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ABSTRACT Reduction of fitness due to deleterious mutations imposes a limit to adaptive evolution. By characterizing features that
influence this genetic load we may better understand constraints on responses to both natural and human-mediated selection. Here,
using whole-genome, transcriptome, and methylome data from >600 Arabidopsis thaliana individuals, we set out to identify impor-
tant features influencing selective constraint. Our analyses reveal that multiple factors underlie the accumulation of maladaptive
mutations, including gene expression level, gene network connectivity, and gene-body methylation. We then focus on a feature with
major effect, nucleotide composition. The ancestral vs. derived status of segregating alleles suggests that GC-biased gene conversion, a
recombination-associated process that increases the frequency of G and C nucleotides regardless of their fitness effects, shapes
sequence patterns in A. thaliana. Through estimation of mutational effects, we present evidence that biased gene conversion hinders
the purging of deleterious mutations and contributes to a genome-wide signal of decreased efficacy of selection. By comparing these
results to two outcrossing relatives, Arabidopsis lyrata and Capsella grandiflora, we find that protein evolution in A. thaliana is as
strongly affected by biased gene conversion as in the outcrossing species. Last, we perform simulations to show that natural levels of
outcrossing in A. thaliana are sufficient to facilitate biased gene conversion despite increased homozygosity due to selfing. Together,
our results show that even predominantly selfing taxa are susceptible to biased gene conversion, suggesting that it may constitute an

important constraint to adaptation among plant species.
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HE reduction of fitness due to recurrent deleterious mu-

tations can constrain adaptive evolution (Haldane 1937;
Muller 1950; Crow 1970; Charlesworth and Charlesworth
1998; Agrawal and Whitlock 2012). The extent of this genet-
ic load depends on the efficacy of purifying selection, which
may differ between species and populations due to factors
such as mating-system and demographic history (Muller
1964; Ohta 1973; Lynch and Gabriel 1990; Charlesworth
et al. 1993; Nordborg 2000). However, the strength of puri-
fying selection also varies within individual genomes, so that
some chromosomal regions are more prone to accumulate
deleterious variants than others (Hill and Robertson 1966;
Felsenstein 1974; Chun and Fay 2011; Hartfield and Otto
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2011). Identifying features that influence this variation not
only informs about the limits of adaptation but also may pro-
vide insight into processes such as the evolution of sexual
reproduction (Charlesworth et al. 1993; Peck 1994;
Charlesworth and Charlesworth 1998; Keightley and Otto
2006).

Features influencing genetic load within a genome are not
well resolved, although some common patterns have been
established. For instance, in nearly all studied taxa, the
expression level of a gene is positively associated with the
strength of purifying selection, suggesting that highly
expressed genes tend to have essential roles in physiology
and development (Koonin 2011). The same likely holds true
for genes occupying central positions within gene networks,
as multiple studies have found evidence that highly con-
nected genes are under strong selective constraint (Rausher
et al. 1999; Fraser et al. 2002; Papakostas et al. 2014; Josephs
et al. 2017). Both theoretical (Muller 1964; Hill and
Robertson 1966; Felsenstein 1974; Hartfield and Otto
2011) and empirical (Chun and Fay 2011; Zhang et al
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2016) studies also have established that recombination rate
can modulate the strength of purifying selection, so that del-
eterious alleles are more efficiently removed in regions of
high recombination. Moreover, features such as gene-body
methylation and chromatin remodeling may be associated
with genetic load, as methylated cytosines are known to have
elevated mutation rate (Bird 1980; Weng et al. 2019), and
accessible chromatin regions, indicative of cis-regulatory ele-
ments (Klemm et al. 2019), show high sequence conservation
between species (Rodgers-Melnick et al. 2016; Lu et al.
2019).

GC-biased gene conversion (gBGC) also is expected to
influence genetic load (Bengtsson 1990). gBGC takes place
during meiotic recombination, when GC/AT heterozygotes
occurring within a heteroduplex DNA are preferentially fixed
to GC (as opposed to AT) nucleotides (Marais 2003; Galtier
and Duret 2007; Mugal et al. 2015). gBGC increases the fre-
quency of GC alleles regardless of their fitness effects, which
can lead to an accumulation of deleterious mutations
(Bengtsson 1990; Glémin 2010). Indeed, evidence for in-
creased genetic load due to gBGC has been found in the
human genome (Necsulea et al. 2011; Lachance and
Tishkoff 2014). The increased frequency of GC alleles, as well
as the decreased frequency of AT alleles, may also give the
appearance of selection, leading to a biased view of the se-
lection landscape (Galtier and Duret 2007; Galtier et al.
2009; Ratnakumar et al. 2010; Corcoran et al. 2017;
Bolivar et al. 2018; Rousselle et al. 2019). The widespread
occurrence of gBGC is well-established in animals (Galtier
et al. 2001, 2009, 2018; Duret and Galtier 2009; Wallberg
etal. 2015; Glémin et al. 2015; Mugal et al. 2015; Smeds et al.
2016; Corcoran et al. 2017; Bolivar et al. 2018; Rousselle
et al. 2019) and yeast (Mancera et al. 2008; Lesecque et al.
2013), but less is known about it in plants (Glémin et al.
2014; Clément et al. 2017). The extent of gBGC is thought
to be directly related to the outcrossing rate, so that it is either
weak or absent in highly homozygous selfing species (Marais
etal. 2004; Glémin 2010). Empirical data support this notion,
as selfing species of the genus Oryza and Collinsia have
shown weaker footprints of gBGC than outcrossing species
(Muyle et al. 2011; Hazzouri et al. 2013). However, by exam-
ining the association between recombination rate and the
nucleotide composition of segregating sites, Giinther et al.
(2013) found that gBGC may shape sequence variation in a
predominantly selfing species, Arabidopsis thaliana. These
results raise questions about the extent of gBGC in selfing
species, and whether the accumulation of deleterious muta-
tions and apparent signal of selection due to gBGC are limited
to outcrossing taxa.

In this study, we first perform a comprehensive analysis of
genomic features that likely underlie the accumulation of
maladaptive mutations in A. thaliana. This species has re-
cently switched from outcrossing to selfing (Bechsgaard
et al. 2006; Tang et al. 2007; Bomblies et al. 2010;
Durvasula et al. 2017), which has important implications
for the dynamics of deleterious variants (Charlesworth
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et al. 1993). Specifically, selfing reduces the effective popu-
lation size (N,), thereby weakening the efficacy of purifying
selection (Bustamante et al. 2002). By increasing homozygos-
ity, selfing also weakens the effects of recombination on alle-
lic diversity (Nordborg 2000), which may run counter to the
expectation that regions of high recombination accumulate
few deleterious mutations (Hartfield and Otto 2011). Here,
by combining whole-genome, transcriptome, and methylome
data from >600 individuals, we leverage the considerable
genomic and functional information available for A. thaliana
to identify important factors associated with maladaptive
mutations. We then focus on a feature with major effect—
nucleotide composition. Our results suggest that gBGC has a
sizable effect on sequence variation in A. thaliana despite
selfing. We present evidence that gBGC decreases the efficacy
of purifying selection by increasing the frequency of slightly
deleterious mutations, which intensifies genome-wide sig-
nals of relaxed selection. Comparisons with two outcrossing
species, Arabidopsis lyrata and Capsella grandiflora, suggest
that gBGC leads to a footprint of relaxed purifying selection
in all three species, but weakens signals of positive selection
only in the two Arabidopsis species. Moreover, the simula-
tions we perform demonstrate that natural levels of outcross-
ing are sufficient to facilitate gBGC in A. thaliana. Together,
our results suggest that the importance of gBGC on sequence
evolution is not limited to outcrossing taxa, but can have
considerable genome-wide impact also in predominantly
selfing species—a group that includes many of the most im-
portant crop species (Ross-Ibarra et al. 2007).

Materials and Methods
Data acquisition

Our main analyses are based on publicly available genome,
transcriptome, and methylome data from the model-species
A. thaliana. We focus on 645 genotypes, for which these data
were collected by The 1001 Genomes Consortium (1001
Genomes Consortium 2016; Kawakatsu et al. 2016). These
individuals represent ecotypes collected across Eurasia,
North Africa, and North America.

A VCF file containing both variant and invariant sites for
1135 A. thaliana genotypes was downloaded from The
1001 Genomes database (https://1001genomes.org/data/
GMI-MPI/releases/v3.1/, last accessed September 20,
2019) and filtered with VCFtools (Danecek et al. 2011). We
retained only genotypes for which transcriptomes were se-
quenced by Kawakatsu et al. (2016). We then removed indi-
viduals identified as “relics” in the original publications, as
they exhibited genetic and expression profiles that were dis-
tinct from the other individuals, leaving 645 genotypes. All
indels and SNPs with more than two alleles were removed.
We also removed sites with >20% missing data, and imputed
the missing genotypes with Beagle 5 (Browning et al. 2018).
Out of 120 M sites, we retained 79 M (6.3 M variable) after
filtering.
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Expression data for the 645 individuals were downloaded
from NCBI GEO: GSE80744. According to the original publi-
cation (Kawakatsu et al. 2016), leaf samples were collected
from plants grown in a common greenhouse environment,
the RNA-seq reads aligned against the TAIR10 reference ge-
nome (Lamesch et al. 2012), and the per-gene read counts
batch-corrected and size-normalized.

Methylation calls for the 645 individuals were downloaded
from GEO: GSE43857 (Kawakatsu et al. 2016). For each in-
dividual, we counted the proportion of methylated cytosines
(mCG, mCHG, and mCHH contexts, where His A, T, or C) per
gene. Sites with coverage <5 were removed. We estimated
two features of the methylation data: the average proportion
of methylated cytosines and methylation variability (mea-
sured as coefficient of variation) across the individuals.

Genomic features

We characterized multiple features that may play a role in
defining the rate of sequence evolution at different regions of
the A. thaliana genome. First, we used the TAIR10 annota-
tion to count the number of exonic and intronic base-pairs,
number of splice variants, distance to the centromere, and
distance to the nearest transposable element (TE) for each
gene. We then used invariant sites from the SNP-calls to
calculate the percentage of guanine and cytosine bases per
gene (GC%). We used ENCprime (https://github.com/jno-
vembre/ENCprime, last accessed October 11, 2019) to esti-
mate the effective number of codons, as reflected in the
statistic N; (Novembre 2002). Using data from Lu et al
(2019), we defined accessible chromatin regions (ACRs), in-
dicative of cis-regulatory elements (Klemm et al. 2019).
Around half of the ACRs in A. thaliana are found in genic
regions (Lu et al. 2019), so we utilized two features of the
data: distance to the nearest ACR and the percentage of ACR-
base-pairs (ACR%) per gene.

Recombination rates (r) for genes in the A. thaliana ge-
nome were estimated from a crossover map covering
>17,000 meiotic crossover events [based on 1920 F, prog-
eny (Col-0 and Ler-0), Rowan et al. 2019]. The density of de
novo mutations (n = 2023) from 107 mutation accumulation
lines (maintained for 25 generations as single-seed descent,
Weng et al. 2019), were used to define mutation rates () for
the genes. We used machine-learning-based regression mod-
eling to predict per-gene estimates of r and ., given their
chromosomal locations. The Extremely Randomized Trees
(Extra-Trees) method (Geurts et al. 2006), as implemented
in the R package ranger (Wright and Ziegler 2017), was used
for the prediction. For more information, see section
Machine-learning.

Co-expression network

We used the R package WGCNA (Langfelder and Horvath
2008) to identify modules of co-expressed genes within the
transcriptome data, as well as to estimate among-gene connec-
tivity. A soft-thresholding power of 12 was used to calculate
adjacencies for a signed co-expression network. Topological

overlap matrix (TOM) and dynamic-cut tree algorithm were
used to define network modules. Modules with =90% identi-
cal expression profiles were merged. Connectivity was defined
as the sum of adjacencies between the focal-gene and other
genes in the network.

Quantification of selective constraint

To identify putatively harmful mutations, we predicted mu-
tational effects with SIFT4G (Vaser et al. 2016). SIFT predic-
tions are based on protein conservation among homologous
sequences, with rare nonsynonymous mutations assigned
lower (i.e., more harmful) scores. Based on analysis of known
deleterious variants, this method was found to perform
well in A. thaliana (Kono et al. 2018). We used the existing
A. thaliana database (https://sift.bii.a-star.edu.sg/sift4g/,
last accessed October 4, 2019) to annotate SNPs with MAF
=0.01 among the 645 individuals, and calculated an average
SIFT-score for each gene (averaged across sites at which mu-
tational effects were predicted). High SIFT-scores indicate a
low average impact of segregating mutations, reflecting
strong purifying selection, whereas low SIFT-scores are due
to high average impact of segregating mutations, reflecting
relaxed selective constraint.

As a comparison to SIFT-scores, we estimated two statistics
reflecting the efficacy of purifying selection: the ratio of non-
synonymous to synonymous nucleotide divergence (dn/ds)
between A. thaliana and A. lyrata, and the ratio of nonsynon-
ymous to synonymous nucleotide diversities (my/ms) within
A. thaliana (Nielsen 2005; Chen et al. 2017). For each gene,
we also estimated pairwise nucleotide diversity across all
sites, which is sensitive to factors besides purifying selection
(Cutter and Payseur 2013). For dy/ds, orthologous gene-
pairs were identified with reciprocal BLAST (Camacho et al.
2009) and coding sequences aligned at the codon-level with
PRANK (Loytynoja and Goldman 2008). dy and dgs were then
estimated with the R package SeqinR (Charif and Lobry
2007). We used the full VCF-file to estimate pairwise nucle-
otide diversity (Tajima 1983) across each callable site (vari-
ant and invariant).

Machine-learning

We explored what factors best predict gene-specific measures
of sequence evolution using machine-learning based regres-
sion modeling. The following features were used in the
models: GC%, number of exonic and intronic base pair, num-
ber of splice variants, distance to the centromere, effective
number of codons, r, ., distance to the nearest TE, distance to
the nearest ACR, ACR%, methylation level, methylation var-
iability, connectivity, expression level, expression variability,
and the co-expression module assignment. The R package
ranger (Wright and Ziegler 2017) was used to train Extra-
Trees (Geurts et al. 2006) forests to estimate the relative
importance of each predictor variable. To this end, settings
-splitrule “extratrees” -replace = F and -sample.fraction = 1
were used in ranger. Extra-Trees is an extension of the popu-
lar ensemble learning method, Random Forest (Breiman
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2001), in which a random selection of data is used to train
decision trees, and the response variable predicted based on
the resulting forest. In contrast to Random Forest, which trains
trees on a subset of the learning sample and defines optimal
cut-points for each node, Extra-Trees are trained on the whole
sample and the cut-points are chosen randomly. This approach
generally reduces the risk of overfitting, potentially leading to
more accurate prediction (Geurts et al. 2006). Indeed, with
our data, Extra-Trees outperformed Random Forest by consis-
tently yielding ~1.3X more accurate predictions (70% used
for training and 30% used for testing). A total of 500 trees
were trained in each model, and the best tuning parameters
(number of variables split at each node and minimum node
size) were chosen based on fivefold cross-validation, con-
ducted with the R package caret (Kuhn 2008). Variable impor-
tance was estimated using a corrected Gini importance
measure, which is not biased by the number or frequency of
categories (Nembrini et al. 2018). Deviations from random
expectations were assessed by permuting each predictor vari-
able across genes. However, as training a large number of
machine-learning models to estimate accurate permutation
P-values is computationally intensive, we used a smaller num-
ber of repeats (n = 100) to establish a null distribution for each
predictor. These empirical nulls approximately follow a normal
distribution (Billingsley 2008), so we used the mean and SD to
define P-values with the R function pnorm.

Derived allele frequency estimation

To better understand how nucleotide composition influences
selective constraint, we partitioned segregating alleles based
on their ancestral vs. derived status. We utilized three species
from the family Brassicaceae as outgroups: A. lyrata (Hu et al.
2011), Capsella rubella (Slotte et al. 2013), and Arabis alpina
(Willing et al. 2015). The three reference genomes were
aligned against the A. thaliana genome with MUMmer4
(Marcais et al. 2018) and variants in regions showing one-
to-one alignments in at least two of the three comparisons
were used to estimate derived allele frequencies (DAF). First,
we used a method by Keightley and Jackson (2018) to infer
probabilities for derived alleles based on polymorphism data
and the outgroup species. Substitutions were assumed to
follow a six-parameter (R6) model, which allows for vari-
able mutation probabilities between different nucleotides
(Keightley and Jackson 2018). The uncertainty in the assign-
ment of derived alleles was then directly incorporated into
the DAF estimation:

. S 1 P(A; = derived)xy; + P(a; = derived)xy;
Do 1Xai + Xai

where x4; and x,; are the counts of alleles A; and a; in a site i,
and n is the number of segregating sites in a gene. We
employed the common division of nucleotides based on their
number of hydrogen bonds, strong (S: G or C) and weak (W:
A or T), to estimate DAF for classes: WS, SW, and SS+WW
(the first letter or each pair corresponds to the ancestral allele
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and the second letter corresponds to the derived allele).
gBGC tends to increase the frequency of derived S alleles
and decrease the frequency of derived W alleles, and there-
fore the relative frequencies of WS, SW, and SS+WW alleles
provide insight into the strength of gBGC at different regions
of the genome. As a more specific measure of gBGC, we esti-
mated the ratio of WS to SW (WS/SW) for each gene, with
estimates >1 indicating an excess of segregating S alleles,
potentially caused by gBGC. We note that mutation probabil-
ities in the R6 substitution model are symmetric (e.g.,C — T
and T — C are represented by a single parameter) and there-
fore asymmetries in mutation rates, caused e.g., by the hyper-
mutability of methylated cytosines, are not directly
accounted for. To examine to what extent such asymmetries
might bias the derived-allele probabilities, we used a parsi-
mony-based approach (all three outgroup-species were re-
quired to carry the same allele) to estimate mutation
proportions between each of the four nucleotides. Our results
indicate that C — T (0.18) and G — A (0.18) transitions
have been the most common mutations, followed by the op-
posite T — C (0.11) and A — G (0.11) transitions. By con-
trast, transversion have been less common and more
symmetric (Supplemental Material, Figure S1). The observed
transitional asymmetry may therefore cause the derived-al-
lele probabilities to be overestimated at SW sites, leading to
an increase of SW alleles being sampled, and underestimated
at WS sites, leading to a decrease of WS alleles being sam-
pled. Given that this pattern is opposite to what is expected
under gBGC, the asymmetry should, on average, make our
results conservative.

DFE and o

We estimated the distribution of fitness effects (DFE) using
DFE-alpha (Keightley and Eyre-Walker 2007). DFE-alpha
models the DFE as a gamma distribution governed by the
mean strength of selection (N,s) and the shape parameter
B. The DFE can range from leptokurtic (L-shaped) to platy-
kurtic (spike-shaped), providing insight into the strength of
purifying selection (Eyre-Walker and Keightley 2007). An
extension of the McDonald-Kreitman test (McDonald and
Kreitman 1991) was used to estimate the rate of positive
selection, while taking into account the number of nearly
neutral mutations derived from the DFE (Eyre-Walker and
Keightley 2009). Here, the ratio of nonsynonymous to syn-
onymous polymorphisms (pn/ps) within species is compared
against the ratio of nonsynonymous to synonymous diver-
gence (dn/ds) between species. The proportion of adaptive
substitutions is then estimated as: @ = 1 — (pn/ps)/ (dn/ds),
and the rate of adaptive substitutions relative to the neutral
mutation rate as: wa = a(dn/ds).

We used the whole-genome alignments to count the num-
ber of 0-fold and fourfold substitutions in A. thaliana. All
variant and invariant sites from the aligned regions were then
used to estimate unfolded nonsynonymous and synonymous
site frequency spectra (SFS), which were subsequently folded
by DFE-alpha. The A. thaliana accessions used here are fully
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homozygous, so we treated them as haploid when estimating
the SFS. To account for the uncertainty in the assignment of
ancestral vs. derived alleles, which is important for the WS
and SW sites, we sampled derived alleles based on their in-
dividual probabilities using the same approach as with DAF.
To account for nonequilibrium population histories, two-step
N, change was included into the DFE models. Confidence
intervals for DFE, «, and ws were estimated by fitting the
models to 500 parametric bootstrap SFS. We assumed that
counts in the bootstrap replicates were distributed multino-
mially, with number of trials corresponding to total number
of sites in the SFS and the probability of success correspond-
ing to proportion of sites in a given derived allele group.
The bootstrap SFS were generated with the R function
rmultinom.

Arabidopsis lyrata and Capsella grandiflora

To better assess how selfing affects gBGC, we repeated part of
our analyses using whole-genome data from two outcrossing
Brassicaceae species, A. lyrata ssp. petraea and Capsella gran-
diflora. For A. lyrata, we used 21 individuals from Jotunhei-
men, Norway, published as part of two studies: Mattila et al.
(2017) and Hamélé et al. (2018). For C. grandiflora, we used
21 individuals from Zagori, Greece, published by Steige et al.
(2017). With the C. grandiflora data, we followed the ap-
proach of Steige et al. (2017) and aligned reads against the
genome of a recently (<200 KYA, Koenig et al. 2019) di-
verged species C. rubella, which is more contiguous than

the currently available C. grandiflora genome. For estimation
of recombination rates, we used linkage maps constructed for
both species. The A. lyrata map consists of 1515 markers,
genotypes for 354 F, progeny (H&maila et al. 2017), and
the C. grandiflora map consists of 890 markers, genotyped
for 550 F, progeny (Slotte et al. 2012).

For both A. lyrata and C. grandiflora, low quality reads and
sequencing adapters were first removed with Trimmomatic
(Bolger et al. 2014) and the surviving reads aligned against
their respective reference genomes (A. lyrata v1.0, Hu et al.
2011; C. rubella v1.0, Slotte et al. 2013) with BWA-MEM (Li
2013). SAMtools (Li et al. 2009) was used to sort the align-
ments and remove duplicated reads. Calling of variant and
invariant sites was done with BCFtools (Li 2011), using only
reads with mapping quality =30 and base quality =20. The
resulting VCF-files were filtered with the following require-
ments: site quality =20, genotype quality =20, read
coverage =6, and missing data in <20% of individuals. All
indels and SNPs with more than two alleles were further re-
moved. For A. lyrata, we retained 110 M (4.9 M variable)
out of 150 M sites, and, for C. grandiflora, we retained
100 M (7.3 M variable) out of 120 M sites. These data were
used to estimate GC%, wn/7s, DFE, a, and w, using the same
methods as for A. thaliana.

Forward simulations

The A. thaliana data are derived from accessions that were
selfed multiple times between collection and sequencing, so
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Table 1 Spearman’s rank correlation between genomic features
and two measures of sequence evolution

SIFT-score Nucleotide diversity
Feature Pairwise Partial?  Pairwise Partial®
GC% 0.17* 0.10* —0.05% —0.03*
Exonic bp 0.01 ~0 ~0 —0.03*
Intronic bp —0.01 ~0 —0.08* —0.01
Splice variants —-0.05*  —0.04* —0.01 ~0
Centromere distance —0.06*  —0.05* —0.27* -0.11*
Codon usage —0.08* —0.03* ~0 0.03*
Recombination rate 0.05* 0.02* 0.29* 0.13*
Mutation rate 0.01 ~0 0.10* 0.04*
TE distance -0.02* ~0 —0.14* -0.02
ACR distance? —0.09* 0.01 —0.10* ~0
ACR%P 0.11* 0.01 0.11* 0.04*
Methylation level -0.02 ~0 —0.05* 0.06*
Methylation variability 0.01 0.01 0.12* 0.08*
Connectivity 0.12* 0.02 —-0.17* —0.12*
Expression level 0.25% 0.16* —0.06* —0.06*
Expression variability -0.10 —0.04* 0.18* 0.09*

? Partial correlation after controlling for all other features (Kim 2015).
b Accessible chromatin region.
* P < 0.05 (Bonferroni corrected).

they cannot be used to estimate the expected number of
heterozygous sites that are susceptible to gBGC. We therefore
conducted forward simulations with SLiM 3 (Haller and
Messer 2019) to estimate to what extent gBGC could be
expected in natural populations. Selfing in A. thaliana has
evolved relatively recently, likely between 500 K and 1 M
generations ago (Bechsgaard et al. 2006; Tang et al. 2007;
Durvasula et al. 2017). For this reason, we started by estab-
lishing a single fully outcrossing population of N = 50,000
individuals, approximately corresponding to twice the cur-
rent N, estimate of European A. thaliana (Durvasula et al.
2017). After a burn-in of 10N generations, the population
switched to (predominant) selfing, at which time N was re-
duced to 25,000 (as expected under selfing; Pollak 1987).
We considered four rates of outcrossing: 0, 5, 10, and 15%,
approximately corresponding to outcrossing rates estimated
for natural A. thaliana populations from Germany (Bomblies
et al. 2010; Sellinger et al. 2020). Mutation rate () was set
t06.95 X 1072 (Weng et al. 2019), with nucleotide replace-
ments following a Jukes-Cantor model (Jukes and Cantor
1969) without any GC/AT bias. We considered three cross-
over rates (r) based on our gene-specific estimates: weak
2.3 X 1078 (minimum estimate), moderate 4.0 X 10~8
(average estimate), and high 7.3 X 1078 (maximum esti-
mate). The N, ., and r parameters were rescaled by a factor
10 to reduce computation time, while retaining the same
product of N and Nr as the unscaled data (Kim and Wiehe
2008). Based on Yang et al. (2012), gene conversions were
assumed to outnumber crossovers by a factor of 50 and to
have an average track length of 553 bp. For parameter gov-
erning the GC over AT repair bias, we considered three val-
ues: 5, 10, and 20%, approximately corresponding to
different levels of bias estimated for A. thaliana (Yang et al.
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2012; Wijnker et al. 2013; Liu et al. 2018). In total, we sim-
ulated 100 X 50 kb regions with each parameter combina-
tion. Following the switch to selfing, simulations were run
100 K generations (1 M/10, the rescaling parameter), dur-
ing which the extent of gBGC was defined by estimating
WS/SW and GC% as with the observed data. We note that
the efficacy of gBGC can be dependent on the effective pop-
ulation size (Duret and Galtier 2009), so the rescaling of N, .,
and r might diminish the effects of gBGC. However, by con-
ducting a subset of the simulations with unscaled parameters,
we found that although rescaling has a slight effect on the
absolute values of WS/SW and GC%, it does not influence the
relative patterns arising from selfing (Figure S2). Therefore,
conclusions drawn from these results should not be greatly
affected by the parameter-scaling.

Data availability

The authors state that all data necessary for confirming the
conclusions presented in the article are represented fully
within the article. Supplemental figures and tables, a com-
piled table of genomic features, and a code for running the
simulations are available at figshare: https://doi.org/10.25386/
genetics.12284174.

Results
Genomic features influence selective constraint

We used machine-learning based modeling to examine how
genomic features influence the accumulation of deleterious
mutations at different regions of the A. thaliana genome. To
this end, we estimated average SIFT-scores for 24,855 pro-
tein-coding genes, of which 18,070 had complete data for the
16 features used as predictors in our Extra-Trees models (Fig-
ure S3). The two other statistics reflecting the strength of
purifying selection, dy/ds and wy/7rs, produced similar re-
sults as SIFT (Figure S4 and Table S1), so here we focus on
identifying factors affecting SIFT-scores. Multiple features
had an influence on SIFT-scores (Figure 1), with expression
level and GC% having largest effects. Both features were
positively correlated with SIFT-scores (Table 1), indicating
that mutations segregating at >0.01 frequency in highly
expressed genes and GC-rich genes were less deleterious
than the genome-wide average. Genes with greater connec-
tivity in a co-expression network also had higher than aver-
age SIFT-scores, whereas increase in the effective number of
codons (i.e., lower codon-usage bias, Novembre 2002), var-
iability in gene-body methylation, and distance from the cen-
tromere had the opposite effects (Figure 1 and Table 1). An
additional important factor was the module assignment from
a co-expression network (30 modules in total), indicating
that genes from each module have more similar SIFT-scores
than expected by chance. This similarity suggests that genes
within the modules respond to correlated selection pressures,
possibly due to shared biological function (Himaéla et al.
2020). Interestingly, effect of recombination rate on average
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Figure 2 The effect of gBGC on
selective constraint. (A) Impor-
tance from an Extra-Trees model
with SIFT-scores as the response
and the four DAF classes as pre-
dictors, and Spearman’s rank-cor-
relation p between SIFT-scores
and DAF classes. Error bars show
95% Cls. (B) Relationship be-
tween WS/SW, a measure of gBGC,
and SIFT-scores. Data were split into
20 bins of equal size based on their
SIFT-scores. Figure shows means (cir-
cles) and 95% Cls (error bars) esti-
- mated for each bin. Also shown are

0.0 0.1 0.2 0.3 0.2 0.4

SIFT-scores was minor and did not exceed values from ran-
dom permutations. This pattern is in stark contrast to nucle-
otide diversity, for which recombination rate and the distance
from the centromere (arguably, a proxy for recombination
rate) were clearly the best predictors, while expression level
and GC% were of minor importance (Figure 1 and Table 1).

GC-content is a major predictor of selective constraint

The positive association between expression level and the
strength of purifying selection (Table 1) is well-established in
multiple taxa (Koonin 2011). By contrast, the relationship
between nucleotide composition and selection is less ex-
plored, particularly in plants (Glémin et al. 2014). We there-
fore conducted analyses to identify factors that might explain
the relationship between GC% and the accumulation of del-
eterious mutations. In mammals, GC% is positively corre-
lated with recombination rate, which is thought to arise
from gBGC increasing the fixation probability of GC alleles
in regions of high recombination (Duret and Galtier 2009).
gBGC also can drive the spread of deleterious AT — GC
alleles and inhibit the spread of deleterious GC — AT alleles.
If gBGC is acting in A. thaliana, we would expect a positive
correlation between GC% and recombination rate. However,
like previous studies in A. thaliana (Giraut et al. 2011;
Wijnker et al. 2013), we found this correlation to be negative
(Spearman’s p = —0.12, P < 2 X 10716). The Extra-Trees
model also revealed that recombination rate is of minor im-
portance in explaining variation in GC% (Table S2), being far
less important than methylation variability, methylation
level, expression level, codon usage, and intron length.

The minor importance of recombination rate in explaining
GC% suggests that gBGC may not have an important effect on
nucleotide composition in A. thaliana. However, it also is
possible that GC% is a poor proxy for gBGC in predominantly
selfing species. For this reason, we estimated DAF for each of
three groups: WS (ancestral allele A or T, derived allele G or
C; AT — GC), SW (ancestral allele G or C, derived allele A or
T; GC — AT), and WW+SS (ancestral and derived A or T,

SIFT-sgdfe 03 95% Cl and R? for a loess-model
(shaded area) fit on the binned data.

and ancestral and derived G or C; AT — AT and GC — GC). If
gBGC is affecting nucleotide composition in A. thaliana, we
would expect gBGC to contribute to the spread of WS alleles,
inhibit the spread of SW alleles, and not affect the evolution
of WW+SS alleles. Consistent with this notion, we found that
average DAF was highest for WS alleles (DAF = 0.10), low-
est for SW alleles (DAF = 0.08), and intermediate for
WW+SS alleles (DAF = 0.09; P < 2 X 10716, Wilcoxon
rank-sum test). Moreover, by estimating synonymous Taji-
ma’s D (Tajima 1989) for sites with derived-allele
probability >0.8, we found that, compared to the unbiased
WW+SS sites (D = —0.95, 95% CI: —0.96 to —0.94), the
SFS was shifted toward common variants at WS sites
(D = —0.84,95% CI: —0.85 to —0.83) and shifted toward
rare variants at SW sites (D = —1.00, 95% CI: —1.01
to —0.99); a pattern indicative of gBGC (Lachance and
Tishkoff 2014). The frequency of segregating alleles thus
suggests that gBGC may shape nucleotide variation in A.
thaliana despite it only having a minor role in the genome-
wide GC%, which is more strongly affected by factors such as
gene-body methylation, expression level, and gene structure
(Table S2).

gBGC affects the efficacy of purifying selection

To assess whether gBGC can lead to an accumulation of
deleterious mutations in A. thaliana, we examined the rela-
tionship between DAF and SIFT-scores. Overall, there was a
positive correlation between the two measures (Figure 2A),
indicating that high frequency derived alleles have, on aver-
age, lower negative impact on fitness. However, by compar-
ing the DAF at each of the three allelic classes, we saw that
the frequency of SW alleles was a better predictor of SIFT-
scores than the frequency of either WS or WW+SS alleles
(Figure 2A). The correlation between SW-allele frequency
and SIFT-scores also was more highly positive than in the
other DAF classes, indicating that genes with predominantly
strong ancestral alleles tend to have segregating mutations
that are less harmful. gBGC could reduce the impact of
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segregating mutations at these genes by decreasing the fre-
quency of derived alleles, most of which are deleterious
(Eyre-Walker and Keightley 2007). Under this model, the
opposite pattern is expected at genes with predominantly
weak ancestral alleles, as gBGC can increase the frequency
of slightly deleterious mutations (Bengtsson 1990; Glémin
2010).

To test this hypothesis, we examined the relationship be-
tween WS/SW and SIFT-scores. We found a clear negative
trend between the two measures; genes with low average
SIFT-scores (i.e., more harmful mutations) had a greater ex-
cess of derived S alleles (Figure 2B; similar associations were
also found for dy/ds and my/ws, Figure S5). Although the
derived allele probabilities at WS and SW sites are likely
influenced by asymmetric mutation rates (Figure S1), on av-
erage this bias would increase SW alleles and decrease WS
alleles, making the trend observed here conservative. We
further found that mutation rate and WS/SW are not corre-
lated (Spearman’s p = 0), indicating that variation in WS/SW
is not driven by mutation bias. On the other hand, these
results might be affected by the presence of methylated cy-
tosines, which have the highest SW mutation rates in the A.
thaliana genome (Weng et al. 2019). Polarization errors at
such sites are more likely, which could lead to an apparent
excess of high frequency WS mutations (Glémin et al. 2015),
and thus inflate the WS/SW at genes with more hypermuta-
ble sites. To address this potential issue, we fit the following
linear model to the data: SIFT-score = WS/SW + mC%,
where mC% is the average density of methylated cytosines
within a gene. The model showed that mC% has little effect
on the association between WS/SW and SIFT-scores (with-
out mC% as a cofactor: Bws/sw = —0.087, with mC% as a
cofactor: Bws,sw = —0.085; P < 2 X 10716 for both),

838 T. Hamala and P. Tiffin

indicating that the signal of gBGC is not biased by hypermu-
table sites. Our results are therefore consistent with gBGC
preventing the purging of deleterious mutations at genes
with predominantly weak ancestral alleles, while facilitating
their removal at genes with predominantly strong ancestral
alleles. In fact, including WS/SW into our Extra-Trees model
revealed that it is among the best predictors of SIFT-scores,
exceeded only by expression level and GC% (relative impor-
tance: expression level = 0.19, GC% = 0.12, WS/SW =
0.11). These results lead us to conclude that gBGC is strong
enough in A. thaliana to influence the efficacy of purifying
selection.

gBGC leads to a signal of relaxed selection in A. thaliana

A characteristic feature of gBGC is that the increased fre-
quency of S alleles and the decreased frequency of W alleles
may give the appearance of selection (Galtier and Duret
2007). We therefore examined whether gBGC in A. thaliana
is prominent enough to alter the estimates of selection. DFE
estimated for different DAF classes revealed that WS had
more, and SW fewer, nonsynonymous sites in the nearly neu-
tral category (N,s < 1) than the genome-wide average, in-
dicating relaxed purifying selection at WS sites and stronger
than average selective constraint at SW sites (Figure 3A).
Consistent with previous estimates for A. thaliana (Fay
2011; Slotte et al. 2011; Gossmann et al. 2012), the ge-
nome-wide o and wa were close to zero, suggesting that pos-
itive selection has little effect on shaping nucleotide diversity
inA. thaliana. By contrast, the a and w, estimates for WS sites
were clearly negative, and the estimates for SW sites were
clearly positive (Figure 3, B and C). These results give the
appearance of WS sites evolving slower than average rate and
SW sites evolving faster than average rate. The DFE, «, and
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wp results stay unchanged when sites that are most suscepti-
ble to gene-body methylation (mCG) were removed (Figure
S6), indicating that hypermutable sites have little effect on
the estimates of selection. Moreover, by conducting this anal-
ysis separately for four largest admixture groups defined by
The 1001 Genomes Consortium (2016), we confirmed that
our results are not biased by population structure, as each
group showed patterns similar to those of the complete data-
set (Figure S7).

The o and w4 are based on the ratios of nonsynonymous to
synonymous divergence (dn/ds) and nonsynonymous to syn-
onymous polymorphisms (pn/ps). In general, positive esti-
mates are the result of dy/ds exceeding pn/ps, whereas the
reverse is true for negative estimates. The contrasting esti-
mates at WS and SW sites can therefore arise if gBGC has
different effects on divergence and polymorphism rates at
these sites. We found that, compared to the unbiased
WW+SS sites, both dy/ds and pn/ps (excluding polymor-
phisms with frequency <15%; Charlesworth and Eyre-
Walker 2008) were increased at WS sites and decreased at
SW sites (Figure S8). However, the difference between the
DPn/Ds estimates (WS = 0.22, SW = 0.14) was greater than
between the dy/ds estimates (WS = 0.21, SW = 0.17),
consistent with the notion that gBGC can prevent the removal
of slightly deleterious polymorphisms at WS sites, while fa-
cilitating their removal at SW sites. Overall, our results sug-
gest that gBGC contributes to the signal of decreased
selection-efficacy in A. thaliana (genome-wide a and wa =
0). More accurate estimates of selection may be obtained by
examining WW+SS sites, which should not be affected by
gBGC. Estimates of o and w, at WW+SS sites were clearly
greater than zero (o = 0.12, 95% CI: 0.09 to 0.14; ws =

0.022, 95% CI: 0.017 to 0.025), suggesting that positive

sw WWSS ALL

selection has been more important in shaping nucleotide di-
versity in A. thaliana than previously thought.

Evidence of gBGC in outcrossing relatives A. lyrata and
C. grandiflora

To examine the role of selfing in gBGC, we estimated my/s,
DFE, «, and w, for two related outcrossing species, A. lyrata
and C. grandiflora. We used population data originating from
Norway (A. lyrata, n = 21) and Greece (C. grandiflora,
n = 21) for the two species. All else being equal, the in-
creased heterozygosity due to outcrossing should result in
stronger footprints of gBGC in A. lyrata and C. grandiflora
than in A. thaliana. We note, however, that the two outcross-
ing species have very different demographic histories, with
population size decline in A. lyrata (current N, < 10 K,
Hamala et al. 2018; Hamald and Savolainen 2019; Mattila
et al. 2019) and population size increase in C. grandiflora
(current N, > 500 K, Douglas et al. 2015; Mattila et al.
2019). To test for an effect of the mating-system, we com-
pared results from A. lyrata and C. grandiflora to a set of
42 A. thaliana individuals from Germany, yielding the same
number of sampled chromosomes (due to full homozygosity)
as the outcrossing species (note that estimates in Figure 3 are
based on all 645 individuals).

Unlike in A. thaliana, we found a positive correlation be-
tween GC% and recombination rate in both A. [yrata (Spear-
man’s p = 0.09, P < 2 X 107'%) and C. grandiflora
(Spearman’s p = 0.07, P = 2 X 10716), suggesting that
gBGC may more strongly increase the fixation probability of
GC alleles in these species. Patterns of mwy/ms (Figure 4A) and
DFE (Figure 4B) were similar in the two outcrossing species
and A. thaliana, with a signal of relaxed purifying selection
at WS sites and a signal of stronger than average selective

Biased Gene Conversion in Arabidopsis 839

1202 Joquiadaq BZ UO 1saNB Aq Z610E6S/LE8/E/S | Z/aI01HE/SONBUSB/WO00"dNO"D1WSPED.//:SA)Y WOy PAPEOJUMOQ



Qutcrossing rate

Bias 5%, moderate recombination

Bias 5%, weak recombination

1004 1

0% — 5% — 10% — 15%

Bias 5%, high recombination

Figure 5 The simulated extent of
WS/SW under gBGC. Time in
number of generations is shown

Bias 10%, weak recombination Bias 10%, moderate recombination

1004 1

WS / SW
2

in the horizontal axes (X104
scaled, X10° unscaled). At time

zero, population switches from
| — full outcrossing to predominant
selfing. WS/SW estimates are
J shown for three levels of GC over
AT repair bias, three recombina-
tion rates, and four outcrossing
rates. Solid colors show average

Bias 10%, high recombination

T T T T T T T T T T T

Bias 20%, weak recombination Bias 20%, moderate recombination

1000 4 1
1004

104

estimates. Results from each of
Bias 20%, high recombination 100 simulations are shown in
1 transparent colors. Gray horizon-
a— tal lines mark the expected esti-
1 mates in the absence of gBGC.

1 | s

0 25 0 25 5 75
Generation

25 0 25 5 75

constraint at SW sites. The genome-wide estimates of a (Fig-
ure 4C) and w, (Figure 4D) supported previous findings by
showing weak signs of positive selection in A. lyrata
(Gossmann et al. 2010; Mattila et al. 2019) and strong signs
in C. grandiflora (Slotte et al. 2010; Williamson et al. 2014).
The estimates of a and w, for each of the DAF classes were
similar in the two Arabidopsis species; compared to the ge-
nome-wide average, measures of positive selection were
lower for WS sites and higher for SW sites. The unbiased
WW +SS sites also had higher a and wa than the genome-
wide average. In contrast to the Arabidopsis species, a and wa
estimates showed weaker footprints (smaller deviations of
WS and SW sites from the overall average) of gBGC in
C. grandiflora. Overall, our results suggest that gBGC leads
to a signal of relaxed efficacy of selection, particularly in the
small-N, species A. thaliana and A. lyrata. However, con-
trary to our initial expectation, the intensity of the signal
was not stronger in the outcrossing species.

gBGC is expected in A. thaliana despite selfing

Contrary to the view that gBGC should be weak or absent in
predominantly selfing species (Marais et al. 2004; Glémin
2010), our results suggest that it has a sizeable effect on se-
quence variation in A. thaliana. This seemingly unexpected
result could arise from residual effects of recent outcrossing,
and/or if natural levels of continuing outcrossing are high
enough to facilitate gBGC. To evaluate this, we used forward
simulations to explore the effects of a recent mating-system
shift and low outcrossing rates on signals of gBGC. These
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simulations revealed that both WS/SW and GC% were af-
fected by the switch to selfing; WS/SW rapidly dropped from
initial high values and the increase of GC% slowed shortly
after the end of full outcrossing. As expected, stronger repair
bias and higher recombination rate led to clearer footprints of
gBGC (Figure 5 and Figure 6).

The composition of segregating alleles, as measured by
WS/SW, was highly sensitive to the mating-system shift, and
100 K generations of selfing was enough to remove any
residual effects of full outcrossing. However, despite the
radical drop in WS/SW after the mating-system shift, equi-
librium values were clearly affected even by low levels of
ongoing outcrossing. Under complete selfing, gBGC had little
influence on segregating alleles, but the effects increased
rapidly with increasing outcrossing rate. At 5% outcrossing,
close to an average estimated by Bomblies et al. (2010),
WS/SW estimates deviated from the expected values under
most parameter combinations, and at 15% outcrossing, close
to an estimate by Sellinger et al. (2020), WS/SW estimates
were clearly higher than in the absence of gBGC (Figure 5).
The increase in GC% that was driven by gBGC during out-
crossing slowed sharply, but did not decrease, following the
transition to selfing. After the mating-system shift, the ongo-
ing outcrossing had little effect on GC% during the 1 M gen-
erations examined here (Figure 6). Our simulations are
therefore consistent with continuing effects of gBGC on seg-
regating sites (WS/SW) in A. thaliana, whereas fixed sites
(GC%) may mostly reflect patterns established during the
recent outcrossing.
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Discussion

By using whole-genome, transcriptome, and methylome data
from A. thaliana, we have gained new insights into factors
influencing selective constraint in this model-species. As
expected, segregating harmful mutations are not uniformly
distributed among genes, but are influenced by variation in
features such as expression level, connectivity, codon usage
bias, and gene-body methylation. Interestingly, we found
strong evidence that GC-biased gene conversion (gBGC)
shapes sequence variation in A. thaliana, despite the high
rate of self-fertilization. As gBGC is expected to be weak or
absent in selfing species (Marais et al. 2004; Glémin 2010),
we conducted simulations to assess whether natural levels of
outcrossing in A. thaliana can facilitate gBGC. Our results are
consistent with previous findings in showing that gBGC may
be undetectable under complete selfing. However, even rel-
atively weak outcrossing of ~5% could result in noticeable
effect, suggesting that the mating-system does not prevent
gBGC from shaping nucleotide variation in predominantly
selfing species such as A. thaliana.

A general pattern observed in mammals, birds, yeast, and
grasses is that GC-content (GC%) is positively correlated with
recombination rate (Eyre-Walker 1993; Duret and Galtier
2009; Pessia et al. 2012; Glémin et al. 2014; Mugal et al.
2015). Here, we also found such a correlation in the outcross-
ing species A. lyrata and C. grandiflora. This correlation
is thought to arise from gBGC, as the frequency of derived
GC alleles is more strongly increased in regions of high

recombination (Eyre-Walker 1993; Marais 2003). A lack of
positive correlation between GC% and recombination, as in
A. thaliana, has been interpreted as evidence against gBGC
(Marais et al. 2004; Pessia et al. 2012). However, there is direct
evidence for GC-biased gene conversion in A. thaliana
(Yang et al. 2012), and population genetic analyses have
suggested that this leads to noticeable genome-wide ef-
fects on nucleotide variation (Cao et al. 2011; Giinther
et al. 2013). Why then does recombination rate appear to
be weakly correlated with the genomic signatures of gBGC
in A. thaliana? Although our simulations suggest that the
residual effects of outcrossing could still be seen in GC%,
this association only holds if the recombination landscape
has remained largely unchanged since A. thaliana switched
to selfing. Given the variable nature of the recombination
landscape (Stapley et al. 2017; Lloyd et al. 2018), this con-
dition could be easily violated. We further found that GC%
is strongly influenced by many factors, potentially con-
founding the signal arising from recombination and gBGC.
Our results therefore suggest that the correlation between
GC% and recombination rate is not an appropriate proxy for
gBGC in all organisms.

Theory predicts that gBGC increases genetic load by driving
the frequencies of slightly deleterious mutations (Bengtsson
1990; Glémin 2010). Support for this model has been found
in humans, where S alleles at disease causing loci tend to
segregate at a higher than expected frequency (Necsulea
et al. 2011; Lachance and Tishkoff 2014). By predicting
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mutational effects with SIFT4G (Vaser et al. 2016), we found
that gBGC is associated with selective constraint in A. thali-
ana. Genes with low average SIFT-scores, indicative of in-
creased density of segregating harmful mutations, had a
greater excess of derived S alleles (high WS/SW). The ob-
served pattern is consistent with gBGC preventing slightly
deleterious mutations from being purged by purifying selec-
tion, potentially leading to increased genetic load at genes
with predominantly weak (A,T) ancestral alleles. However,
our results also indicate that genes with predominantly
strong (G,C) ancestral alleles may have decreased genetic
load, because gBGC can facilitate the removal of new muta-
tions, most of which are deleterious (Eyre-Walker and
Keightley 2007).

Consistent with studies in mammals and birds (Galtier and
Duret 2007; Galtier et al. 2009; Ratnakumar et al. 2010;
Corcoran et al. 2017; Bolivar et al. 2018; Rousselle et al.
2019), we found evidence that gBGC influences the rate of
protein evolution in A. thaliana, thus affecting inferences of
selection that are based on patterns of nucleotide divergence
and diversity. However, the increased frequency of S alleles
did not lead to a false signal of positive selection, but it ap-
pears that gBGC mainly masks selection in A. thaliana. By
comparing results from A. thaliana to outcrossing relatives
A. lyrata and C. grandiflora, we found that measures of neg-
ative and positive selection were similarly affected in the two
Arabidopsis species, both with small N,, and more weakly
affected in C. grandiflora, a species with large N,. Although
gBGC is expected to be more efficient in species with large N,
(Duret and Galtier 2009; Glémin 2010; Mugal et al. 2015),
the association between the two parameters is not always
monotonous (Galtier et al. 2009, 2018), particularly in pro-
tein-coding genes at which large-N, species may be more
efficient at counteracting the harmful effects of gBGC. The
strength of gBGC has been decoupled from N, in other species
groups (Clément et al. 2017; Galtier et al. 2018). For in-
stance, strong evidence of gBGC was found in the small-N,
species honey bee (Wallberg et al. 2015), whereas only weak
evidence has been found in the large-N, species Drosophila
melanogaster (Galtier et al. 2006; Williamson et al. 2014).
Together, these results suggest that the effects of gBGC on
protein evolution cannot be simply predicted based on the
mating-system and N,. This complicates the inference of
gBGC, given that estimates of the underlying parameters
(gene conversion rate, track length, and repair bias) are avail-
able only for a handful of well-studies species (Galtier et al.
2018). In any case, we found that gBGC results in the pro-
portion of sites fixed by positive selection to be underesti-
mated, at least in A. thaliana and A. lyrata. For these
species, the unbiased WW+SS sites could more accurately
reflect the rate of adaptive evolution. This puts the « estimate
for A. thaliana (o« = 0.12) inlevel with some other small-N,
species, such as humans (« = 0.14, Uricchio et al. 2019),
but still considerably lower than estimates for large-N, spe-
cies, such as D. melanogaster (e > 0.5, Kousathanas and
Keightley 2013).

842 T. Hamala and P. Tiffin

Conclusions

We have shown that selective constraint is modulated by
multiple genomic features in A. thaliana, with expression
level, GC-content, and connectivity being the most influen-
tial. Importantly, our analyses provide strong evidence that
gBGC shapes protein evolution in A. thaliana, despite the
predominantly selfing mating-system. Both the increasing
frequency of S alleles and the decreasing frequency of W
alleles influence segregating deleterious mutations, while
leading to a genome-wide signal of reduced selection-effi-
cacy. By finding evidence that even weak outcrossing can
facilitate gBGC, we have shown that it has more far-reaching
consequences than previously appreciated. Based on these
results, we propose that the importance of accounting for
gBGC in genomic analyses should not be limited to outcross-
ing taxa, but it ought to be done regardless of the mating
system.
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