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Abstract
Since the first half of the twentieth century, evolutionary theory has been dominated by the idea that
mutations occur randomly with respect to their consequences1. Here we test this assumption with large
surveys of de novo mutations in the plant Arabidopsis thaliana. In contrast to expectations, we find
that mutations occur less often in functionally constrained regions of the genome—mutation frequency
is reduced by half inside gene bodies and by two-thirds in essential genes. With independent genomic
mutation datasets, including from the largest Arabidopsis mutation accumulation experiment
conducted to date, we demonstrate that epigenomic and physical features explain over 90% of
variance in the genome-wide pattern of mutation bias surrounding genes. Observed mutation
frequencies around genes in turn accurately predict patterns of genetic polymorphisms in natural
Arabidopsis accessions (r = 0.96). That mutation bias is the primary force behind patterns of sequence
evolution around genes in natural accessions is supported by analyses of allele frequencies. Finally, we
find that genes subject to stronger purifying selection have a lower mutation rate. We conclude that
epigenome-associated mutation bias2 reduces the occurrence of deleterious mutations in Arabidopsis,
challenging the prevailing paradigm that mutation is a directionless force in evolution.
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that genetic variants are found less often in functionally constrained regions of the genome is believed
to be due solely to selection after random mutation. This paradigm has been defended with both
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theoretical and practical
arguments: that selection on gene-level mutation rates cannot overcome

genetic drift; that previous evidence of non-random mutational patterns relied on analyses in natural
populations that were confounded by the effects of natural selection; and that past proposals of
adaptive mutation bias have not been framed in the context of potential mechanisms that could
underpin such non-random mutations3,4,5,6.
Yet, emerging discoveries in genome biology inspire a reconsideration of classical views. It is now
known that nucleotide composition, epigenomic features and bias in DNA repair can influence the
likelihood that mutations occur at different places across the genome7,8,9,10,11,12,13. At the same time,
we have learned that specific gene regions and broad classes of genes, including constitutively
expressed and essential housekeeping genes, can exist in distinct epigenomic states14. This could in
turn provide opportunities for adaptive mutation biases to evolve by coupling DNA repair with
features enriched in constrained loci2. Indeed, evidence that DNA repair is targeted to genic regions
and active genes has been found15,16,17,18,19,20. Here we synthesize these ideas by investigating the
causes, consequences and adaptive value of mutation bias in the plant Arabidopsis thaliana.

De novo mutations in Arabidopsis
The greatest barrier to investigating gene-level mutation variability has been a lack of data
characterizing new mutations before they experience natural selection. We addressed this limitation by
compiling large sets of de novo mutations in A. thaliana (hereafter referred to as Arabidopsis), for
which there is rich information on sequence and epigenomic features plausibly linked to mutation
Your Privacy
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randomly chosen single-seed descendants, so very few mutations, only those causing inviability or
sterility, should have been
removed
by selection12. Somatic mutations experience even less
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selection21,22.
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Therefore, as expected, non-synonymous changes and premature stop codons accounted

for a greater share of variants than in natural populations, and their frequencies were indistinguishable
from a null model of random mutation. We also confirmed that there was no bias in detecting nonsynonymous mutations when comparing genes predicted to be sensitive or insensitive to mutation
(Fig. 1b).

Fig. 1: Identifying epigenomic and other features associated with mutations in Arabidopsis.
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a, Experimental design for identifying germline and somatic mutations in the main
dataset12. b, Relaxed purifying selection in de novo mutation calls: rates of nonsynonymous (non-syn) and stop codon variants (stop) as compared with polymorphisms
detected in 1,135 natural accessions from the 1001 Genomes (1001G) project35 and to a
null model based on mutation spectra and nucleotide composition of coding sequences.
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predictor variables from the generalized linear model.

Epigenome-mediated mutation bias
We tested whether the location of mutations in our dataset was associated with epigenomic features,
focusing on biochemical properties previously linked to mutation: gene expression, GC content,
cytosine methylation, histone modifications and chromatin accessibility (Fig. 1c). We built linear
models of mutation frequencies in genic regions as a function of these features across the genome
(Fig. 1d; Methods).
These models revealed features positively and negatively associated with mutations, with several
having been already linked to mutagenesis or DNA repair (Fig. 1e). For example, the negative
relationship between GC content and mutation23 is consistent with GC-biased gene conversion24 and
reduced DNA denaturation in GC-rich regions25. Likewise, previous work has linked H3K4me1 to
genome stability, DNA repair and lower mutation rates26,27,28,29,30,31. By contrast, methylated
cytosines correlate with elevated mutation rate, consistent with the effects of cytosine
deamination12,32, while highly accessible chromatin regions (for example, transcription factor-binding
sites) can impair nucleotide excision repair33. In conclusion, we uncovered associations between
mutation
frequencies and biochemical features known to affect DNA repair and vulnerability to
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combined results. Our conclusions also did not change when we repeated the analyses after training
our initial epigenome Accept
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observed mutation biases could not be explained by variation in read depth, mappability, the
distribution of false positives or selection on mutations (Extended Data Fig. 3).

Lower mutation rate in gene bodies
We calculated predicted mutation probabilities (predicted mutations per base pair) as a function of
epigenomic features around genes and found that mutation rates were lower within gene bodies (Fig.
2a). These predictions were confirmed by observed mutations in multiple independent datasets (Fig.
2b, Supplementary Data 1). We called mutations in new Arabidopsis mutation accumulation
populations, the largest reported to date: germline and somatic mutations in 400 lines established from
eight genetically diverse founder genotypes, four each from the extreme North and South of Europe.
Observed distributions of germline and somatic mutations were very similar to epigenome-predicted
mutation rates. These data also provided evidence for genetic variation in mutation bias, raising the
possibility of mutation bias evolvability (Extended Data Fig. 4). Somatic variants identified from 10
rosettes and from reanalysing deep sequencing data of 64 leaves in two Arabidopsis plants21 further
confirmed predicted patterns, as did previously discovered germline mutations in a bottlenecked
Arabidopsis lineage32 (Extended Data Figs. 3, 4).

Fig. 2: Lower mutation rate in gene bodies.
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a, Mutation probability score (predicted SNVs plus indels per base pair from models in
Fig. 1e; mean ± 2 s.e.m. in grey) based on epigenomic states and mutations observed in
original mutation accumulation lines. b, Observed de novo mutations from all
independent mutation accumulation datasets (mean ± 2 s.e.m. in grey, bootstrapped). c,
Segregating polymorphisms (SNVs plus indels, S, mean ± 2 s.e.m. in grey, bootstrapped)
in 1,135 Arabidopsis accessions35. d, Tajima’s D calculated from polymorphisms in

Arabidopsis accessions35 around TSS and TTS (mean ± 2 s.e.m. in grey). Note that these
TSS and TTS plots do not consider gene length or intergenic distances and that, for
example, not all sequences downstream of TSSs are genic sequences, and not all
sequences upstream of TSSs are intergenic sequences. Specifically, we did not distinguish
between intergenic regions (or genes) longer or shorter than 3,000 bp.

By combining mutation datasets, we found that the frequency of mutation was 58% lower in gene
bodies than in nearby intergenic space. Epigenome-predicted mutation probabilities explained over
90% of the variance in the pattern of observed mutations around gene bodies (Fig. 2a, b, Extended
Data Fig. 5). Since only 20–30% of gene body sites are estimated to be subject to selection, mutation
bias in genic regions could affect sequence evolution around genes more than selection34.
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we analysed the site frequency spectrum. Theory shows that purifying selection causes an enrichment
of rare alleles (reduced
frequency
of deleterious variants), whereas site frequency spectrum scales with
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mutation rate such that lower mutation rate causes a depletion of rare alleles (fewer young alleles)36.

Our analysis of the site frequency spectrum statistic Tajima’s D around genes confirmed a depletion of
rare alleles in gene bodies (less negative D), consistent with a reduced mutation rate. We validated this
inference with extensive forward population genetic simulations (Extended Data Fig. 6). In
conclusion, evolution around genes in Arabidopsis appears to be explained by mutation bias to a
greater extent than by selection.

Gene structure and mutation
We further discovered emergent relationships between gene structure and mutation rate (Extended
Data Fig. 7). Owing to the distribution of epigenomic features along gene bodies, mutation
probabilities are highest in extreme 5′ and 3′ coding exons. Natural polymorphisms in Arabidopsis and
Populus trichocarpa showed a similar pattern. Consistent with the effects of mutation bias, D was
more negative in peripheral exons. The predicted mutation rate of coding regions was 28% and 39%
higher in genes annotated as lacking 5′ untranslated regions (UTRs) and 3′ UTRs, respectively. The
inferred effect size of 5′ UTRs and 3′ UTRs on coding-exon mutation probabilities and polymorphism
was greatest in extreme 5′ and 3′ coding exons. UTR lengths were negatively correlated with mutation
probabilities and polymorphisms in peripheral coding exons. Mutation probabilities were also 90%
greater in genes lacking introns and lower in genes with more (r = −0.34) and longer (r = −0.24)
introns. These patterns were mirrored by patterns of polymorphism and Tajima’s D. In conclusion, an
unexpected emergent effect of UTRs and introns in Arabidopsis appears to be lower mutation rates in
coding regions.
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Fewer mutations in essential genes

example, translation). By contrast, genes with the highest predicted mutation rates had specialized
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measured with knockout experiments37 confirmed that essential genes are enriched for epigenomic
features associated with low mutation, and, as predicted, observed mutation rates were significantly
lower in the coding regions of essential genes. By contrast, genes with environmentally conditional
functions had the highest mutation rates. Intron mutations showed the same pattern, confirming that
these results are not due to selection on coding sequences biasing our mutation datasets (Fig. 3c). We
found no evidence that reduced mutation rate in essential genes could be explained by the potential
intrinsic mutational properties of CG methylation, expression level or GC content. Instead, the
observed 37% reduction in mutation rates in essential genes is consistent with a reduction in mutation,
plausibly explained by their enrichment for low-mutation-associated epigenomic features (for
example, H3K4me1).

Fig. 3: Lower mutation probability in essential genes.
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a, Variation in epigenome-derived mutation probability scores in coding sequence
(CDS) among genes and gene ontology terms enriched in genes in the top (‘highmutation probability genes’) and bottom (‘low-mutation probability genes’) deciles. Mm.,
macromolecular; N2, nitrogen; nucleob., nucleobase-containing compound; reg.,
regulation; resp., response. b, Enrichment of epigenomic and other features in coding
sequences of 719 genes known to be essential from mutant analyses (mean ± 2 s.e.m.). c,
Total observed mutation rate (±2 s.e.m., bootstrapped) in genes (n = 2,339) with
experimentally determined functions38. The bars are coloured according to relative
differences in mutation rates among genes classified by function (that is, orange refers to
high mutation rate and blue represents low mutation rate). P ≈ 0 for both CDS and intron
mutations.

These results were further supported by our discovery of reduced mutation rate in genes with lethal
knockout effects38 and broadly expressed genes39. Again, these results were consistent with
epigenomic profiles (Extended Data Fig. 8). In conclusion, we find that genes with the most important
functions experience reduced mutation rate, as predicted by their epigenomic features.

Reduction in mutation load
Comparing predicted mutation rates with signatures of evolutionary constraint revealed that genes
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(Fig. 4a, b). We confirmed these predictions with our dataset of empirical mutations—mutation rate

mutation datasets. These findings demonstrate that genes subject to stronger purifying selection are

maintained in epigenomic states that underlie a significant reduction in their mutation rate (Extended
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Data Fig. 9). In conclusion, mutation bias acts to reduce levels of deleterious variation in Arabidopsis
by decreasing mutation rate in constrained genes.

Fig. 4: Adaptive reduction in deleterious mutations.

a, Correlations between epigenomic and other features, predicted and observed mutation
rates, and measures of evolutionary constraint and rates of sequence evolution.
Synonymous (Ps) and non-synonymous polymorphism (Pn) in natural populations,
synonymous (Ds) and non-synonymous divergence (Dn) from Arabidopsis lyrata,
environmental variance of gene expression (Ve expr.) and genetic variance of gene
expression (Vg expr.). ‘Pred. mut.’ is the predicted mutation rate as a function of
epigenomic
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Evolution of mutation bias
Our findings reveal adaptive mutation bias that is mediated by a link between mutation rate and the
epigenome. This is mechanistically plausible in light of evidence that DNA repair factors can be
recruited by specific features of the epigenome8. Hypomutation targeted to features enriched in
functionally constrained loci throughout the genome would reduce the relative frequency of
deleterious mutations. The adaptive value of this bias can be conceptualized by the analogy of loaded
dice with a reduced probability of rolling low numbers (that is, deleterious mutations), and thus a
greater probability of rolling high numbers (that is, beneficial mutations) (Fig. 4d).
This intuitive model fits established theory showing that adaptive mutation bias could evolve despite
drift when the length of sequence affected (Lsegment) is large2,3,5,40. While this criterion can rarely be
satisfied for single-gene modifiers, it can be if the mutation is suppressed in many constrained loci.
For example, the total sequence length of the coding regions of essential genes enriched for
H3K4me1 is three times the estimated minimum Lsegment required for targeted hypomutation to evolve
in Arabidopsis, assuming a 30% reduction in mutation rate (Extended Data Fig. 10). Thus, while
perhaps initially surprising, our synthesis between epigenomics and population genetic theory predicts
that the observed biases could readily arise via natural selection2.

Conclusions
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fitness effects of new mutations among species43,44. Finally, because epigenomic features are plastic,
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Our discovery yields a new account of the forces driving patterns of natural variation, challenging a
long-standing paradigm regarding the randomness of mutation and inspiring future directions for
theoretical and practical research on mutation in biology and evolution.

Methods
Identification of de novo mutations in A. thaliana Col-0 mutation accumulation lines
Our training set of mutations was identified from 107 mutation accumulation lines of the A. thaliana
Col-0 accession, which is the basis of the A. thaliana TAIR10 reference genome sequence12. The lines
had been previously grown for 24 generations of single-seed descent before sequencing with 150-bp
paired-end reads on the Illumina HiSeq 3000 platform, of pools of approximately 40 seedlings of each
line from the 25th generation (Fig. 1a). Seedlings were sampled at the four-leaf stage, at 2 weeks of
age. Variants were identified with GATK HaplotypeCaller12. In many organisms, germline mutations
are primarily influenced by processes specific to reproductive organs10. Because plants may lack a
completely segregated germline46, we hypothesized that mechanisms that influence local mutation
rates in the germline may be reflected in the distribution of somatic mutations as well, or at least that
the processes governing mutation rate variability across the genome may be similar in germline and
somatic tissue. Therefore, in addition to the original variants called12, we implemented a custom
filtering pipeline to identify a high-confidence set of additional de novo mutations (Extended Data Fig.
1). This set included, in addition to somatic variants, germline variants that had not been called in the
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additional heterozygous germline variants, which would have been called as somatic mutations by our
pipeline (approximately
2–5%
Accept
All of putatively somatic mutations). Because we combined putative
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somatic and germline mutations to characterize the mutational landscape of the A. thaliana genome,
this did not have an obvious effect on our results.
Testing for mutation calling artefacts by resequencing ten siblings of a single-mutation accumulation line

To test for the possibility that our results were in part artefacts of the pooled-seedling sequencing
approach12, we resequenced entire rosettes of individual plants that were sibling from the same
mutation accumulation line (#73) and asked whether the distribution of called variants (that is,
putative somatic mutations around TSS and TTS) was similar to the patterns seen with the seedling
pools of the 107 individual lines described in the preceding section (Extended Data Fig. 6).
Specifically, we grew 10 siblings of line #73 and extracted DNA from 3-week-old whole rosettes.
Barcoded PCR-free libraries for the 10 siblings were sequenced, with 150-bp paired-end reads, at
approximately 60× depth each on a single lane of the Illumina HiSeq 3000 platform. Additionally, for
one sibling, the same library was sequenced in an independent lane at approximately 600× depth.
After adapter and quality trimming with cutadapt (version 2.3) and removing duplicates with samtools
markdup (version 1.10), reads were aligned to the TAIR10 reference genome with bwa-mem (version
0.7.17) and variants were called independently for each sample with GATK HaplotypeCaller version
4.1.0.

Measuring the effects of mappability of reads

We wanted to ensure that variation in mappability could not explain the observed distribution of de
novo variants. To evaluate the possibility that results were an artefact of bias in mappability across
gene regions, we calculated mappability for k = 100, e = 1, across the A. thaliana reference genome
47
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Simulating reads and identifying true false positives

To further rule out artefacts, we calculated the expected distribution of false positives using simulated
short reads. We simulated Illumina reads based on the TAIR10 reference genome using ART48 with
the following parameters: -l 150 -f 30 -m 500 -s 30. Reads were mapped to the TAIR10 genome with
NextGenMap, the same caller as used in the original calling of mutation accumulation lines49, and
variants were called with GATK HaplotypeCaller. This was repeated for a total of 1,000 simulated
genomes. Because these are simulated reads, all variants that are called must be false positives. To test
the possibility that the main results found in this study, such as elevated mutation and polymorphism
upstream of TSSs, are artefacts of bias resulting from Illumina sequencing (which is included in
simulations) or from mapping error (which is captured by mapping the simulated reads), we plotted
the distributions of false positives around these regions to confirm that the distribution of false
positives was more similar to likely false positives (for example, called in many lines) and unlike the
higher confidence variants called in real sequencing data.

Identification of de novo mutations in a new A. thaliana mutation accumulation
experiment
To validate our predictive model of the mutation probability score, we used a second A. thaliana
mutation accumulation experiment descended from eight founders collected in natural
environments50. The lines were grown for seven to ten generations of single-seed descent before 150bp paired-end read Illumina sequencing of pools of 40 seedlings. The specifics of the populations were
as follows: founder CN1A18: 56 lines for 10 generations; founder CN2A16: 51 lines for 10
generations; founder SJV12: 48 lines for 7 generations; founder SJV 15: 36 lines for 7 generations;
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from a single founder genotype. This should remove any true heterozygous calls, variants between
cryptic duplications in the founder, and low confidence calls, as suggested by our preceding analyses
by resequencing siblings from the original mutation accumulation experiment.

Identification of de novo somatic mutations in a resequencing dataset of A.
thaliana leaves
To further test our power to predict the distribution of de novo mutations in an independent
experiment, we used published data generated from Illumina sequencing of 64 samples of leaf tissue
(rosettes and cauline leaves) of two Col-0 plants21. Raw fastq files were downloaded from NCBI and
mapped to the TAIR10 reference genome using bwa-mem, and duplicate reads (that is, PCR
duplicates) were filtered using samtools markdup. Variants for every sample were called with GATK
HaplotypeCaller. Variants were filtered to include only those found in a single sample (as our previous
work had already shown that putative somatic variants called in many independent samples tend to be
enriched for regions of low mappability and exhibit distributions more similar to the expected
distribution of false positives).

De novo mutations in a natural mutation accumulation lineage

We analysed mutations that had accumulated in a single A. thaliana lineage that recently colonized
North America32. The 100 samples came both from modern populations as well as historical
herbarium specimens and contained 8,891 new variants with at least 50% genotyping rate in the
population. Phylogenetic coalescent analyses indicated that these 100 samples shared a common
ancestor around 1519–1660, presumably the ancestor that colonized North America, and thus that
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We were interested in studying epigenomic features plausibly linked to mutation
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To build a high-resolution predictive model of mutation rate variation,

we extracted or generated data describing genome-wide sequence and epigenomic features. First, we
calculated GC content (% of sequence), which can affect DNA denaturation5,25,56,57,58, across
regions9,23,59,60,61,62,63,64. From the Plant Chromatin State Database, we also downloaded 62 BigWig
formatted datasets characterizing the distribution of histone modifications14 H3K4me2, H3K4me1,
H3K4me3, H3K27ac, H3K14ac, H3K27me1, H3K36ac, H3K36me3, H3K56ac, H3K9ac, H3K9me1,
H3K9me2 and H3K23ac, many of which have been linked to mutational
processes8,9,11,12,19,33,65,66,67,68,69,70. For each specific histone modification, depths were scaled (0
to 1) and averaged across each region for downstream analyses.
Col-0 cytosine methylation

Because cytosine methylation is known to affect mutation rates via deamination of methylated
cytosines9,11,12,33,66, we wanted to include cytosine methylation as a predictor variable in our model.
Methylated cytosine positions for Col-0 (6909) wild-type leaves were obtained from the 1001
Epigenomes dataset GSM1085222 (ref. 71) under the file GSM1085222_mC_calls_Col_0.tsv.gz.
Because the context of cytosines can vary and influence the functional effect of methylation, cytosines
were further classified into three categories (CG/CHG/CHH) for all downstream analyses. For each
region, we calculated the number of methylated cytosines in each category per bp.

Chromatin accessibility

ATAC-seq can measure chromatin accessibility, which also affects mutation rates9,11,12,33,66,72. Col-0
seeds were stratified on MS-agar (with sucrose) plates at 4 °C for 4 days in the dark. Plates were
transferred to 23 °C long-days and kept vertically for easier harvesting of seedlings. On the eleventh
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by vacuum infiltration and stored at −80 °C.

µm filter, followed by the addition of 0.5% of Triton-X-100 before usage). The slurry was filtered

through one-layered Miracloth (pore size: 22–25 µm), followed by filtration through a cell strainer
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(pore size: 40 µm) to collect
nuclei were sorted using

fluorescence-activated cell sorting (FACS) as two technical replicates. Sorted nuclei were heated to 60
°C for 5 min, followed by centrifugation at 4 °C (1,000g for 5 min). Supernatant was removed, and the
nuclei were resuspended with a transposition mix (homemade Tn5 transposase, a TAPS-DMF buffer
and water) followed by a 37 °C treatment for 30 min. 200 µl SDS buffer and 8 µl 5 M NaCl were
added to the reaction mixture, followed by 65 °C treatment overnight. Nuclear fragments were then
cleaned up with Zymo DNA Clean & Concentrator columns. 2 µl of eluted DNA was subjected to 13
PCR cycles, incorporating Illumina barcodes, followed by a 1.8:1 ratio clean-up using SPRI beads.
Genomic DNA libraries were prepared using the same library preparation protocol from the Tn5
enzymatic digestion step onwards.
Each technical replicate (derived from nuclei sorting) was sequenced with 3.5 million 150-bp pairedend reads on an Illumina HiSeq 3000 instrument. The reads were aligned as two single-end reads to
the TAIR10 reference genome using bowtie2 (default options), filtered for the SAM flags 0 and 16
(only reads mapped uniquely to the forward and reverse strands), and converted separately to .bam
files. The .bam files were merged, sorted, and PCR duplicates were removed using picardtools. The
sorted .bam files were merged with the corresponding sorted bam file of a second technical replicate
(samtools merge --default options) to obtain a final depth of approximately 6 million reads for each
replicate.
Peaks were called for each biological replicate using MACS2 using the following parameters:
macs2 callpeak -t [ATACseqlibrary].bam -c [Control_library].bam -f BAM --nomodel --shift −50 -extsize 100 --keep-dup=1 -g 1.35e8 -n [Output_Peaks] -B -q 0.05
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Gene expression was calculated as the mean across 1,203 accessions71, from which we also extracted
the genetic variance (Vg) and environmental variance (Ve) as well as the coefficient of variation
(variance/mean) in expression for each gene. This dataset provided information for 17,247 genes with
complete data.

Predictive model of mutation rates

We wanted to ask whether intragenomic mutation variability in the genome could be predicted by
features of the genome that previous work had shown to have potential or demonstrated relationships
with mutations. To model mutation rate genome-wide at the level of individual genes, we created a
generalized linear model. The response variable was the untransformed (that is, assuming normality, to
avoid risk of increased false positives caused by transformation73,74) observed mutation rate across
every genic feature (upstream, UTR, coding, intron and downstream). The predictor variables were
GC content, classes of cytosine methylation, histone modifications, chromatin accessibility and
expression of each gene. From this full model, a limited predictive model was selected on the basis of
forward and backward selection with the lowest AIC value by the stepAIC function in R. These
models were created separately for indels (adjusted R-squared: 0.001791; F-statistic: 34.6 on 16 and
299635 d.f.; P < 2.2 × 10−16) and SNVs (adjusted R-squared: 0.0009687; F-statistic: 37.32 on 8 and
299643 d.f.; P < 2.2 × 10−16). For downstream analyses, we used the predicted mutation probability
(the mutation probability score) based on these models (predicted SNVs + indels) for genes, exons and
other regions of interest from the TAIR10 genome annotation. While the linear regression approach
used here enables hypothesis testing to some extent (one can generate confidence intervals and P
values describing the level of significance of individual effects), our primary goal was to create a
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vif function from the R package car to calculate variance inflation factor scores for each variable in
our best AIC models for SNVs and indels. We then removed all variables with scores below 3. We
recalculated mutation probability scores for every genomic feature. Because the resulting predicted
mutation probability scores were very similar, with Pearson correlation r = 0.95 between gene-level
mutation probability scores from the full model and the reduced model, we report only results based
on the full model.

Analysis of natural polymorphism rates Rates of polymorphism among genic exons
We calculated rates of natural polymorphism across exons in TAIR10 gene models from sequence
variation among 1,135 natural A. thaliana accessions35. These analyses revealed elevated
polymorphism rates in peripheral (first and last) exons. To test whether this is an artefact unique to A.
thaliana, we calculated rates of natural polymorphism across exons from sequence variation among
544 P. trichocarpa accessions75. Specifically, we downloaded VCF and annotation data from
Phytozome (v3.0) and calculated rates of variation across exons grouped by order (from 5′ to 3′) and
total exon number.

Signatures of selection and constraint from natural populations

We calculated gene-level summary statistics for signatures of selection and constraint in the following
way. Synonymous and non-synonymous polymorphism among natural A. thaliana accessions and
divergence from A. lyrata (Pn, Ps, Dn and Ds, respectively) were calculated using mkTest.rb
(https://github.com/kr-colab). The alpha test statistic for evidence of selection, which is a derivative of
the McDonald-Kreitman test76,77,78, was calculated from these values for each gene where data were
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independent calculation of Waterson’s diversity estimate (θ) of non-synonymous variation. The
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defined as premature stop codons and frameshifts disrupting at least 10% of the coding region of the
canonical gene model. Genes experiencing purifying selection should exhibit lower levels of natural
polymorphism than what would be predicted by mutation rate alone. To test this, we built a linear
model of coding region polymorphisms as a function of predicted mutation rates. We calculated scaled
residuals for each gene and tested whether they are more negative in genes expected to be under
purifying selection. To estimate constraints on gene regulatory function, we looked at average
expression across diverse genotypes. We also tested for relationships between predicted mutation rates
and the coefficient of variation in gene expression, additive genetic variance for gene expression
across diverse genotypes, and environmental variance in gene expression71.

Relationships between epigenomic and other features, mutation rates and gene function

The preceding analyses revealed significant associations between epigenomic and other features and
signatures under selection indicating that genes that experience purifying selection are enriched for
features associated with low mutation rate. To further dissect the mechanistic basis of this pattern, we
wanted to directly test for relationships between epigenomic states, mutation rates and gene function.
We analysed gene ontology categories for genes in the top and bottom deciles ranked by predicted
mutation rate81, reporting gene ontologies that were significantly enriched in these groups after
Bonferroni adjustment of raw P values.
We also analysed a manually curated dataset of mutation-induced lethality obtained from phenotyping
lines with loss-of-function mutations37. Genes annotated as lethal effect when mutated (that is,
required for viability) were compared with genes showing non-lethal phenotypic effects to assess
differences
in epigenomic and other features.
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functions were enriched for features associated with reduced mutation, whereas genes annotated as
having non-essential functions were depleted for these features.

Estimating selection on different types of de novo mutations
Synonymous, non-synonymous and stop-gained variants are expected to have different effects on gene
function, although they are of the same mutational class (SNVs). They are all from coding regions,
which have an overall mutation probability that is distinct from other regions of the genomes, such as
introns, in our model of de novo mutations. For comparison, we calculated the rates of synonymous,
non-synonymous and stop-gained SNVs in natural populations of A. thaliana, which have been subject
to long-term natural selection. We also derived an expected null ratio of non-synonymous to
synonymous mutations using knowledge on the relative base composition of all coding regions in the
reference genome, the relative proportion of coding region mutations (for example, CG to TA
mutations are most common), and the proportion of all possible codon transitions that lead to
synonymous versus non-synonymous mutations. Ratios of non-synonymous to synonymous and stopgained to synonymous mutations were compared between observed de novo mutations and those
observed in natural populations or the null expectation by chi-squared tests.
Expected non-synonymous-to-synonymous substitution ratios in the absence of selection

To further validate that the observed de novo mutations we used to train our mutation probability
model were not subject to appreciable selection, we simulated 10,000 de novo mutations across the
Arabidopsis genome with custom scripts in R. Mutations in coding regions were randomly assigned to
non-synonymous or synonymous changes based on codon use and observed mutational spectra of
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Because we had found that observed mutations were less frequent in coding regions, we wanted to
determine whether this difference was significantly higher than expected by chance. We therefore
asked how the number of synonymous mutations observed compared with that expected under a
random process, starting with a simulated set of random mutations across the genome. We calculated
the number of these mutations in coding regions that are expected to lead to a synonymous nucleotide
substitution based on codon use and observed mutational spectra of coding regions. We repeated this
simulation 1,000 times to generate a distribution of expected synonymous mutations. Comparing our
observed de novo synonymous mutations to the mean of this distribution, we calculated the reduction
in the observed synonymous mutation rate.

Non-synonymous-to-synonymous ratios and mutation probabilities in more deleterious (‘lethal effect versus non-lethal effect’) genes

We wanted to test whether the rates of non-synonymous-to-synonymous variation were lower in genes
that are predicted to experience stronger negative selection. We split genes with a high-essentiality and
low-essentiality prediction score (see above) or empirically determined lethal versus non-lethal effects
of loss-of-function alleles (see above)37. We then calculated the differences in the observed mutation
rate between these groups of genes and compared them with a t-test. We also calculated the number of
observed non-synonymous and synonymous SNVs in these groups of genes and compared their ratios
by a chi-squared test.
Non-synonymous-to-synonymous ratios in mutation probability deciles

We wanted to test whether mutation probability deciles predicted by our model differed in their rates
of non-synonymous to synonymous mutations in our observed de novo mutations. If there was a
strong gradient (for example, if genes predicted to have low mutation rate had lower rates of nonYour Privacy
synonymous variation than genes predicted to have high mutation rate), this could suggest an effect of
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Minor allele frequencies in natural populations

Our results had indicated that mutation rates were high upstream and downstream of genes relative to
the gene bodies, not only in observed and predicted de novo mutations but also in natural
polymorphisms. If this pattern was driven by mutation bias, we would expect to see lower minor allele
frequencies upstream and downstream of genes, because this would indicate the presence of newly
derived alleles from recent mutation rather than lower minor allele frequency caused by greater
negative selection since we expect a priori that gene bodies (particularly coding regions whose code
makes them sensitive to mutation) are subject to greater constraint. Conversely, lower minor allele
frequencies in gene bodies would be consistent with the action of purifying selection in gene bodies,
because lower allele frequencies are expected when negative selection had an opportunity to reduce
allele frequencies. We therefore calculated the minor allele frequency (vcftools --freq) and their mean
for every polymorphic position in the genome of 1,135 natural A. thaliana accessions35 in relation to
TSSs and TTSs across the entire genome.

Tajima’s D around gene bodies

Tajima showed that reduced mutation and purifying selection, while having the same effect to reduce
the number of polymorphisms, have opposite effects on his statistic, D36. That is, mutation rate has a
scaling effect on D such that reduced mutation rates lead to less negative D, whereas purifying
selection leads to more negative D. Therefore, analysis of D can be used to quantify the relative
importance of these alternative, but not mutually exclusive, forces shaping rates of sequence evolution.
D is, on average, negative across the A. thaliana genome, and D also scales with mutation rate. Thus,
if D is more negative in regions with lower polymorphism, this could indicate that purifying selection
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Tajima’s D in exons

We used Tajima’s D to estimate the extent to which mutation bias rather than selection after random
mutation could explain differences in rates of natural polymorphism in exons (elevated polymorphism
in peripheral exons). We calculated Tajiima’s D in every exon and grouped genes according to their
total number of exons and plotted the average Tajiima’s D in relation to exons ordered from 5′ to 3′
ends. Tajima’s D was consistently more negative in peripheral exons, reflecting the effects of
increased population mutation rate in these loci, so we further investigated the underlying causes by
testing whether genes with and without (and longer or shorter) UTRs have differences in Tajima’s D in
peripheral exons. Finally, we asked whether genes with more and longer introns have less negative
Tajima’s D values, to test whether the lower rates of polymorphism observed in these genes was
caused at least in part by reduced mutation rate, rather than selection after random mutation.

Simulations of mutation bias and selection using SLiM
Our observation that Tajima’s D is less negative in regions of low polymorphism, such as gene bodies,
suggested that the reduced polymorphism therein is caused by a lower mutation rate, consistent with
the mutation biases that we discovered in the analysed mutation datasets. To verify this interpretation,
we conducted simulations using the software SLiM (v3)83. These simulations modelled genic and
intergenic space, based explicitly on the first 100 genes on chromosome 1. For each simulation, we
modelled a population of 1,000 individuals for 10,000 generations. The selfing rate was assigned to
0.98, a low estimate based on field observations84,85. The baseline mutation rate (per base and per
generation) was derived from the empirically measured population mutation rate13 (from Ne =
~300,000,
u = ~1 × 10−9 and adjusted for Ne = 1,000). Recombination rate (probability per genome per
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gene. Counts of polymorphisms and Tajima’s D were averaged across all genomes in 10-bp windows
for regions 3 kb upstream and downstream of the TSS and TTS of each gene. The variation in
polymorphism level and Tajima’s D values were compared with theempirical observations of natural
polymorphisms in 1,135 natural A. thaliana accessions66 using Pearson correlation.

Relationship between mutation probability, epigenomic and other features, and
breadth of expression across tissues
Because we found that essential genes have higher levels of epigenomic and other features that lower
predicted mutation rates, we wanted to further test the hypothesis that essential housekeeping genes
were also enriched for such features and therefore experience a subsequently lower probability of
mutation and lower de novo mutation calls. We used gene expression data from 54 tissues39. We
calculated the correlation between the number of tissues with expression of more than 0 and either the
predicted mutation probability score or the observed mutations for each gene. Because these results
confirmed that genes expressed in more tissues have lower predicted mutation probability scores, we
examined epigenetic features H3K4me1, H3K36me3 and CG methylation, which are enriched in
essential genes, finding that genes expressed in all tissues were also enriched for these features.

Determining the effect of strong purifying selection on coding sequences

Our results had revealed significant biases in mutation probability in relation to gene bodies. Because
we had found that mutations were significantly higher upstream of genes and significantly lower
within gene bodies in five independent datasets, we considered the possibility that this overwhelming
bias was the result of extremely strong purifying selection on de novo mutations (that is, removal of
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thaliana, this served as a positive control for observing the effects of extraordinarily strong selection
on the expected distribution of mutations in a random mutation model.
Comparing expected and observed levels of synonymous mutation

Because we had observed a significant reduction in mutation rate in coding regions, we wanted to test
whether this was driven only by functionally impactful mutation (for example, amino acid
substitutions). To do so, we simulated 6,182 random SNVs. For each variant, we asked whether it was
found within the coding region of any gene. We counted the total number of coding region variants
and multiplied this number with the expected fraction, 0.28, of synonymous variants based on A.
thaliana codon usage and mutation spectrum. We iterated this simulation 100 times to produce a
confidence interval of expected synonymous variants in our training set of de novo mutations.

Reporting summary
Further information on research design is available in the Nature Research Reporting Summary linked
to this paper.

Data availability
A complete table of called mutations is available in Supplementary Data 1. Genic feature (that is,
upstream, UTR, intron, CDS, and so on) level data (mutation and epigenomic features) are available in
Supplementary Data 2. Gene-level data (for example, mutation, epigenomic and other features,
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BioProject PRJNA497989. Raw Illumina sequencing reads from additional mutation accumulation

experiments (European lines) are available under NCBI SRA BioProject PRJNA770533. Raw reads
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from the ATAC-seq experiments
are available under ENA Project PRJEB48038. Raw reads from

resequencing MA73 are available under ENA Project PRJEB48100. Variant data of natural A. thaliana
accessions are available at http://1001genomes.org/data/GMI-MPI/releases/v3.1/. The TAIR10
reference genome and annotation are available at www.arabidopsis.org. The P. trichocarpa reference
genome, annotation and variant data are available at https://phytozomenext.jgi.doe.gov/info/Ptrichocarpa_v3_1. Chromatin state data are available through the Plant
Chromatin State Database (http://systemsbiology.cau.edu.cn/chromstates). Tissue-specific expression
data are available at https://www.ebi.ac.uk/arrayexpress/experiments/E-MTAB-7978/. There are no
restrictions on the availability of data used in this study.

Code availability
Functions to characterize Tajima’s D and polymorphisms in relation to TSSs and TTSs are available
on GitHub (https://github.com/greymonroe/polymorphology). The annotated code for models and
statistical analyses is available on GitHub (https://github.com/greymonroe/mutation_bias_analysis).

References
1. Futuyma, D. J. Evolutionary Biology 2nd edn (Sinauer, 1986).
2. Martincorena, I. & Luscombe, N. M. Non-random mutation: the evolution of targeted
hypermutation
and hypomutation. Bioessays 35, 123–130 (2013).
Your
Privacy
We use cookies to make sure that our website works properly, as well as some ‘optional’ cookies to personalise
3. Lynch,
M. et al.provide
Genetic
drift,
selection
the evolution
of the
Nat. some
Rev. or all
content
and advertising,
social
media
features and
and analyse
how people
usemutation
our site. Byrate.
accepting
optional cookies you give consent to the processing of your personal data, including transfer to third parties, some
Genet. 17, 704–714 (2016).
in countries outside of the European Economic Area that do not offer the same data protection standards as the
country where you live. You can decide which optional cookies to accept by clicking on ‘Manage Settings’, where you
can also
find more information
about how A.
your
personal
datacorrelation
is processed.between
Further information
can
in our
4. Stoletzki,
N. & Eyre-Walker,
The
positive
dN/dS and
dSbeinfound
mammals
privacy policy.

is due to runs of adjacent substitutions. Mol. Biol. Evol. 28, 1371–1380 (2011).
5.

Accept All
Cookies

Manage Preferences

Hodgkinson,
5.
A. & Eyre-Walker, A. Variation in the mutation rate across mammalian genomes.
Nat. Rev. Genet. 12, 756–766 (2011).
6. Chen, X. & Zhang, J. No gene-specific optimization of mutation rate in Escherichia coli. Mol.
Biol. Evol. 30, 1559–1562 (2013).
7. Li, C. & Luscombe, N. M. Nucleosome positioning stability is a modulator of germline
mutation rate variation across the human genome. Nat. Commun. 11, 1363 (2020).
8. Li, F. et al. The histone mark H3K36me3 regulates human DNA mismatch repair through its
interaction with MutSα. Cell 153, 590–600 (2013).
9. Schuster-Böckler, B. & Lehner, B. Chromatin organization is a major influence on regional
mutation rates in human cancer cells. Nature 488, 504–507 (2012).
10. Xia, B. et al. Widespread transcriptional scanning in the testis modulates gene evolution
rates. Cell 180, 248–262.e21 (2020).
11. Chen, X. et al. Nucleosomes suppress spontaneous mutations base-specifically in eukaryotes.
Science 335, 1235–1238 (2012).
12. Weng, M.-L. et al. Fine-grained analysis of spontaneous mutation spectrum and frequency in
Arabidopsis thaliana. Genetics 211, 703–714 (2019).

Your Privacy
13.cookies
Ossowski,
S. sure
et al.that
The
and works
molecular
spectrum
ofsome
spontaneous
mutations
in Arabidopsis
We use
to make
ourrate
website
properly,
as well as
‘optional’ cookies
to personalise
content
and advertising,
social media
features and analyse how people use our site. By accepting some or all
thaliana.
Science provide
327, 92–94
(2010).
optional cookies you give consent to the processing of your personal data, including transfer to third parties, some
in countries outside of the European Economic Area that do not offer the same data protection standards as the
country
14.where
Liu, Y.
youetlive.
al. You
PCSD:
can decide
a plant
which
chromatin
optional state
cookies
database.
to acceptNucleic
by clicking
Acids
on ‘Manage
Res. 46,
Settings’,
D1157–D1167
where you
can also find more information about how your personal data is processed. Further information can be found in our
(2018).
privacy policy.

15. Martincorena,
I., Seshasayee,
A. S. N. & Luscombe, N. M. Evidence of non-random
Accept
All
Cookies

Manage Preferences

mutation rates suggests an evolutionary risk management strategy. Nature 485, 95–98 (2012).

16. Supek, F. & Lehner, B. Clustered mutation signatures reveal that error-prone DNA repair
targets mutations to active genes. Cell 170, 534–547.e23 (2017).
17. Frigola, J. et al. Reduced mutation rate in exons due to differential mismatch repair. Nat.
Genet. 49, 1684–1692 (2017).
18. Belfield, E. J. et al. DNA mismatch repair preferentially protects genes from mutation.
Genome Res. 28, 66–74 (2018).
19. Huang, Y., Gu, L. & Li, G.-M. H3K36me3-mediated mismatch repair preferentially protects
actively transcribed genes from mutation. J. Biol. Chem. 293, 7811–7823 (2018).
20. Moore, L. et al. The mutational landscape of human somatic and germline cells. Nature 597,
381–386 (2021).
21. Wang, L. et al. The architecture of intra-organism mutation rate variation in plants. PLoS
Biol. 17, e3000191 (2019).
22. Bobiwash, K., Schultz, S. T. & Schoen, D. J. Somatic deleterious mutation rate in a woody
plant: estimation from phenotypic data. Heredity 111, 338–344 (2013).
23. Wolfe, K. H., Sharp, P. M. & Li, W. H. Mutation rates differ among regions of the
mammalian genome. Nature 337, 283–285 (1989).

Your Privacy
24.cookies
Long,toH.make
et al.sure
Evolutionary
determinants
of genome-wide
composition.
Nat.
We use
that our website
works properly,
as well as somenucleotide
‘optional’ cookies
to personalise
content
andEvol.
advertising,
provide(2018).
social media features and analyse how people use our site. By accepting some or all
Ecol.
2, 237–240
optional cookies you give consent to the processing of your personal data, including transfer to third parties, some
in countries outside of the European Economic Area that do not offer the same data protection standards as the
country
25.where
Fryxell,
you K.
live.J.You
& can
Zuckerkandl,
decide whichE.
optional
Cytosine
cookies
deamination
to accept byplays
clicking
a primary
on ‘Manage
role
Settings’,
in the evolution
where you
can also find more information about how your personal data is processed. Further information can be found in our
of mammalian isochores. Mol. Biol. Evol. 17, 1371–1383 (2000).
privacy policy.

26. Shilatifard, A.
TheAll
COMPASS family of histone H3K4 methylases: mechanisms of
Accept
Cookies

Manage Preferences

regulation in development and disease pathogenesis. Annu. Rev. Biochem. 81, 65–95 (2012).

27. Herbette, M. et al. The C. elegans SET-2/SET1 histone H3 Lys4 (H3K4) methyltransferase
preserves genome stability in the germline. DNA Repair 57, 139–150 (2017).
28. Chong, S. Y. et al. H3K4 methylation at active genes mitigates transcription-replication
conflicts during replication stress. Nat. Commun. 11, 809 (2020).
29. Lim, B., Mun, J., Kim, Y. S. & Kim, S.-Y. Variability in chromatin architecture and
associated DNA repair at genomic positions containing somatic mutations. Cancer Res. 77,
2822–2833 (2017).
30. Zheng, C. L. et al. Transcription restores DNA repair to heterochromatin, determining
regional mutation rates in cancer genomes. Cell Rep. 9, 1228–1234 (2014).
31. Ha, K., Kim, H.-G. & Lee, H. Chromatin marks shape mutation landscape at early stage of
cancer progression. NPJ Genom. Med. 2, 9 (2017).
32. Exposito-Alonso, M. et al. The rate and potential relevance of new mutations in a colonizing
plant lineage. PLoS Genet. 14, e1007155 (2018).
33. Sabarinathan, R., Mularoni, L., Deu-Pons, J., Gonzalez-Perez, A. & López-Bigas, N.
Nucleotide excision repair is impaired by binding of transcription factors to DNA. Nature 532,
264–267 (2016).
34.Privacy
Haudry, A. et al. An atlas of over 90,000 conserved noncoding sequences provides insight
Your
intocookies
crucifer
regulatory
regions.
Nat.works
Genet.
45, 891–898
We use
to make
sure that
our website
properly,
as well as(2013).
some ‘optional’ cookies to personalise
content and advertising, provide social media features and analyse how people use our site. By accepting some or all
optional cookies you give consent to the processing of your personal data, including transfer to third parties, some
35. 1001
Genomes
Consortium.
1,135
Genomes
reveal
thesame
global
pattern
of polymorphism
in countries
outside
of the European
Economic
Area
that do not
offer the
data
protection
standards as the in
country
where you live.
You canCell
decide
which
optional(2016).
cookies to accept by clicking on ‘Manage Settings’, where you
Arabidopsis
thaliana.
166,
481–491
can also find more information about how your personal data is processed. Further information can be found in our
privacy policy.
36. Tajima, F. Statistical method for testing the neutral mutation hypothesis by DNA
polymorphism. Genetics
Accept All 123, 585–595 (1989).
Cookies

Manage Preferences

37. 37. Lloyd, J. P., Seddon, A. E., Moghe, G. D., Simenc, M. C. & Shiu, S.-H. Characteristics of
plant essential genes allow for within- and between-species prediction of lethal mutant
phenotypes. Plant Cell 27, 2133–2147 (2015).
38. Lloyd, J. & Meinke, D. A comprehensive dataset of genes with a loss-of-function mutant
phenotype in Arabidopsis. Plant Physiol. 158, 1115–1129 (2012).
39. Mergner, J. et al. Mass-spectrometry-based draft of the Arabidopsis proteome. Nature 579,
409–414 (2020).
40. Lynch, M. Evolution of the mutation rate. Trends Genet. 26, 345–352 (2010).
41. Koonin, E. V. The Logic of Chance: The Nature and Origin of Biological Evolution (FT
Press, 2011).
42. Johri, P., Charlesworth, B. & Jensen, J. D. Toward an evolutionarily appropriate null model:
jointly inferring demography and purifying selection. Genetics 215, 173–192 (2020).
43. Shaw, F. H., Geyer, C. J. & Shaw, R. G. A comprehensive model of mutations affecting
fitness and inferences for Arabidopsis thaliana. Evolution 56, 453–463 (2002).
44. Keightley, P. D. & Lynch, M. Toward a realistic model of mutations affecting fitness.
Evolution 57, 683–685 (2003).

Your Privacy
45.cookies
Belfield,
E. J.sure
et al.
Thermal
stress
accelerates
Arabidopsis
mutation
rate. Genome
We use
to make
that
our website
works
properly, as
well as somethaliana
‘optional’ cookies
to personalise
content
provide social media features and analyse how people use our site. By accepting some or all
Res.and
31,advertising,
40–50 (2021).
optional cookies you give consent to the processing of your personal data, including transfer to third parties, some
in countries outside of the European Economic Area that do not offer the same data protection standards as the
country
46.where
Watson,
you live.
J. M.You
et can
al. decide
Germline
whichreplications
optional cookies
andtosomatic
accept by
mutation
clicking on
accumulation
‘Manage Settings’,
are where you
can also find more information about how your personal data is processed. Further information can be found in our
independent of vegetative life span in Arabidopsis. Proc. Natl Acad. Sci. USA 113, 12226–12231
privacy policy.

(2016).
47.

Accept All
Cookies

Manage Preferences

Pockrandt,
47.
C., Alzamel, M., Iliopoulos, C. S. & Reinert, K. GenMap: ultra-fast computation of
genome mappability. Bioinformatics 36, 3687–3692 (2020).
48. Huang, W., Li, L., Myers, J. R. & Marth, G. T. ART: a next-generation sequencing read
simulator. Bioinformatics 28, 593–594 (2012).
49. Sedlazeck, F. J., Rescheneder, P. & von Haeseler, A. NextGenMap: fast and accurate read
mapping in highly polymorphic genomes. Bioinformatics 29, 2790–2791 (2013).
50. Weng, M.-L. et al. Fitness effects of mutation in natural populations of Arabidopsis thaliana
reveal a complex influence of local adaptation. Evolution 75, 330–348 (2021).
51. Huang, Y. & Li, G.-M. DNA mismatch repair preferentially safeguards actively transcribed
genes. DNA Repair 71, 82–86 (2018).
52. Wang, Y. et al. Histone H3 lysine 14 acetylation is required for activation of a DNA damage
checkpoint in fission yeast. J. Biol. Chem. 287, 4386–4393 (2012).
53. Yazdi, P. G. et al. Increasing nucleosome occupancy is correlated with an increasing mutation
rate so long as DNA repair machinery is intact. PLoS ONE 10, e0136574 (2015).
54. Lee, H., Popodi, E., Tang, H. & Foster, P. L. Rate and molecular spectrum of spontaneous
mutations in the bacterium Escherichia coli as determined by whole-genome sequencing. Proc.
Natl
Acad. Sci. USA 109, E2774–E2783 (2012).
Your
Privacy
We use cookies to make sure that our website works properly, as well as some ‘optional’ cookies to personalise
content
advertising,
provide social
mediaand
features
and analyse
peoplemutation
use our site.
Byvariation
accepting some
all
55.and
Supek,
F. & Lehner,
B. Scales
mechanisms
ofhow
somatic
rate
acrossorthe
optional cookies you give consent to the processing of your personal data, including transfer to third parties, some
humanoutside
genome.
DNA
Repair
81, 102647
(2019).
in countries
of the
European
Economic
Area that
do not offer the same data protection standards as the
country where you live. You can decide which optional cookies to accept by clicking on ‘Manage Settings’, where you
can also find more information about how your personal data is processed. Further information can be found in our
56. Fryxell, K. J. & Moon, W.-J. CpG mutation rates in the human genome are highly dependent
privacy policy.

on local GC content. Mol. Biol. Evol. 22, 650–658 (2005).
57.

Accept All
Cookies

Manage Preferences

Elango,
57.
N., Kim, S.-H., Vigoda, E. & Yi, S. V. Mutations of different molecular origins exhibit
contrasting patterns of regional substitution rate variation. PLoS Comput. Biol. 4, e1000015
(2008).
58. Hodgkinson, A. & Eyre-Walker, A. The genomic distribution and local context of coincident
SNPs in human and chimpanzee. Genome Biol. Evol. 2, 547–557 (2010).
59. Arndt, P. F., Hwa, T. & Petrov, D. A. Substantial regional variation in substitution rates in the
human genome: importance of GC content, gene density, and telomere-specific effects. J. Mol.
Evol. 60, 748–763 (2005).
60. Duret, L. & Galtier, N. Biased gene conversion and the evolution of mammalian genomic
landscapes. Annu. Rev. Genomics Hum. Genet. 10, 285–311 (2009).
61. Mugal, C. F. & Ellegren, H. Substitution rate variation at human CpG sites correlates with
non-CpG divergence, methylation level and GC content. Genome Biol. 12, R58 (2011).
62. Youk, J., An, Y., Park, S., Lee, J.-K. & Ju, Y. S. The genome-wide landscape of C:G > T:A
polymorphism at the CpG contexts in the human population. BMC Genomics 21, 270 (2020).
63. Polak, P. et al. Cell-of-origin chromatin organization shapes the mutational landscape of
cancer. Nature 518, 360–364 (2015).
64.Privacy
Hung, S. et al. Mismatch repair-signature mutations activate gene enhancers across human
Your
colorectal
cancer
epigenomes.
Elife works
8, e40760
(2019).
We use
cookies to
make sure
that our website
properly,
as well as some ‘optional’ cookies to personalise
content and advertising, provide social media features and analyse how people use our site. By accepting some or all
optional cookies you give consent to the processing of your personal data, including transfer to third parties, some
65. Fang,
J. etofal.
H3G34V/R/D
mutations
blockdata
H3K36
methylation
in countries
outside
theCancer-driving
European Economic
Area that do not
offer the same
protection
standardsand
as the
country
where you live. You interaction.
can decide which
optional
to accept
clicking
on ‘Manage
Settings’, where you
H3K36me3-MutSα
Proc.
Natl cookies
Acad. Sci.
USAby
115,
9598–9603
(2018).
can also find more information about how your personal data is processed. Further information can be found in our
privacy policy.
66. Salzberg, A. C. et al. Genome-wide mapping of histone H3K9me2 in acute myeloid leukemia
reveals large chromosomal
Accept All domains associated with massive gene silencing and sites of genome
Cookies

instability. PLoS ONE 12, e0173723 (2017).

Manage Preferences

67. Supek, F. & Lehner, B. Differential DNA mismatch repair underlies mutation rate variation
across the human genome. Nature 521, 81–84 (2015).
68. Heredia-Genestar, J. M., Marquès-Bonet, T., Juan, D. & Navarro, A. Extreme differences
between human germline and tumor mutation densities are driven by ancestral human-specific
deviations. Nat. Commun. 11, 2512 (2020).
69. Quadrana, L. et al. Transposition favors the generation of large effect mutations that may
facilitate rapid adaption. Nat. Commun. 10, 3421 (2019).
70. Choi, J., Lyons, D. B., Kim, M. Y., Moore, J. D. & Zilberman, D. DNA methylation and
histone H1 jointly repress transposable elements and aberrant intragenic transcripts. Mol. Cell
77, 310–323.e7 (2020).
71. Kawakatsu, T. et al. Epigenomic diversity in a global collection of Arabidopsis thaliana
accessions. Cell 166, 492–505 (2016).
72. Halldorsson, B. V. et al. Characterizing mutagenic effects of recombination through a
sequence-level genetic map. Science 363, eaau1043 (2019).
73. O’Hara, R. & Kotze, J. Do not log-transform count data. Nat. Prec.
https://doi.org/10.1038/npre.2010.4136.1 (2010).
74.Privacy
Knief, U. & Forstmeier, W. Violating the normality assumption may be the lesser of two
Your
evils.
Behav.
Res.sure
Methods
2576–2590
(2021).as well as some ‘optional’ cookies to personalise
We use
cookies
to make
that our53,
website
works properly,
content and advertising, provide social media features and analyse how people use our site. By accepting some or all
optional cookies you give consent to the processing of your personal data, including transfer to third parties, some
75. Evans,
L.ofM.theetEuropean
al. Population
genomics
trichocarpa
identifiesstandards
signatures
of
in countries
outside
Economic
Area that of
do Populus
not offer the
same data protection
as the
country
where you
You cantrait
decide
which optional
cookies
to accept
by clicking on
‘Manage Settings’, where you
selection
andlive.
adaptive
associations.
Nat.
Genet.
46, 1089–1096
(2014).
can also find more information about how your personal data is processed. Further information can be found in our
privacy policy.
76. McDonald, J. H. & Kreitman, M. Adaptive protein evolution at the Adh locus in Drosophila.
Nature 351, 652–654
Accept(1991).
All
Cookies

Manage Preferences

77. 77. Rand, D. M. & Kann, L. M. Excess amino acid polymorphism in mitochondrial DNA:
contrasts among genes from Drosophila, mice, and humans. Mol. Biol. Evol. 13, 735–748
(1996).
78. Eyre-Walker, A. & Keightley, P. D. The distribution of fitness effects of new mutations. Nat.
Rev. Genet. 8, 610–618 (2007).
79. Monroe, G. et al. Drought adaptation in Arabidopsis thaliana by extensive genetic loss-offunction. Elife 7, e41038 (2018).
80. Baggs, E. et al. Convergent loss of an EDS1/PAD4 signaling pathway in several plant
lineages reveals co-evolved components of plant immunity and drought response. Plant Cell 32,
2158–2177 (2020).
81. Mi, H., Muruganujan, A., Ebert, D., Huang, X. & Thomas, P. D. PANTHER version 14:
more genomes, a new PANTHER GO-slim and improvements in enrichment analysis tools.
Nucleic Acids Res. 47, D419–D426 (2019).
82. Henderson, I. R., Liu, F., Drea, S., Simpson, G. G. & Dean, C. An allelic series reveals
essential roles for FY in plant development in addition to flowering-time control. Development
132, 3597–3607 (2005).
83. Haller, B. C. & Messer, P. W. SLiM 3: forward genetic simulations beyond the Wright–Fisher

Your
Privacy
model.
Mol. Biol. Evol. 36, 632–637 (2019).
We use cookies to make sure that our website works properly, as well as some ‘optional’ cookies to personalise
content
advertising,
social media features
people use
our site. By accepting
some or all
84.and
Bomblies,
K. provide
et al. Local-scale
patternsand
of analyse
genetichow
variability,
outcrossing,
and spatial
optional cookies you give consent to the processing of your personal data, including transfer to third parties, some
structure
in natural
stands ofEconomic
Arabidopsis
thaliana.
PLoS
6, e1000890
(2010). as the
in countries
outside
of the European
Area that
do not offer
theGenet.
same data
protection standards
country where you live. You can decide which optional cookies to accept by clicking on ‘Manage Settings’, where you
can also find more information about how your personal data is processed. Further information can be found in our
85.policy.
Platt, A. et al. The scale of population structure in Arabidopsis thaliana. PLoS Genet. 6,
privacy

e1000843 (2010).
86.

Accept All
Cookies

Manage Preferences

Cao,
86. J. et al. Whole-genome sequencing of multiple Arabidopsis thaliana populations. Nat.
Genet. 43, 956–963 (2011).
87. Gossmann, T. I. et al. Genome wide analyses reveal little evidence for adaptive evolution in
many plant species. Mol. Biol. Evol. 27, 1822–1832 (2010).
88. Moore, R. C. & Purugganan, M. D. The early stages of duplicate gene evolution. Proc. Natl
Acad. Sci. USA 100, 15682–15687 (2003).

Acknowledgements
We thank members of the Weigel laboratory and the broader community for comments on earlier
versions of this manuscript, especially A. Britt, P. Flood, K. Krasileva, M. Lynch, D. Petrov, J. RossIbarra, D. Runcie, B. Schmitz and D. Sloan. This work was supported by NSF grants DEB 0844820
and DEB 1257902 (to C.B.F.), NSF DEB 0845413 and DEB 1258053 (to M.T.R.), the UC Davis
Department of Plant Sciences (to J.G.M.), and by DFG grant ERA-CAPS 1001G+ and the Max Planck
Society (to D.W.).

Funding
Open access funding provided by Max Planck Society.
Your Privacy
We use cookies to make sure that our website works properly, as well as some ‘optional’ cookies to personalise
content and advertising, provide social media features and analyse how people use our site. By accepting some or all
optional cookies you give consent to the processing of your personal data, including transfer to third parties, some
in countries outside of the European Economic Area that do not offer the same data protection standards as the
country where you live. You can decide which optional cookies to accept by clicking on ‘Manage Settings’, where you
can also find more information about how your personal data is processed. Further information can be found in our
Author notes
privacy policy.

Author information

1. Claude Becker
Accept All
Cookies

Manage Preferences

Present address: Faculty of Biology, Ludwig Maximilian University, Martinsried, Germany

Affiliations
1. Department of Molecular Biology, Max Planck Institute for Biology Tübingen, Tübingen, Germany
J. Grey Monroe, Thanvi Srikant, Pablo Carbonell-Bejerano, Claude Becker, Marie Klein, Julia Hildebrandt, Manuela Neumann & Detlef Weigel

2. Department of Plant Sciences, University of California Davis, Davis, CA, USA
J. Grey Monroe, Mariele Lensink, Marie Klein & Daniel Kliebenstein

3. Department of Plant Biology, Carnegie Institution for Science, Stanford, CA, USA
Moises Exposito-Alonso

4. Department of Biology, Stanford University, Stanford, CA, USA
Moises Exposito-Alonso

5. Department of Biology, Westfield State University, Westfield, MA, USA
Mao-Lun Weng

6. ISEM, University of Montpellier, Montpellier, France
Eric Imbert

7. Department of Ecology and Genetics, EBC, Uppsala University, Uppsala, Sweden
Your Privacy
We use
cookies to make sure that our website works properly, as well as some ‘optional’ cookies to personalise
Jon Ågren
content and advertising, provide social media features and analyse how people use our site. By accepting some or all
optional cookies you give consent to the processing of your personal data, including transfer to third parties, some
Department of Biology, College of Charleston, Charleston, SC, USA
in8.
countries
outside of the European Economic Area that do not offer the same data protection standards as the
country where you live. You can decide which optional cookies to accept by clicking on ‘Manage Settings’, where you
can also
findT. more
Matthew
Rutter information about how your personal data is processed. Further information can be found in our
privacy policy.

9. Oak Lake Field Station, South Dakota State University, Brookings, SD, USA
Accept All
Cookies
Charles B. Fenster

Manage Preferences

Contributions
All authors contributed to the work presented in this paper. J.G.M. and D.W. conceived the project.
M.-L.W., M.T.R. and C.B.F. conducted the mutation accumulation experiments with material from
C.B., J.A. and E.I. These lines were sequenced by J.H., M.N. and C.B. T.S. performed ATAC-seq.
M.K. and P.C.-B. generated deep resequencing data for siblings. Data analyses were led by J.G.M.
with M.-L.W., T.S. and P.C.-B., with major additional contributions from M.L., M.E.-A., M.K., D.K.,
D.W., C.B.F. and D.W. J.G.M. and D.W. wrote the manuscript with major contributions from T.S.,
P.C.-B., C.B., M.L., M.E.-A., M.K., D.K., M.-L.W., J.A., M.T.R. and C.B.F. All authors read and
provided feedback on the manuscript. Interpretation of data and results were led by J.G.M. and D.W.,
with major contributions from T.S., P.C.-B., C.B., M.L., M.E.-A., M.K., D.K., M.-L.W., J.A., M.T.R.
and C.B.F.

Corresponding authors
Correspondence to J. Grey Monroe or Detlef Weigel.

Ethics declarations
Competing interests
The authors declare no competing interests.

Your Privacy
We use cookies to make sure that our website works properly, as well as some ‘optional’ cookies to personalise
content and advertising, provide social media features and analyse how people use our site. By accepting some or all
optional cookies you give consent to the processing of your personal data, including transfer to third parties, some
in countries outside of the European Economic Area that do not offer the same data protection standards as the
country where you live. You can decide which optional cookies to accept by clicking on ‘Manage Settings’, where you
Nature thanks Olivier Tenaillon, Michael Purugganan and the other, anonymous, reviewer(s) for their
can also find more information about how your personal data is processed. Further information can be found in our
privacy policy.to the peer review of this work. Peer reviewer reports are available.
contribution

Peer review information

Accept All
Cookies

Manage Preferences

Additional information
Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published
maps and institutional affiliations.

Extended data figures and tables
Extended Data Fig. 1 Workflow and quality control of de novo mutation
identification.
a, Filtering pipeline. b, High-quality de novo mutations called in this study on the original mutation
accumulation experiment data (107 replicate lineages of Col-0, total number = mutations from this
study plus ref. 12). c, Visualization of raw data and properties of high-confidence set. d, Estimated
probability of mutation calls being erroneous based on alternative and total read depths in the highconfidence set and variants removed by filtering.

Extended Data Fig. 2 Summary of observed de novo mutations and distribution
across original Col-0 mutation accumulation (MA) lines.
a, De novo mutations detected in genic regions (genes ± 1,000 bp) in individual MA lines. SNVs in
light blue, InDels in magenta. Our investigation was focused on mutations in and around genes, so for
clarity mutations elsewhere (i.e., near centromeres) are not shown. b, Distribution of mutations across
genic regions per 2 Mb windows. Vertical black lines in the lower plot mark the location of genes. c,
Mutation rates in lethal- and non-lethal-effect genes (n = 27,206 genes, mean ± 2 s.e.m., two-sided tYour Privacy
test) d, Frequencies of single nucleotide transitions and transversions. e, Distribution of frequency of
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Extended Data Fig.
3 Sequencing
depth, mappability, and false positives do not
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explain observed biases
in distributions of natural polymorphisms or observed

mutations used to predict mutation probabilities.
a, Sequencing depth around transcription start (TSS) and termination (TTS) sites in one randomly
chosen mutation accumulation line. b, Mappability around TSS TTS site calculated with GenMap47. c,
Rates of false positive SNP and InDel calls around TSS and TTS determined from 1,000 iterations of
simulated Illumina reads. d, Simulation of effect of selection on gene bodies. Selection could take the
form of mutations being dominant lethal or through somatic competition of mutations with small
selection coefficients. 0 = 0%, 0.01 = 1%, 0.1 = 10%, 0.2 = 20%, 0.3 = 30% of gene body mutations
removed by purifying selection. 30% is estimated to be the approximate upper bound of constrained
sites in gene bodies34. e–i, Resequencing of 10 siblings of one MA line from ref. 12. e, Overview of
experimental design for testing the effect of sequencing depth on calling somatic mutations. f, Filtered
heterozygous variants (SNVs and InDels) called in sibling #5 sequenced at ~600x depth overlap more
with variants called from sibling #5 at ~60x sequencing depth than with other siblings at ~60
sequencing depth. The boxplots show the distribution of 20 iterations of sampling equal numbers of
heterozygous variants (to account for differences in total number of variants called in different
siblings) for each sibling sequenced at ~60x and compared to sibling 5 sequenced at ~600x. Boxplots
show median with maxima and minima reflecting interquartile range (IQR), whiskers = 1.5 * IQR (n =
20 iterations). g, Frequency distribution of unfiltered heterozygous variants called in 10 siblings
sequenced at ~60x depth each. Note that because these siblings are descendants of 25 generations of
self-fertilization, the number of true heterozygous (inherited segregating) calls is expected to be very
small compared to heterozygous variants that are chimeric somatic mutations. h, Average mappability
of variants detected in different numbers of siblings out of the 10 sequenced siblings. i, Variants called
independently in one sibling or, less so, in two to four siblings show signatures of mutation bias. In
contrast,
variants called in five or more siblings (which should more likely be false positives due to
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eight founder genotypes. For each founder, 35-60 lines were propagated for 8-10 generations. b, The
proportion of somaticAccept
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downstream)) among descendants of the same founder. F- and p-values from one-way ANOVA. (n =

400 unique mutation accumulation lines, mean ± 2 s.e.m.) c, Somatic variants detected from reanalysis
of 64 individual leaves from two Col-0 plants21. d, Germline variants detected in a bottlenecked A.
thaliana lineage following colonization of North America since ~1600 (ref. 32). e, Epigenomepredicted and observed mutation rates across all datasets for InDels and SNVs, comparing gene bodies
(GB) with upstream/downstream (U/D) regions. P-values from chi-squared tests.

Extended Data Fig. 5 Relationships between epigenome-predicted mutation
probability, observed de novo mutations, polymorphisms in natural populations,
and Tajima’s D in natural populations.
These data show the quantitative relationships apparent in Fig. 2 of the main text. Each point reflects
the value in one window of 1,200 calculated windows across all 33,056 genes, in relation to genomewide transcription start and termination sites (TSS, TTS). Error bars indicate ±2 s.e.m. confidence
intervals. For epigenome-predicted mutation probability scores, each point reflects the mean ±2 s.e.m.
across all genes. For observed de novo mutations, each point reflects the total number of mutations ±2
s.e.m. (bootstrapped). For polymorphisms, each point reflects the total number of variants ±2 s.e.m.
(bootstrapped). For Tajima’s D, each point reflects the mean ±2 s.e.m. Tajima’s D is already predicted
by existing theory to be negatively correlated with mutation rate, as regions with higher mutation rate
will be enriched for newer and therefore rarer variants.

Extended Data Fig. 6 Effects of mutation rate and selection heterogeneity on
polymorphisms and Tajima’s D along genes.
Simulation results from SLiM83 for the first 100 genes of chromosome 1 using a population of 1,000
individuals and 10,000 generations. a–c, Average correlation between 200 permutations of simulated
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in natural A. thaliana accession. c, Pearson correlation coefficients (pcc) comparing number of

polymorphisms accumulated in each simulation to that of observed data in wild Arabidopsis
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accessions. d–k, Examples
of polymorphism (red) and Tajima’s D (blue)
in relation to gene bodies

(TSS, TTS) averaged from 200 permutations of a scenario approximating empirical estimates of
mutation rate heterogeneity and selection heterogeneity between gene bodies and intergenic space.
Parameters (see a) given for each scenario. Strong purifying selection in gene regions alone (with
equal mutation rates between gene bodies and intergenic space), which also reduces levels of
polymorphism in gene bodies, causes more negative Tajima’s D values in gene bodies, which is
inconsistent with observed data in natural A. thaliana accessions.

Extended Data Fig. 7 Relationships between untranslated regions or introns and
mutation rates.
a, Distribution of epigenomic features in genes with different numbers of exons. b, Epigenomepredicted Mutation Probability Score (MPS), rates of natural polymorphism, and Tajima’s D in genes
with different numbers of exons. c, Left: comparison of Mutation Probability Score (MPS) between
genes with UTRs and those lacking 5’ or 3’ UTRs. Horizontal lines mark the mean difference between
genes with and without UTRs. Vertical lines mark the mean +- confidence intervals of two-sided ttests. Center: rates of natural polymorphism in natural A. thaliana accessions. Right: Tajima’s D in
natural accessions. (n = 35,526 gene models). d, Left: Pearson’s correlation coefficients for
relationship between predicted mutation probabilities and the absolute length of 5’ and 3’ UTRs.
Horizontal lines mark the means, and vertical lines mark the mean +- confidence intervals. Center:
same for rates of natural polymorphism in natural accessions. Right: same for Tajima’s D in natural
accessions. (n = 35,526 gene models). e, Left: Relationships between intron number and total intron
length with predicted mutation probabilities. Points indicate mean values. Center: same for rates of
natural polymorphism in natural accessions. Right: same for Tajima’s D in natural accessions. f,
Results for 544 Populus trichocarpa accessions75. Horizontal lines mark the means, and vertical lines
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mark the mean ± confidence intervals of two-sided t-tests (n = 73,013 gene models).
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genes binned according to the number of tissues in which they are expressed (n = 25,987 genes with
tissue-specific expression data)39.

Extended Data Fig. 9 Predicted mutation rates and evidence of selection on natural
polymorphisms versus de novo mutations across gene regions.
a, Relationship between Tajima’s D of gene bodies and coding region selection estimated by Pn/Ps (n
= 21,407 genes) and b, Dn/Ds (n = 21,407 genes). c, Epigenome-predicted mutation probability in
different gene features. d, Scaled residuals ((Obs-Pred)/Pred) from S ~ u. Significantly negative
residuals in coding regions are consistent with purifying selection in natural populations acting on new
mutations. e, Relationships between epigenome-predicted mutation probability and other estimates of
constraint. Residuals between predicted mutation rate and observed mutations are positively correlated
with predicted mutation rate indicating that genes subject to purifying selection are predicted to mutate
less. Genes with low predicted mutation rates are also less likely to have alpha > 0, a measure of
variants under positive selection. Genes with low predicted mutation rate are depleted in natural
populations for non-synonymous variants that reach fixation, as measured by the Neutrality Index, and
for loss-of-function variants.

Extended Data Fig. 10 Estimates of Lsegment for different regions.
a, Length of sequence space (Lsegment) reflecting different types of regions. b, Test of parameter space
that satisfies population genetic theoretical predictions for the possibility for targeted hypomutation to
evolve. OOM = orders of magnitude. Selection on intragenomic mutation rate variation will be
effective5,40 when Ne * u * s * du * pd * Lsegment > 1 where Ne is the effective population size, u is
the
mutation
rate, s is the average selection coefficient on deleterious mutations, du is the degree of
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For perspective, this minimum Lsegment is considerably shorter (~1.5%) than the sum of coding

regions with elevated levels of H3K4me1 (top quartile is ~13 Mb, or 15% of the genome), a feature
enriched in gene bodies and essential genes and associated with lower mutation rate. Thus, selection is
expected to act with high efficiency on variants that cause DNA repair and protection mechanisms to
preferentially target such regions.
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