized
mutation count conditioned upon log normalized depth (i.e.
where other histone marks are omitted). In contrast, it may be,
for example, that the inverse partial correlation between
H3K4mel and mutation conditioned upon log normalized depth
is an artifact of omitting histone marks like H3K36me3. We also
estimate that H3K9me1 has a positive relationship with expected
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Fig. 6. a) t-values resulting from partial correlation of each predictor covariate with mutations (normalized by effective gene length) conditioned upon log
normalized depth. b) Intercept and normalized depth dynamics across interval of normalized depth values for each mutation type as per multivariate
model. c) Estimated effect sizes for each covariate for each mutation type as per multivariate model; parameter values estimated with a cross-validation
tuned LASSO penalty. d) Correlation of effect sizes estimated from 1001 Epigenomes (RNA) inferred somatic mutations and European mutation
accumulation lines (DNA) (Monroe et al.’s data) inferred somatic mutations for each mutation type as per multivariate models.

mutation count for all mutation types. In A. thaliana, H3K9mel1 is
associated with the establishment of heterochromatin (Xu and
Jiang 2020); again, it may be that inaccessibility inhibits DNA re-
pair in these regions (Cann and Dellaire 2011). Interestingly, we
identified a positive relationship between DNA methylation and
expected mutation count even in instances where the reference
base is not cytosine. As well as focal cytosine effects, recent stud-
ies suggest that DNA methylation can affect mutability in neigh-
boring regions in both germline and soma (Kusmartsev et al.
2020). In particular, while mutability has been observed as being
reduced in regions neighboring a methylated cytosine in human
cells, consistent with our findings, increased mutability has

been observed in regions neighboring a methylated cytosine for
A. thaliana and rice, suggesting distinct processes in plant and ani-
mal (Kusmartsev et al. 2020).

Arecent study of somatic mutation accumulationin A. thaliana
also sought to explore the relationship between epigenetic fea-
tures and (somatic) mutation accumulation in A. thaliana
(Monroe et al. 2022). Although we view our work as supplementing
some of the findings of this work, we also make several novel con-
tributions. To our knowledge, our work represents the first in-
stance of somatic mutation inference from RNA-seq data in
plants. In terms of inferring somatic mutations, RNA-seq data
comprise several sources of artifacts not applicable to
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Table 2. Estimated effect sizes for each covariate for each mutation type; parameter values estimated with cross-validation tuned LASSO

penalty.

Covariate C>A C>G C>T T>A T>C T>G
(Intercept) —14.6495 -13.8034 -13.0887 —14.5893 —14.4527 -14.6639
Log normalized depth 0.5439 0.4145 0.4942 0.5148 0.5546 0.4778
Transcribed status 0.1197 0.1391 —-0.0333 0.0239 —-0.0573 —-0.0543
GC content -0.3071 —0.3589 -0.2813 -0.3568 —0.2998 -0.2676
Replication timing 0.2833 0.3070 0.2565 0.2963 0.2698 0.3122
DNA accessibility -0.1021 —0.1602 —0.0293 -0.0213 —-0.0416 -0.1363
DNA methylation 0.2640 0.2677 0.3139 0.4824 0.3894 0.3675
H3K4mel 0.1204 0.3360 0.2119 0.2201 0.3258 0.1604
H3K4me?2 0.2878 0.3344 0.1640 0.3874 0.2613 0.2940
H3K4me3 -0.0151 0.1915 0.1507 0.0000 0.1055 0.0000
H3K9ac -0.1216 -0.4370 -0.1081 -0.0933 -0.1682 -0.0697
H3K9me1l 0.3507 0.5718 0.3059 0.2309 0.1999 0.1961
H3K9me?2 —-0.0834 —0.2438 —0.0870 —0.4694 —0.0301 -0.0379
H3K14ac -0.4116 -0.3074 —0.2051 0.0000 —0.1438 -0.3022
H3K23ac 0.6387 0.7761 0.1948 0.2943 0.2927 0.7290
H3K27ac —0.3145 —-0.3185 -0.2121 -0.1977 —0.1445 —-0.3202
H3K27mel -0.0369 -0.2092 -0.0991 —0.0050 —0.0662 —0.0986
H3K27me3 0.1654 0.2215 0.1828 0.2377 0.2032 0.1514
H3K36ac -0.3128 -0.3262 —0.1486 -0.2031 —0.2939 -0.1472
H3K36me3 —-0.2649 -0.5186 -0.3793 -0.4017 —-0.5024 —0.2466
H3K56ac 0.1902 0.2182 0.2528 0.1997 0.2565 —0.0860
H4K16ac 0.3700 0.3274 0.2183 0.1730 0.3136 0.1921

DNA-based sequencing methods (RNA editing sites, allele specific
expression, etc.). Notwithstanding these challenges, these data
also provide unique opportunities such as identification of very
low-frequency variants that occur in some highly transcribed,
highly functional regions of the genome; identification of these
kinds of variants using, for example, whole genome sequencing
would require sequencing the genome to potentially unfeasible
depths. Regarding comparison with recent studies of somatic mu-
tation accumulation in A. thaliana, in addition to using orthogonal
approaches to both somatic mutation calling and epigenomic
modeling of somatic mutation accumulation, we introduce sev-
eral distinct genomic properties into the framework (i.e. transcrip-
tional strand, replication timing, etc.). Comparative analyses
suggest broad agreement between our data and the data of previ-
ous studies. In addition, our approach has permitted the identifi-
cation of relationships between replication timing and
transcriptional strand with expected somatic mutation accumu-
lation. Given these novel insights as well as the degree of agree-
ment on shared properties, our work both supplements existing
studies and offers novel insight into somatic mutation accumula-
tion in A. thaliana.

Data availability

All code used to call and model somatic mutations in A. thaliana is
available through GitHub (https://github.com/ptrcksn/somatic_
arabidopsis).

Supplemental files are available at figshare https://doi.org/10.
25386/genetics.23451785 [mutations.tsv comprises mutations
used for modeling; mutational_signatures.tsv comprises muta-
tional signatures; model_features.tsv comprises all features (prior
to mean centering and variance scaling) used for modeling; mod-
el_fit.tsv comprises model parameter estimates for all models de-
scribed in the manuscript].

1001 Epigenomes RNA-Seq samples are available as FASTQ files
from the Sequence Read Archive (SRA) under accession number
SRP074107. An imputed VCF file of A. thaliana strains is available
from https://doi.org/10.6084/m9.figshare.11346893.v1. A. thaliana

replication timing data pertaining to early and late phases can
be obtained as bedGraph files from CyVerse. Histone mark distri-
bution data for H3K14ac, H3K23ac, H3K27ac, H3K27mel,
H3K27me3, H3K36ac, H3K36me3, H3K4mel, H3K4me2,
H3K4me3, H3K56ac, H3K9ac, H3K9me1l, H3K9me2, H4K16ac his-
tone marks are available as bigWig files from the Plant
Chromatin State Database. Data for DNA methylation (MeDIP)
and DNA accessibility (ATAC-seq) are also available as bigWig files
from the Plant Chromatin State Database.

Funding

This publication has emanated from research conducted with the
financial support of Science Foundation Ireland under grant num-
ber 16/1A/4612.

Conflicts of interest

The authors declare no conflict of interest.

Literature cited

1001 Genomes Consortium. 1,135 genomes reveal the global pattern
of polymorphism in Arabidopsis thaliana (Electronic address: mag-
nus. nordborg@gmi. oeaw. ac. a, 1001 Genomes C). Cell. 2016;166:
481-491. d0i:10.1016/j.cell.2016.05.063

Arouisse B, Korte A, van Eeuwijk F, Kruijer W. Imputation of 3 million
SNPs in the Arabidopsis regional mapping population. Plant J.
2020;102:872-882. doi:10.1111/tpj.14659

Brash DE. UV signature mutations. Photochem Photobiol. 2015;91:
15-26. doi:10.1111/php.12377

Burian A. Does shoot apical meristem function as the germline in
safeguarding against excess of mutations? Front Plant Sci. 2021;
12:707740. doi:10.3389/fpls.2021.707740

Cann KL, Dellaire G. Heterochromatin and the DNA damage re-
sponse: the need to relax. Biochem Cell Biol. 2011;89:45-60. doi:
10.1139/010-113


https://github.com/ptrcksn/somatic_ arabidopsis
https://github.com/ptrcksn/somatic_ arabidopsis
https://doi.org/10.25386/genetics.23451785
https://doi.org/10.25386/genetics.23451785
https://doi.org/10.6084/m9.figshare.11346893.v1
https://doi.org/10.1016/j.cell.2016.05.063
https://doi.org/10.1111/tpj.14659
https://doi.org/10.1111/php.12377
https://doi.org/10.3389/fpls.2021.707740
https://doi.org/10.1139/O10-113

14 | P.M. Staunton et al.

ChenX, Chen Z, ChenH, SuZ, YangJ, Lin F, Shi S, He X. Nucleosomes
suppress spontaneous mutations base-specifically in eukaryotes.
Science. 2012;335:1235-1238. doi:10.1126/science.1217580

Concia L, Brooks AM, Wheeler E, Zynda GJ, Wear EE, LeBlanc C, Song
J, Lee TJ, Pascuzzi PE, Martienssen RA, et al. Genome-wide analysis
of the Arabidopsis replication timing program. Plant Physiol.
2018;176:2166-2185. d0i:10.1104/pp.17.01537

Danecek P, Bonfield JK, Liddle J, Marshall J, Ohan V, Pollard MO,
Whitwham A, Keane T, McCarthy SA, Davies RM, et al. Twelve
years of SAMtools and BCFtools. Gigascience. 2021;10(2):
giab008. doi:10.1093/gigascience/giab008

Dobin A, Davis CA, Schlesinger F, Drenkow J, Zaleski C, Jha S, Batut P,
Chaisson M, Gingeras TR. Star: ultrafast universal RNA-seq aligner.
Bioinformatics. 2013;29:15-21. doi:10.1093/bioinformatics/bts635

Feng W, Hale CJ, Over RS, Cokus SJ, Jacobsen SE, Michaels SD.
Large-scale  heterochromatin = remodeling linked to
overreplication-associated DNA damage. Proc Natl Acad Sci U S
A.2017;114:406-411. doi:10.1073/pnas.1619774114

Friedman JH, Hastie T, Tibshirani R. Regularization paths for gener-
alized linear models via coordinate descent. J Stat Softw. 2010;33:
1-22. doi:10.18637/jss.v033.101

Garcia-Nieto PE, Morrison AJ, Fraser HB. The somatic mutation land-
scape of the human body. Genome Biol. 2019;20:298.

Gilbert DM. Evaluating genome-scale approaches to eukaryotic DNA
replication. Nat Rev Genet. 2010;11:673-684. d0i:10.1038/nrg2830

Gori K, Baez-Ortega A. sigfit: flexible Bayesian inference of mutation-
al signatures. bioRxiv 372896. 2018. d0i:10.1101/372896

Greenman C, Stephens P, Smith R, Dalgliesh GL, Hunter C, Bignell G,
Davies H, Teague J, Butler A, Stevens C, et al. Patterns of somatic
mutation in human cancer genomes. Nature. 2007;446:153-158.
doi:10.1038/nature05610

Haradhvala NJ, Polak P, Stojanov P, Covington KR, Shinbrot E, Hess
JM, Rheinbay E, Kim J, Maruvka YE, Braunstein LZ, et al.
Mutational strand asymmetries in cancer genomes reveal me-
chanisms of DNA damage and repair. Cell. 2016;164:538-549.
doi:10.1016/j.cell.2015.12.050

Heydari M, Miclotte G, Van de Peer Y, Fostier J. [llumina error correc-
tion near highly repetitive DNA regions improves de novo genome
assembly. BMC Bioinformatics. 2019;20:298. doi:10.1186/s12859-
019-2906-2

HuangY, Gu L, Li GM. H3K36me3-mediated mismatch repair prefer-
entially protects actively transcribed genes from mutation. J Biol
Chem. 2018;293:7811-7823. doi:10.1074/jbc.RA118.002839

Kawakatsu T, Huang SSC, Jupe F, Sasaki E, Schmitz RJ, Urich MA,
Castanon R, Nery JR, Barragan C, He Y, et al. Epigenomic diversity
in a global collection of Arabidopsis thaliana accessions. Cell. 2016;
166:492-505. d0i:10.1016/j.cell.2016.06.044

Kennedy SR, Loeb LA, Herr AJ. Somatic mutations in aging, cancer
and neurodegeneration. Mech Ageing Dev. 2012;133:118-126.
doi:10.1016/j.mad.2011.10.009

Kent WJ, Zweig AS, Barber G, Hinrichs AS, Karolchik D. BigWig
and BigBed: enabling browsing of large distributed datasets.
Bioinformatics. 2010;26:2204-2207. doi:10.1093/bioinformatics/
btg351

Kusmartsev V, Drozdz M, Schuster-Bockler B, Warnecke T. Cytosine
methylation affects the mutability of neighboring nucleotides in
germline and soma. Genetics. 2020;214:809-823. doi:10.1534/
genetics.120.303028

Lanfear R. Do plants have a segregated germline? PLoS Biol. 2018;16:
€2005439. doi:10.1371/journal.pbio.2005439

Leinonen R, Sugawara H, Shumway M. The sequence read
archive Nucleic Acids Res. 2011;39:D19-D21. doi:10.1093/nar/
gkq1019

Li H, Handsaker B, Wysoker A, Fennell T, Ruan J, Homer N, Marth G,
Abecasis G, Durbin R. The sequence alignment/map format and
SAMtools. 2009;25:2078-2079.  doi:10.1093/
bioinformatics/btp352

LiF,Mao G, Tong D, HuangJ, GuL, Yang W, Li GM. The histone mark
H3K36me3 regulates human DNA mismatch repair through its
interaction with mutsa. Cell. 2013;153:590-600. doi:10.1016/j.
cell.2013.03.025

LiuY, Tian T, ZhangK, You Q, Yan H, Zhao N, Yi X, Xu W, Su Z. PCSD:
a plant chromatin state database. Nucleic Acids Res. 2018;46:
D1157-D1167. doi:10.1093/nar/gkx919

LiuH, Zhang]. Is the mutation rate lower in genomic regions of stron-
ger selective constraints? Mol Biol Evol. 2022;39(8):msac169. doi:
10.1093/molbev/msac169

Lobry JR. Asymmetric substitution patterns in the two DNA strands
of bacteria. Mol Biol Evol. 1996;13:660-665. doi:10.1093/
oxfordjournals.molbev.a025626

Martincorena I, Campbell PJ. Somatic mutation in cancer and normal
cells. Science. 2015;349:1483-1489. doi:10.1126/science.aab4082

Meng Y, Chen D, Jin Y, Mao C, Wu P, Chen M. RNA editing of nuclear
transcripts in Arabidopsis thaliana. BMC Genomics. 2010;4(Suppl.
11):512. doi:10.1186/1471-2164-11-54-S12

Michel A, Arias RS, Scheffler BE, Duke SO, Netherland M, Dayan FE.
Somatic mutation-mediated evolution of herbicide resistance
in the nonindigenous invasive plant hydrilla (Hydrilla verticilla-
ta). Mol Ecol. 2004;13:3229-3237. d0i:10.1111/j.1365-294X.2004.
02280.x

Monroe JG, Srikant T, Carbonell-Bejerano P, Becker C, Lensink M,
Exposito-Alonso M, Klein M, Hildebrandt J, Neumann M,
Kliebenstein D, et al. Mutation bias reflects natural selection in
Arabidopsis thaliana. Nature. 2022;602:101-105. doi:10.1038/
541586-021-04269-6

Ossowski S, Schneeberger K, Lucas-Lled6 J, Warthmann N, Clark RM,
Shaw RG, Weigel D, Lynch M. The rate and molecular spectrum of
spontaneous mutations in Arabidopsis thaliana. Science. 2010;327:
92-94. doi:10.1126/science. 1180677

Oztas O, Selby CP, Sancar A, Adebali O. Genome-wide excision repair
in Arabidopsis is coupled to transcription and reflects circadian
gene expression patterns. Nat Commun. 2018;9:1503. doi:10.
1038/s41467-018-03922-5

Padovan A, Patel HR, Chuah A, Huttley GA, Krause ST, Degenhardt],
Foley WJ, Kiilheim C. Transcriptome sequencing of two pheno-
typic mosaic eucalyptus trees reveals large scale transcriptome
re-modelling. PLoS ONE. 2015;10:0123226. doi:10.1371/journal.
pone.0123226

Quiroz D, Lopez-Mateos D, Zhao K, Pierce A, Ortega L, Ali A,
Carbonell-Bejerano P, Yarov-Yarovoy V, Monroe JG. The
H3K4me1 histone mark recruits DNA repair to functionally con-
strained genomic regions in plants. bioRxiv. 2022. doi:10.1101/
2022.05.28.493846

Sun Z, Zhang Y, Jia ], Fang Y, Tang Y, Wu H, Fang D. H3K36me3, mes-
sage from chromatin to DNA damage repair. Cell Biosci. 2020;10:9.
doi:10.1186/513578-020-0374-z

Tate JG, Bamford S, Jubb HC, Sondka Z, Beare DM, Bindal N,
Boutselakis H, Cole CG, Creatore C, Dawson E, et al. COSMIC:
the catalogue of somatic mutations in cancer. Nucleic Acids
Res. 2018;47:D941-D947. doi:10.1093/nar/gky1015

Tibshirani R. Regression shrinkage and selection via the lasso. J R
Stat Soc Series B (Methodol). 1996;58:267-288.

Tomkova M, Tomek J, Kriaucionis S, Schuster-Béckler B. Mutational
signature distribution varies with DNA replication timing and
strand asymmetry. Genome Biol. 2018;19:129. doi:10.1186/s13059-
018-1509-y

Bioinformatics.


https://doi.org/10.1126/science.1217580
https://doi.org/10.1104/pp.17.01537
https://doi.org/10.1093/gigascience/giab008
https://doi.org/10.1093/bioinformatics/bts635
https://doi.org/10.1073/pnas.1619774114
https://doi.org/10.18637/jss.v033.i01
https://doi.org/10.1038/nrg2830
https://doi.org/10.1101/372896
https://doi.org/10.1038/nature05610
https://doi.org/10.1016/j.cell.2015.12.050
https://doi.org/10.1186/s12859-019-2906-2
https://doi.org/10.1186/s12859-019-2906-2
https://doi.org/10.1074/jbc.RA118.002839
https://doi.org/10.1016/j.cell.2016.06.044
https://doi.org/10.1016/j.mad.2011.10.009
https://doi.org/10.1093/bioinformatics/btq351
https://doi.org/10.1093/bioinformatics/btq351
https://doi.org/10.1534/genetics.120.303028
https://doi.org/10.1534/genetics.120.303028
https://doi.org/10.1371/journal.pbio.2005439
https://doi.org/10.1093/nar/gkq1019
https://doi.org/10.1093/nar/gkq1019
https://doi.org/10.1093/bioinformatics/btp352
https://doi.org/10.1093/bioinformatics/btp352
https://doi.org/10.1016/j.cell.2013.03.025
https://doi.org/10.1016/j.cell.2013.03.025
https://doi.org/10.1093/nar/gkx919
https://doi.org/10.1093/molbev/msac169
https://doi.org/10.1093/oxfordjournals.molbev.a025626
https://doi.org/10.1093/oxfordjournals.molbev.a025626
https://doi.org/10.1126/science.aab4082
https://doi.org/10.1186/1471-2164-11-S4-S12
https://doi.org/10.1111/j.1365-294X.2004.02280.x
https://doi.org/10.1111/j.1365-294X.2004.02280.x
https://doi.org/10.1038/s41586-021-04269-6
https://doi.org/10.1038/s41586-021-04269-6
https://doi.org/10.1126/science.1180677
https://doi.org/10.1038/s41467-018-03922-5
https://doi.org/10.1038/s41467-018-03922-5
https://doi.org/10.1371/journal.pone.0123226
https://doi.org/10.1371/journal.pone.0123226
https://doi.org/10.1101/2022.05.28.493846
https://doi.org/10.1101/2022.05.28.493846
https://doi.org/10.1186/s13578-020-0374-z
https://doi.org/10.1093/nar/gky1015
https://doi.org/10.1186/s13059-018-1509-y
https://doi.org/10.1186/s13059-018-1509-y

Somatic mutations in A. thaliana | 15

VijgJ, Dong X. Pathogenic mechanisms of somatic mutation and genome
mosaicism in aging. Cell. 2020;182:12-23. doi:10.1016/j.cell.2020.06.024

WangL,JiY,HuY, HuH, Jia X, Jiang M, Zhang X, Zhao L, Zhang Y, Jia
Y, et al. The architecture of intra-organism mutation rate vari-
ation in plants. PLoS Biol. 2019;17:€3000191. doi:10.1371/
journal.pbio.3000191

Weng ML, Becker C, HildebrandtJ, Neumann M, Rutter MT, Shaw RG,
Weigel D, Fenster CB. Fine-grained analysis of spontaneous mu-
tation spectrum and frequency in Arabidopsis thaliana. Genetics.
2019;211:703-714. doi:10.1534/genetics.118.301721

Whitham TG, Slobodchikoff CN. Evolution by individuals,
plant-herbivore interactions, and mosaics of genetic variability:
the adaptive significance of somatic mutations in plants.
Oecologia. 1981;49:287-292. doi:10.1007/BF00347587

Williams J. CyVerse for reproducible research: RNA-seq analysis.
Methods Mol Biol. 2022;2443:57-79.

Woo YH, Li WH. Dna replication timing and selection shape the land-
scape of nucleotide variation in cancer genomes. Nat Commun.
2012;3:1004. doi:10.1038/ncomms1982

Xu L, Jiang H. Writing and reading histone H3 lysine 9 methylation in
Arabidopsis. Front Plant Sci. 2020;11:452. doi:10.3389/fpls.2020.
00452

Yizhak K, Aguet F, Kim J, Hess JM, Kubler K, Grimsby ], Frazer R,
Zhang H, Haradhvala NJ, Rosebrock D, et al. RNA sequence ana-
lysis reveals macroscopic somatic clonal expansion across nor-
mal tissues. Science. 2019;364(6444):eaaw0726. doi:10.1126/
science.aaw0726

Yu X, Martin PGP, Michaels SD. Border proteins protect expression of
neighboring genes by promoting 3’ Pol II pausing in plants. Nat
Commun. 2019;10:4359. doi:10.1038/541467-019-12328-w

Zhao T, Zhan Z, Jiang D. Histone modifications and their regulatory
roles in plant development and environmental memory. ] Genet
Genomics. 2019;46:467-476. d0i:10.1016/j.jgg.2019.09.005

Zhao S, Zhang B, Yang M, Zhu J, Li H. Systematic profiling of histone
readers in Arabidopsis thaliana. Cell Rep. 2018;22:1090-1102. doi:
10.1016/j.celrep.2017.12.099

Editor: A. Britt


https://doi.org/10.1016/j.cell.2020.06.024
https://doi.org/10.1371/journal.pbio.3000191
https://doi.org/10.1371/journal.pbio.3000191
https://doi.org/10.1534/genetics.118.301721
https://doi.org/10.1007/BF00347587
https://doi.org/10.1038/ncomms1982
https://doi.org/10.3389/fpls.2020.00452
https://doi.org/10.3389/fpls.2020.00452
https://doi.org/10.1126/science.aaw0726
https://doi.org/10.1126/science.aaw0726
https://doi.org/10.1038/s41467-019-12328-w
https://doi.org/10.1016/j.jgg.2019.09.005
https://doi.org/10.1016/j.celrep.2017.12.099

	Somatic mutations inferred from RNA-seq data highlight the contribution of replication timing to mutation rate variation in a model plant
	Introduction
	Materials and methods
	Data download
	RNA-seq alignment
	Main somatic mutation calling pipeline
	Genomic positions selection
	Removal of germline variants
	Artifact filtering
	Repeated mutation modeling
	Entropy calculation
	Effective gene length calculation
	Normalized transcriptional depth calculation
	Transcriptional strand derivation
	Replication timing calculation
	Histone mark, DNA methylation, and DNA accessibility calculation
	Statistical model specification

	Results
	Initial filtering identifies putative somatic mutation candidates
	Somatic mutation candidates are highly recurrent across accessions
	C≫T mutations are more abundant than any other mutation type
	Mutational signature profiling identifies two mutational signatures present in the 1001 Epigenomes data
	Both transcriptional strand and replication timing are associated with mutation count
	H3K36me3 is inversely associated with expected mutation count for all mutation types
	Relationships between genomic features and somatic mutation count are broadly conserved across A. thaliana datasets

	Discussion
	Data availability
	Funding
	Conflicts of interest
	Literature cited




