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SUMMARY

Understanding how deleterious mutations affect fitness is central to evolutionary and conservation biology.+?
However, most empirical studies rely on inbreeding as a proxy for the mutation load,® overlooking the substan-
tial contribution of deleterious mutations expressed in the heterozygous state.*® Moreover, although muta-
tions in coding and non-coding regions of the genome are hypothesized to have qualitatively different fitness
effects and thus experience distinct selective pressures,” such functional heterogeneity is often overlooked.
Selection may also vary across life stages, adding a temporal dimension that is seldom captured.®® Using
whole-genome resequencing data from the black grouse (Lyrurus tetrix), we predicted deleterious mutations
using evolutionary conservation'® and functional predictions.’” We then used the resulting genomic mutation
load estimates to quantify viability selection at functionally distinct genomic regions across three life-history
stages: chicks, yearlings, and adults. We found that viability selection is strongest early in life and mainly tar-
gets deleterious mutations at evolutionarily conserved sites. Specifically, early-life selection predominantly
acts against deleterious mutations located in exons, contrasting with our previous finding that sexual selection
in this species targets deleterious mutations in regulatory regions.® These results show that the fitness effects
of deleterious mutations are neither temporally constant nor uniformly distributed across the genome. Instead,
they reflect dynamic selection regimes that shift across both life-history stages and genomic contexts. Our
findings refine our understanding of evolutionary dynamics and life-history evolution, while also informing
the use of genomic fitness indicators in biological conservation.

RESULTS

We sequenced the genomes of 236 male black grouse (Lyrurus
tetrix) sampled from five leks in central Finland and assigned
them to three age classes: chicks (n = 46), yearlings (n = 39),
and adults (n = 151). We focused on males because they expe-
rience higher juvenile mortality than females'? and are the phil-
opatric sex,'®'® allowing for more reliable long-term tracking.
Chicks were sampled in the nest shortly after hatching. Year-
lings were defined as birds aged 1 calendar year (Figure 1A);
although not fully grown and typically not exhibiting territorial
behavior, yearlings can occasionally achieve copulations.'®
Adults were defined as individuals aged 2 calendar years or
older (Figure 1A); they are fully grown and engage in territorial
behavior during the lekking season, depending on their body
condition. We designated two distinct life-history stages:
“early-life” (chick to yearling), a period of high mortality (sur-
vival rate: 11%-17%'%), and “late life” (yearling to adult),

when survival rates increase substantially (46%-70%'"""9).
Sequencing to an average coverage of 29x generated 58.5
billion 150 bp paired-end lllumina reads, which were used to
call 7,245,059 high-quality SNPs. One chick genome was
excluded from further analysis due to its high relatedness to
a yearling genome (p = 0.96), indicating likely inadvertent
resampling.

Viability selection acts during early life

To test for viability selection, we took a multilayered approach,
starting by quantifying each individual’s genomic inbreeding co-
efficient Fron, defined as the proportion of the autosomal
genome contained in runs of homozygosity (ROHs). Across all in-
dividuals, we identified a total of 2,517,951 ROHs (minimum
length = 100 kb; >100 SNPs), yielding Fron values ranging
from 0.13 to 0.36 (mean = 0.15; Figure S1A). We then used
Bayesian linear mixed-effect models (LMMs) of Fron to quantify
inbreeding depression at both life-history stages. For early-life
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Figure 1. Differences in inbreeding and genomic mutation loads among chicks, yearlings, and adults
(A) Visual representation of the two life-history stages (early life versus late life) and the three age classes (chicks, yearlings, and adults).
(B) Posterior distributions of the standardized f estimates of age (chicks compared with yearlings and adults combined) on genomic inbreeding (Fron), the total

GERP load, and the total SnpEff load (top to bottom).

(C) Posterior distributions of the standardized p estimates of age (yearlings compared with adults) on Fron, the total GERP load, and the total SnpEff load (top to
bottom). The white circles represent the median posterior estimates and the horizontal black lines the 95% credible intervals (Cls).

See also Figure S1 and Table S2.

inbreeding depression, age class was modeled as a two-level
fixed effect predictor variable, with chicks being compared
with yearlings and adults combined. For late-life inbreeding
depression, the same model structure was used to compare
yearlings with adults. Lekking site was included as a random ef-
fect in both models to account for site-specific demographic
variation.

In the early-life model, the posterior estimates of age were
mostly positive, with a median g of 0.36 (95% credible interval
[CI]=0.05, 0.68; Table S2), indicating that chicks are significantly
more inbred than older individuals (Figure 1B). In the late-life
model, the 95% CI of the posterior estimates of age overlapped
zero (median g = —0.02, 95% CI = —0.38, 0.31; Table S2), indi-
cating no detectable difference in inbreeding between yearlings
and adults (Figure 1C). Together, these results suggest that
inbreeding depression is generally weak but may be more pro-
nounced during early life, consistent with stronger viability selec-
tion acting against chicks.

To quantify the fitness effects of predicted deleterious muta-
tions, we estimated each individual’s genomic mutation load us-
ing two complementary approaches. The first was based on
evolutionary conservation using GERP++, which assumes that
mutations in evolutionarily conserved genomic regions are dele-
terious.'® The second approach was based on functional anno-
tation with SnpEff,"" which classifies mutations as deleterious
when they are predicted to cause a loss of function (LOF) or intro-
duce premature stop codons, indicating a high functional impact
on the encoded protein.

GERP++ identified a total of 415,115 mutations with a GERP
score > 4 (Figure S1B), while SnpEff identified a total of 5,296
high-impact mutations (Figure S1C), including LOF mutations,
gained stop codons, and nonsense-mediated decay mutations
(Figure S1D). For both approaches, we quantified each individ-
ual’s total genomic mutation load as the number of derived dele-
terious mutations, summing across both homozygous and het-
erozygous sites (Figure S1A). Mutation load estimates from the

Current Biology 35, 5908-5914, December 1, 2025 5909




¢? CellPress

OPEN ACCESS

two approaches were not significantly correlated (Pearson’s cor-
relation coefficient = 0.07, p = 0.29). Likewise, mutation loads did
not differ significantly among birds sampled from different lek-
king sites (Figure S2; Table S1) or born in different years
(Figure S2; Table S1). As expected, more inbred individuals car-
ried a greater number of deleterious mutations within ROHs,
both for GERP (Pearson’s correlation coefficient = 0.88,
p < 0.001) and SnpEff mutations (Pearson’s correlation coeffi-
cient = 0.84, p < 0.001).

To quantify viability selection against deleterious GERP muta-
tions, we modified the Bayesian LMMs described above by re-
placing Fron With the total GERP load as the response variable.
In the early-life model, the posterior estimates of age were
consistently negative, with a median g of 0.63 (95% CI = 0.32,
0.94; Table S2), indicating that chicks carry significantly higher
total GERP loads than older individuals (Figure 1B). By contrast,
in the late-life model, the posterior estimates of age overlapped
zero (median g = 0.04, 95% CI = —0.32, 0.37; Table S2), indi-
cating no detectable difference in the total GERP load of year-
lings and adults (Figure 1C).

We then applied the same modeling approach to deleterious
mutations predicted using SnpEff. In both models, the 95%
Cls of the posterior $ estimates of age overlapped zero (early-
life model, median g = -0.17, 95% ClI = -0.49, 0.15;
Figure 1B; Table S2; late-life model, median g = 0.15, 95%
Cl = —0.20, 0.50; Figure 1C; Table S2), indicating no evidence
of viability selection against deleterious SnpEff mutations at
either life-history stage. This is consistent with our previous find-
ings for male reproductive success and likely reflects conceptual
and methodological differences between the two prediction
approaches.® Specifically, differences in their underlying as-
sumptions may explain the lack of congruence between the
two prediction approaches and the disparity in the number of
mutations classified as deleterious, as previously discussed by
Chen et al.®

Finally, to determine whether viability selection acts predomi-
nantly against homozygous deleterious mutations, we modified
the Bayesian LMMs described above by replacing the total
load with the homozygous load, separately for deleterious muta-
tions identified by GERP and SnpEff. In the early-life model, the
95% Cl of the posterior $ estimates of age marginally overlapped
zero for the homozygous GERP load (median = 0.27,95% Cl =
—0.04, 0.59), hinting at a possible trend toward higher homozy-
gous GERP loads in chicks compared with yearlings and adults.
The 95% Cls of the posterior $ estimates of age also overlapped
zero in the late-life model for the homozygous GERP load
(median g = —0.22, 95% Cl = —0.56, 0.13) and in both models
for the homozygous SnpEff load (early-life model: median g =
0.12, 95% Cl = —0.22, 0.43; late-life model: median g = 0.22,
95% Cl = —0.14, 0.57). Overall, these results are similar, though
somewhat weaker, than those based on the total load, consis-
tent with the theoretical expectation” and our previous finding®
that both homozygous and heterozygous mutations contribute
to the overall mutation load.

Early-life viability selection acts against deleterious
mutations in exons

The genome is composed of functionally diverse elements, lead-
ing to heterogeneity in the strength and direction of selection
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across different genomic regions.® For example, coding (exonic)
mutations can alter amino acid sequences and disrupt protein
structure and function,??" while non-coding (promoter and in-
tronic) mutations can impair gene regulation and the ability to
dynamically adjust gene expression to meet context-dependent
functional demands.” We investigated whether viability selection
differs across genomic regions by annotating deleterious GERP
mutations according to their location within exons (n = 28,100),
promoters (n = 20,898) or introns (n = 113,578) and calculating
the total GERP load separately for each region. The resulting re-
gion-specific GERP loads were then fitted as response variables
in Bayesian LMMs with the same model structure described
above. This analysis was restricted to GERP mutations, as no ev-
idence was found of viability selection acting against deleterious
mutations predicted by SnpEff.

In the early-life models, the posterior $ estimates of age were
consistently positive for the total GERP load in exons, with a
median g of 0.99 (95% CI = 0.69, 1.29; Table S2), indicating
that chicks carry significantly more deleterious exonic muta-
tions than older individuals (Figure 2). By contrast, the 95%
Cls of the posterior § estimates of age overlapped zero
for the total GERP load in promoters (median g = 0.15, 95%
Cl = —-0.18, 0.47; Table S2; Figure 2) and introns (median
p=-0.01,95% Cl = —0.30, 0.31; Table S2; Figure 2), indicating
no detectable differences in these regions. In the late-life
models, the 95% Cls of the posterior f estimates of age over-
lapped zero for total GERP load in exons, promoters, and in-
trons (Table S2), indicating no evidence of viability selection
in later life. Together, these results suggest that early-life
viability selection predominantly targets deleterious mutations
located in exons.

DISCUSSION

Predicted deleterious mutations theoretically reduce fitness, yet
their realized effects in wild populations remain poorly under-
stood."?>*® Notably, studies of inbreeding depression typically
overlook the fitness effects of heterozygous deleterious muta-
tions, whereas the combined effects of selection across different
life-history stages and genomic regions are seldom investigated.
We therefore quantified viability selection against predicted
deleterious mutations across life-history stages and genomic re-
gions in a wild population of black grouse. We found that viability
selection is strongest early in life and predominantly targets mu-
tations at evolutionarily conserved sites in exons. This pattern is
consistent with the expectation that early development is a
period of heightened selection during which coding mutations
that disrupt essential biological processes are preferentially
filtered out of the population.

Theory predicts that viability selection should be strongest
early in life,”* as mutations disrupting essential genes involved
in development or somatic maintenance are more likely to man-
ifest during early ontogeny, reducing survival®® and leading to
weaker purifying selection later in life.?*?® Conversely, mutations
affecting reproductive performance may only manifest after sex-
ual maturity, allowing sexual selection to act against them at later
stages.”®?” Consistent with these predictions, we detected
inbreeding depression for early- but not late-life survival,
although this effect was relatively weak. This is probably
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Figure 2. Differences in the total GERP load
of chicks and older individuals, stratified by
genomic region

(A) Posterior distributions of the standardized
estimates of age (chicks compared with yearlings
and adults combined) on the total GERP load,
calculated separately for exons, promoters, and
introns (top to bottom). The white circles represent
the median posterior estimates and the horizontal
black lines the 95% Cls.

(B) Scatterplots of the total GERP load of chicks
versus older individuals, calculated separately for
exons, promoters, and introns (top to bottom).
Violin plots indicate the density of the data.
Thick horizontal lines indicate the median total
GERP loads, whereas the lower and upper
hinges correspond to the first and third quartiles,
respectively, and the whiskers represent 1.5 times
the interquartile range.

See also Table S2.
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because inbreeding depression only captures the fitness effects
of homozygous deleterious recessive mutations, while missing
the substantial fithess costs associated with the expression of
the heterozygous load. Supporting this interpretation, we found
that deleterious mutations predicted using evolutionary conser-
vation exhibited a stronger signal of viability selection than
genomic inbreeding.

Understanding how deleterious mutations affect fitness is
essential for elucidating how natural selection operates and for
assessing extinction risks in small or declining populations. We
found that early-life viability selection acts most strongly against
predicted deleterious mutations located in exons. This suggests
that disruptions to protein structure and function are particularly
detrimental to early survival, presumably because they impair
normal development, immune function, and/or somatic mainte-
nance. Our findings support classic mutation load theory, which
argues that mutations impairing protein function, especially
those affecting functionally important genes, are likely to be
harmful.”?® Moreover, the observed pattern of stronger selec-
tion in early life is consistent with indirect evidence from model
organisms indicating that the efficacy of purifying selection de-
clines with age, as reflected by changes in the ratio of synony-
mous to nonsynonymous mutations.”’

Our finding that viability selection acts predominantly
against deleterious mutations located in exonic regions con-
trasts sharply with our previous study of the same population
showing that sexual selection acts mainly against deleterious
mutations residing in regulatory regions.® This suggests that
viability selection and sexual selection may act on largely
distinct sets of mutations, with viability selection targeting mu-
tations that disrupt protein synthesis and structure, and sexual
selection acting against mutations that impair the regulation of
gene expression in response to context-dependent demands.
This difference may arise because traits related to survival
depend on stable biological functions, whereas reproductive
success in black grouse is strongly influenced by behavior,®

Yearlings and adults

Age class

a highly dynamic trait that requires fine-scale and time-sensi-
tive gene regulation in response to internal and external
stimuli.®%3"

Overall, our study provides clear empirical evidence that se-
lection against deleterious mutations can be temporally and
functionally heterogenous in a wild population. Our results
have important implications for evolutionary and life-history the-
ory. First, they suggest that the fitness effects of mutations are
not fixed but can vary depending on the trait measured and the
specific biological context, such as life-history stage. Second,
our findings indicate that the efficacy of purging deleterious mu-
tations may differ among mutation types, with coding mutations
appearing more strongly impacted by early-life viability selection
than regulatory mutations.

Our findings also have implications for conservation geno-
mics. Genomic mutation load estimates are increasingly used
in endangered species to assess extinction risk®” and inform
conservation strategies.”® However, this approach relies on
the assumption that predicted deleterious mutations indeed
reduce individual fitness and population viability, a link that
has received only partial empirical validation and remains an
active area of investigation.®**** Moreover, genomic mutation
load estimates are typically calculated across the entire
genome, without distinguishing between different types of mu-
tations or accounting for life-history stage-specific effects. In
our study, predicted deleterious mutations explained fitness
variation, depending on the prediction approach used, and
their effects differed between coding and non-coding muta-
tions as well as across life-history stages. These findings high-
light the importance of developing more nuanced approaches
that integrate life-history data and consider when, where, and
how deleterious mutations exert their effects. More broadly,
our study demonstrates how bioinformatic tools can be used
to investigate the evolutionary dynamics of wild populations
and the proximate mechanisms underlying individual fitness
variation.
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RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be
directed to, and will be fulfilled by, the lead contact, Rebecca S. Chen
(rebecca.chen@uni-bielefeld.de).

Materials availability
This study did not generate any new, unique reagents.

Data and code availability

® Whole-genome resequencing data can be found under NCBI BioProject
PRJNA1085187 with SRA BioAccession numbers SRX29497999-
SRX29498044 (chicks) and SRX24126841-SRX24127030 (yearlings
and adults).

e Al o;isginal code and intermediate files have been deposited on Zen-
odo.

® Any additional information required to reanalyze the data reported in this
paper is available from the lead contact upon request.
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REAGENT or RESOURCE SOURCE IDENTIFIER
Critical commercial assays
DNeasy Blood & Tissue Kit QIAGEN, Hilden, Germany Cat #69504

MGIEasy Universal Library Conversion MGI 1000004155 (16 RXN)

Kit (App-A) version 1.0

VAHTSTM Universal Plus DNA Library VAHTSTM ND617-02

Prep Kit for lllumina

VAHTSTM DNA Clean Beads VAHTSTM N411-03

Qubit TM dsDNA HS Assay Kit Invitrogen N/A

Deposited data

Raw fastq reads chicks This study NCBI BioProject PRUNA1085187
Raw fastq reads yearlings and adults Chen et al.® NCBI BioProject PRUNA1085187

Oligonucleotides

Adapter 3: "AGATCGGAAGAGCAC TruSeq Universal Adapter sequence lllumina

ACGTCTGAACTCCAGTCAC"

Adapter 5: "AGATCGGAAGAGCGTC TruSeq Universal Adapter sequence lllumina

GTGTAGGGAAAGAGTGT"

Software and algorithms

SOAPnuke Chen et al.*° https://github.com/BGI-flexlab/SOAPnuke

FastQC Andrews et al.®’ https://www.bioinformatics.babraham.ac.
uk/projects/fastqc/

BWA Li*® https://github.com/Ih3/bwa

samtools Danecek et al.** https://www.htslib.org/

BCFtools Danecek et al.*® https://github.com/samtools/bcftools

VCFtools Danecek et al.*’ https://vcftools.github.io/index.html

PLINK Purcell et al.* https://www.cog-genomics.org/plink/

GERP++ Davydov et al.’® https://pmc.ncbi.nim.nih.gov/articles/
PMC7286533/

SnpEff Cingolani et al.”" https://pcingola.github.io/SnpEff/

Progressive Cactus

Armstrong et al.*

https://github.com/Comparative
GenomicsToolkit/cactus

brms Burkner®® https://paulbuerkner.com/brms/
Other
Proteinase K N/A N/A

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Five black grouse leks in Central Finland were monitored from 1999 to 2013 inclusive. Yearling and adult birds of both sexes were
trapped prior to the lekking season, between January and March, using baited walk-in traps. 1-2 ml of blood was taken from yearlings
and adults with a heparinized syringe from the brachial vein and stored at 4°C in 70% ethanol until DNA extraction. Individuals were
aged as yearlings or adults based on their plumage characteristics.*® Each bird was tagged with an aluminum tarsus ring carrying a
unique serial number and three colored rings to allow for visual identification in the field. Yearlings and adult males were assumed to
have died when they were never caught or sighted subsequently. We also collected life-history data and blood samples from 190
adult male black grouse as part of earlier studies.®** All fieldwork was ethically approved by the Central Finland Environmental Centre
(permissions KSU-2003-L-25/254 and KSU-2002-L4/254) with additional permissions for specific sites (KSU-2004-L-72/254).
During capture prior to the lekking season, adult females were fitted with necklace-mounted radio transmitters to enable their nests
to be located at the start of incubation via radiotracking as described by Ludwig et al.*> Nests were visited on or near the estimated
hatching date, which was inferred by floating the eggs in lukewarm water.*®> On the estimated day of hatching, the chicks were
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located either in the nest or nearby and were captured just after hatching, before they moved away from the nest. Blood samples (2 x
70 pl capillary tubes per individual) were taken from the brachial vein of the chicks. Because the chick’s tarsi were too small and grow
too rapidly to allow safe ringing at this stage, individual identification over time was not possible. Consequently, some chicks could
have been inadvertedly resampled at later life-history stages. However, given the low survival rate of chicks (11%-17%'?), with the
highest mortality occurring within the first two weeks post-hatching,*®*” and because males generally do not disperse, '~ the ma-
jority of chicks were assumed to have died. Thus, our estimate of early-life viability selection may be conservative; if any sampled
chicks survived to the yearling stage, the strength of viability selection would likely be underestimated.

METHOD DETAILS

DNA extraction and genotyping

DNA was extracted from red blood cells using either a Qiagen Blood and Tissue Extraction Kit (n = 208) or a standard chloroform-
isoamyl alcohol protocol (n = 28). To minimize familial effects, one male chick was randomly selected from each brood (n = 46) for
analysis. A single library was prepared for all 46 selected chick samples by Biomarker Technologies (BMK) GmbH using the
VAHTS Universal Plus DNA Library Prep Kit for lllumina (ND617) following the manufacturer’s protocol. Fragmented and end re-
paired DNA was size-selected using magnetic beads, followed by adapter ligation and clean-up using VAHTS DNA Clean Beads.
The library was amplified using polymerase chain reaction (PCR) and subjected to quality control. Fragment sizes were assessed
using a Qsep-400 and DNA concentrations were quantified using a Qubit 3.0. Whole genome (150bp paired-end) sequencing of
all the chick samples was conducted on a single lllumina NovaSeq X Plus lane at the Beijing Genomics Institute (BGl). Adaptor
sequences and low-quality reads (those with average quality scores below 20) were removed using fastp v1.0.®

Library preparation of the yearling and adult samples was performed at the Beijing Genomics Institute using the BGI Optimal DNA
Library Prep Kit as described elsewhere.® In brief, fragmented DNA was size-selected using magnetic beads and end-repaired, fol-
lowed by adapter ligation and PCR amplification. The resulting double stranded DNA was denatured and a circularization reaction
was used to generate single-stranded circularized libraries. The whole genomes of all (sub)adults were 150bp paired-end sequenced
in eight DNBSEQ-G400 lanes. The adaptor sequences were removed and low quality reads and contamination were excluded using
SOAPnuke.**

The quality of the raw sequence reads was checked using FastQC v0.11.9.%¢ Pre-processed reads were aligned to the scaffolded
black grouse reference genome (NCBI RefSeq assembly GCA_043882375.1) using the Burrows-Wheeler alignment (BWA-mem) al-
gorithm v0.7.13.%” The resulting SAM files were converted to binary format (BAM) and subsequently sorted and indexed using sam-
tools v1.15.1.% Single nucleotide polymorphisms (SNPs) were genotyped using the BCFtools mpileup command v1.11°8 and filtered
for genotypes with a minimum quality of 20 (- 20). Reads with excessive mismatches were penalised (-C 50). Additional filtering
steps were implemented using vcftools v0.1.17.%° We retained only biallelic SNPs (-min-alleles 2, -max-alleles 2), excluded indels
(-remove-indels), and filtered for a minimum depth of coverage of 20x (-minDP 20) and a maximum depth of 58x (twice the mean
depth, -max-meanDP 58). Variants with more than 30% missing data (-max-missing 0.7), or a quality score below 30 (-minQC
30) were excluded.

Genetic recapture analysis

Because the chicks were too young to be ringed at the time of sampling, we were unable to track their survival to the yearling stage as
described above. Consequently, one or more chicks may have been inadvertedly resampled as yearlings or adults, potentially result-
ing in duplicate genotypes in our dataset. To identify such cases, we quantified pairwise relatedness among samples and considered
any pair to represent the same individual if their relatedness exceeded the theoretical expectation for first degree relatives. We first
filtered the dataset using PLINK v1.90"° to remove: (i) strongly linked SNPs, where linkage disequilibrium (LD) was computed in win-
dow sizes of 50 bp with a step size of five SNPs and a variance inflation factor threshold of two (-indep 50 5 2); (ii) SNPs deviating
significantly from Hardy-Weinberg equilibrium with an alpha level of 0.001 (-hwe 0.001); and (iii) SNPs with a minor allele frequency
below 0.01 (-maf 0.01). We then calculated the relatedness coefficients P, Z0, Z1 and Z2 using the -genome function in PLINK.*° p is
the overall proportion of the genome that is identical by descent (IBD) between any pair of individuals. Z0, Z1 and Z2 are coefficients
that estimate the proportion of the genome for which zero, one or two alleles of a pair of individuals are IBD, respectively. Relatedness
coefficients were assigned to each pair of individuals based on the thresholds described by Manichaikul et al.*" Using this approach,
we identified a single pair of individuals (chick C06 and adult D229192) whose relatedness (p = 0.96) exceeded the theoretical ex-
pectations for both parent-offspring and full-sibling relationships (p = 0.50). As a conservative measure, we therefore excluded chick
CO06 from further analyses, as our results suggest that it may have survived to the yearling stage.

Genomic Inbreeding

Runs of homozygosity (ROHs) were called using BCFtools v1.1 The BCFtools algorithm uses a hidden Markov model to detect
regions of autozygosity by assessing the likelihood that two alleles are identical by descent. This algorithm therefore does not rely on
settings of parameters needed for ROH detection software like PLINK®' that use sliding windows.*° We only used genotypes with a
minimum quality of 30 (-G30) to call ROHs with the default allele frequency settings. The raw output from BCFtools was filtered to
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include only ROHs with a quality score over 30, a minimum length of at least 100kb, and containing at least 100 SNPs. Next, we calcu-
lated Fron as the proportion of the autosomal genome in ROHs). The sex scaffold was identified as described by Chen et al.® and
excluded from the calculation of Fron.

Variant prediction

To identify putatively deleterious mutations, we first inferred the ancestral state of each site in the genome using the reconstructed
genome of the last common ancestor of the black grouse and the white-tailed ptarmigan, and derived alleles were assumed to be
deleterious (see Chen et al.® for additional details). Putatively deleterious mutations were then identified using GERP'® and SnpEff.""

GERP++ was used to estimate evolutionary constraint from a multi-species alignment by calculating GERP scores across the
genome, which reflect the deficit of substitutions at a given site compared to neutral expectations. High GERP scores indicate stron-
ger evolutionary constraint, implying that mutations at these sites are more likely to be more deleterious. We constructed a multi-spe-
cies alignment of 74 avian genomes using Progressive Cactus v2.6.12°° and calculated GERP scores using GERP++'° as described
by Chen et al.° GERP scores were computed for the 29 largest autosomal scaffolds using the default settings, with the -d flag enabled
to exclude the focal reference genome and reduce bias. Following Chen et al.,° we defined a deleterious GERP mutation as a derived
allele at a locus with a GERP score > 4.

SnpEff predicts the effect of a mutation on protein structure and function.'" Each variant is classified into one of four impact cat-
egories: high, moderate, low and modifier. High impact mutations are predicted to have the most severe functional effects and
include LOF mutations. To annotate genetic variants in our population, we used SnpEff in combination with the black grouse genome
annotation (available via GitHub*?) as described by Chen et al.® We built a custom black grouse database, annotated each mutation,
and then used SnpSift'" to extract mutations located in the 29 largest autosomal scaffolds annotated as high impact. We defined a
deleterious SnpEff mutation as a derived allele at a locus annotated as having a high impact.

Genomic mutation loads

Each individual’s total genomic mutation load was quantified as the number of deleterious alleles (counting two for homozygous
derived mutations and one for heterozygous derived mutations) divided by the number of successfully genotyped loci carrying a dele-
terious allele, as described by Chen et al.® This calculation was performed separately for loci identified as deleterious based on GERP
and SnpEff predictions, resulting in two independent genomic mutation load estimates, herein referred to as the “total GERP load”
and the “total SnpEff load” respectively.

To test for spatial variation in the mutation load, we constructed Bayesian linear models using the R package stats brms v2.19.0,”
with either the total GERP load or the total SnpEff load fitted as the response variable and lekking site fitted as a 5-level fixed effect
predictor variable (Figure S2; Table S1). To test for temporal variation, we constructed analogous models with birth year fitted as a
10-level fixed effect predictor variable (Figure S2; Table S1). This analysis was based on chicks, yearlings and adults combined.

QUANTIFICATION AND STATISTICAL ANALYSIS

First, we quantified inbreeding depression for survival using Bayesian linear mixed effect models (LMMs) constructed with the R
package brms v2.19.0.” We tested for inbreeding depression in early-life by constructing a model of Fron With age (chicks versus
yearlings plus adults combined, n = 235 animals) fitted as a two-level fixed effect predictor variable. We tested for inbreeding depres-
sion in late-life by constructing a model of Fron With age (yearlings versus adults, n = 190 animals) fitted as a two-level fixed effect
predictor variable. Fron estimates were z-transformed and lekking site was included as a random effect in the models to account for
potential site-specific demographic variation.

Next, to quantify viability selection against predicted deleterious mutations, we modified the Bayesian LMMs described above by
replacing Fron With the z-transformed total GERP load or the z-transformed total SnpEff load as the response variables respectively.
Separate models were again constructed for early- and late-life viability selection for each mutation load type, with lekking site
included as a random effect.

Finally, we evaluated whether viability selection acts more strongly on specific genomic regions. Each mutation was annotated to
determine whether it overlapped a promoter, intron or exon using the R packages GenomicFeatures v1.42.3°® and rtracklayer
v1.50.0.%* Promotors were defined as regions spanning from 2,000 bp upstream to 200 bp downstream of the gene’s annotated tran-
scription start site.>®> We then calculated the total mutation load separately for each genomic region and constructed six Bayesian
LMMs as described above, one for each genomic region, stratified by life-history stage comparison. As before, the mutation load
estimates were z-transformed and the models included the same fixed and random effects described above. This analysis was
restricted to deleterious mutations identified by GERP, as we found no evidence of viability selection acting against high impact mu-
tations predicted by SnpEff.

All of the Bayesian models were run for one million iterations across four independent Markov chains, with a warm-up phase of
500,000 iterations and a thinning interval of 1,000. Generic weakly informative priors were used for the population-level effects
(normal distribution, mean = 0, SD = 1). To assess sensitivity to the choice of priors, we repeated all of the models using both
the default brms priors and with an alternative prior specification (population-level effects: mean = 10, SD = 10; intercept:
mean = 30, SD = 10). The results were comparable, indicating that our results and conclusions are robust to the choice of priors.
Model performance was evaluated by checking for divergent transitions and convergence, as well as through the visual inspection
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of autocorrelation plots, R hat statistics and effective sample sizes using the R package bayesplot v1.10.0.°° Results were consid-
ered statistically significant if the 95% CI of the § estimate did not overlap zero.®” Statistical parameters are reported in Tables S1
and S2.

All statistical analyses were implemented in R v4.5.1°% using Rstudio v2025.05.0°° and the results were visualized using the R
packages ggplot2 v3.5.2,°° cowplot v1.2.0,°" bayesplot v1.13.0,°° and ggridges v0.5.6.%2 The majority of bioinformatic workflows
were integrated into Snakemake v7.14% using a conda environment®* for enhanced reproducibility.®®
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