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1 | INTRODUCTION

Given the novel selection pressures stemming from global envi-
ronmental change, our ability to predict short-term adaptive re-
sponses in ecologically important traits in natural populations is
becoming ever more important (Waldvogel et al., 2020). Through
the estimation of quantitative genetic parameters underlying
phenotypic traits (e.g. additive genetic variance V, and narrow-
sense heritability h?, Lynch & Walsh, 1998) a population's ability
to respond to selection can be estimated using various metrics
and equations based on these parameters (e.g. evolvability,
Hansen & Pelabon, 2021; multivariate breeder's equation,
Lande, 1979; Robertson's second theorem of natural selection,
Robertson, 1966). Therefore, estimation of quantitative genetic
parameters in the wild is an important, but at the same time, diffi-
cult challenge given the logistic demands associated with obtain-
ing the required data.

Traditionally, estimation of V, and h? requires measures of con-
tinuous traits among individuals of known relatedness, using specific
crossing designs in the laboratory, or pedigree information gathered
from natural populations (Lynch & Walsh, 1998). In both cases, estab-
lishing the degree of relatedness between individuals is logistically
challenging because most non-model organisms are not amenable to
laboratory rearing or because building sufficiently large pedigrees
requires extensive, and often long-term, work in the wild. However,
the genomic era has provided researchers with an increasing number
of molecular markers allowing estimation of the actual proportion
of genome that is shared identically-by-descent (IBD) between indi-
viduals and by directly building the Genomic Relationship Matrices
(GRM) from wild individuals genotyped at many marker loci. The
GRM can subsequently be included in quantitative genetic models
of variance partitioning (e.g. animal models, Kruuk, 2004) to eval-
uate the covariance between phenotypic and genetic resemblance.
These advances in quantitative genomics have been well explored
in the fields of human and medical genetics (Manolio et al., 2009;
Powell et al., 2010; Speed & Balding, 2015; Visscher, 2009; Visscher
et al, 2006, 2007), animal and plant breeding (e.g. Edwards &
Batley, 2010; Hayes & Goddard, 2010; Sinclair-Waters et al., 2020),
and more recently also in evolutionary ecology (e.g. Sillanpaa, 2011;
Thompson, 2013; Robinson et al., 2013; Perrier et al., 2018; Gienapp
et al., 2019; Gervais et al., 2020; Duntsch et al., 2020; De-la-Cruz
et al., 2020; Fraimout, P3ivio, et al., 2022). This ‘pedigree-free’ ap-
proach has proven particularly useful in getting accurate estimates
of additive genetic variance, heritability, and genetic correlations un-
derlying the expression of quantitative traits in several wild (or semi-
wild) populations including the Soay sheep (Bérénos et al., 2014,
2015), Roe deer (Gervais et al., 2019), and passerine birds (Robinson
etal.,, 2013, Santure et al., 2015, Perrier et al., 2018).

Nonetheless, and despite having greatly advanced the field of
evolutionary genetics, IBD-based approaches to quantitative ge-
netics in the wild carry drawbacks inherent to the need to sample
wild individuals. They might also not be suitable for all study sys-
tems. The main limitation is that random sampling of wild individuals

from populations with high levels of genetic variation increases the
probability of sampling unrelated (i.e. genetically distant) individuals.
If most sampled individuals are unrelated, the statistical power of
GRM-based models will be low and heritabilities of focal traits can
become underestimated (Gienapp et al., 2017; Jensen et al., 2014;
@degard & Meuwissen, 2012; Ritland, 1996, 2000). Although this
might not be of concern for some moderately closed or philopatric
mammalian or avian study systems, or when deep pedigree informa-
tion is available, studies of species characterized by high fecundity,
large effective population sizes, or high levels of gene flow could be
impaired by the sampling of mostly unrelated individuals.

Here, we explore the utility of IBD-based quantitative genetic
models in estimating genetic variance components from large-sized
populations with low relatedness among individuals. We hypothe-
size that the level of relatedness in the population sample and its
variance will determine the accuracy of the genetic variance com-
ponent estimates and that they will be biased downwards if level of
relatedness in a population is low. To this end, we estimated quan-
titative genetic parameters underlying phenotypic variation in a
marine outbred population of the nine-spined stickleback (Pungitius
pungitius). We used empirical data on traits known to be under selec-
tion in P.pungitius (Karhunen et al., 2014) and calculated heritability,
additive, and dominance genetic variances in controlled crosses of
laboratory-raised P. pungitius and compared these estimates to those
obtained from wild-collected samples. Furthermore, we used com-
puter simulations to verify the robustness of our results and further
test for the effect of migration rate on the estimation of quantitative
genetics parameters. Following our hypothesis, we expect that (i)
data from controlled crosses should provide better estimates than
wild-collected data and that (ii) the accuracy of quantitative genetics
parameters should scale negatively with migration rate among popu-
lations. In addition, by estimating the contribution of different chro-
mosomes and quantitative trait loci (QTL) to the phenotypic variance
of all traits (Visscher et al., 2007; Yang et al., 2011), we investigated
the genetic architecture of the focal traits. We did this to look for
further evidence (cf. Fang et al., 2021; Kemppainen et al., 2021a,
2021b) that phenotypic parallelism across different P.pungitius pop-
ulations is underlined by the lack of similar parallelism in genetic un-
derpinnings of these phenotypic traits.

Our findings suggest that quantitative genomic approaches in
the wild should be carried with caution in species where relatedness
mean and variance among individuals are expected to be low, that
is, in species exhibiting low degree of population structuring and/or

high rates of migration.

2 | MATERIALS AND METHODS
2.1 | Empirical datasets
Our first objective was to use different data structures and statistical

approaches (and see Sections 2.4 and 2.5) to assess their efficiency
in obtaining estimates of variance components and heritability of
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quantitative traits. To this end, we used three different datasets
corresponding to three pedigree structures: (i) a population sam-
ple of wild-collected nine-spined sticklebacks from the Baltic Sea
in Helsinki (60°13’N, 25°11' E) brought to the University of Helsinki
aquarium facility. This “Helsinki-wild” dataset corresponds to a
standard quantitative genomic approach of building GRM from wild-
collected individuals of unknown relatedness.

(ii) Individuals from the Helsinki-wild dataset were used as
founders to produce F, generation offspring following standard
in vitro fertilization procedure for sticklebacks (Divino, 2014). F,
generation full-sib/half-sib families were generated by mating one
female to two different males (i.e. maternal half-sib design). Once
the eggs hatched and larvae started feeding, the families were
thinned to approximately 25 offspring per family and moved to
two large aquaria so that half of each family was placed in each
aquaria unit. The larvae were mass-reared in these aquaria, and
their family identity was later identified from the genotype data
(see below). After 11 months (May 2013 to April 2014), the ex-
periment was terminated and F, offspring distributed across 87
families were used. This dataset (“Helsinki-HS”) constitutes a
classical common garden full-sib/half-sib breeding design maxi-
mizing the number of different families and relatedness variation
in the sample. (iii) The third dataset corresponded to a subset
of the Helsinki-HS dataset retaining only 46 F, full-sib families
(“Helsinki-FS” dataset). The rationale behind generating this data-
set was to investigate the impact of half-sib relationships on the

estimated parameters (see also Section 2.7).

2.2 | Empirical data: phenotypes

We obtained phenotypic data for all individuals of the three datasets
on three morphological traits: body length, body depth, and length
of the pelvic spines, all known to have heritable basis (Kemppainen
et al., 2021a; Shimada et al., 2011) and be involved in adaptive dif-
ferentiation between freshwater and marine populations (Karhunen
et al, 2014). Individuals were photographed next to a millime-
tre scale with a digital camera, and images were used to measure
body length and body depth using the tpsDig software (v.2.10;
Rohlf, 2006). Body length was measured as the distance between
the tip of the snout and the base of the posterior end of the hypural
plate. Body depth corresponded to the distance between landmarks
3 and 12 in Herczeg et al. (2010). Lengths of the pelvic spines were
measured using digital callipers to the nearest 0.01 mm. We did not
focus on the asymmetry of pelvic spines (see Bell et al., 2007; Blouw
& Boyd, 1992; Coyle et al., 2007) but rather decided to use the
mean values of the left- and right-side measurements as the focal
trait. All measurements were made by the same person twice, and
the repeatabilities were >0.9 (p<.001) for all traits (see also Yang
et al., 2016, Kemppainen et al., 2021a, 2021b). Sex information for
all samples was obtained first by genotyping all individuals at a sex-
specific microsatellite locus (Stn 19; Shikano et al., 2011) and sub-
sequently confirmed with sex-specific SNPs. After correcting for
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missing values, the final datasets contained full phenotypic records
for 133 wild individuals (Helsinki-wild, body length only), 936 F, indi-
viduals (Helsinki-HS), and 482 F, individuals (Helsinki-FS).

2.3 | Empirical data: SNP genotyping

SNP data were the same as in Kivikoski et al. (2021). In summary,
49,511 SNPs were obtained from sequencing/genotyping by
Diversity Arrays Technology (Pty Ltd., Australia), using their DarTseq
technology.

Prior to all analyses, we pruned the datasets from sex-linked
markers and markers with a minimum allele frequency (MAF) lower
than 0.01 using the raw. data function of the snpReady R package
(Granato et al., 2018) and included only markers with a maximum of
10% missing data. We further used the imput option of the raw. data
function to allow for data imputation of missing genotypes by using
the mean genotypic value at each SNP (Granato et al., 2018). This
resulted in a total of 15,147 SNPs used for the construction of the
GRM (see below).

2.4 | Quantitative genetics: construction of the
genomic relationship matrix

We estimated the kinship relationship among individuals in each
empirical dataset using the SNP-based GRM corresponding to the
estimated fraction of the genome-shared IBD between siblings.

We used a modified construct of the additive GRM originally
proposed by VanRaden (2008):

ww'

CRMapp = trace(WW") /n

(1)
where W is the marker matrix of additive coefficients and n is the num-
ber of individuals, as implemented in the snpReady R package (Granato
et al., 2018) for each dataset to construct GRMs from autosomal loci.
This allowed us to produce for each dataset both additive and domi-
nance variance matrices (GRMADD and GRMpopp; Granato et al., 2018).
The construction of GRMy,,, follows the same formula as in
Equation (1) replacing the matrix W with the matrix S corresponding to
the dominance deviation coefficients (see p. 5 in Granato et al., 2018).

2.5 | Quantitative genetics: Estimation of variance
components and heritabilities

Three quantitative genetic parameters underlying trait variability
were estimated: additive genetic variance (V,), dominance vari-
ance (Vp), and heritability (h?). We employed the ‘animal model’
approach (Kruuk, 2004), a random effect model using the GRM as
the covariance of the random effect linking to the phenotypes, to
estimate these parameters using the relatedness among individu-
als in each dataset characterized in each relationship matrix. The
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Bayesian approach implemented in the MCMCglmm R package
(Hadfield, 2010) was used to fit the following model for each trait

and each dataset separately:
y=Xf+Zpya+Zpd+e¢ (2)

where y is the vector of phenotypic values for each trait, f is the vector
of fixed effects, a and d are the vectors of random additive and dom-
inance effects, respectively, ¢ is the vector of residual errors, X is the
design matrix relating to the fixed effects, and Z, and Z, are the inci-
dence matrices relating to the additive and dominance random effects,
respectively. We added the sex of the individuals as a fixed effect and
implemented additive and dominance effect from the relationship
matrix (GRM) as random effects. Model convergence was checked vi-
sually from the mixing of MCMC chains by inspecting trace plots of
many different model parameters, using the Heidelberger and Welch
convergence test (Plummer et al., 2006). We assessed whether models
had been run for enough iterations by inspecting the effective sample
sizes of the MCMC posterior distributions of each variance compo-
nent. We calculated heritability as the ratio of V, to total phenotypic
variance (V}) for a given trait. For each model based on Equation (2),
we evaluated the uncertainty in the estimation of variances and her-
itability based on the 95% Highest Posterior Density (HPD) intervals
constructed from the posterior distribution of each variance compo-
nent using the HPDinterval function (Plummer et al., 2006). We then
compared the 95% HPD intervals for all parameters (VA, Vo, h2) be-
tween models to assess the precision of each approach in estimating
quantitative genetic parameters. All variance components obtained
with MCMCglmm are reported as the median of the posterior distri-
butions for each model. Finally, we compared the efficiency of the
GRM-based models to the traditional pedigree approach (Pedigree
Relationship Matrix; PRM) by running the animal models using the
pedigree information from the Helsinki-HS dataset (see Data S1 and
Table S1). Meaningful comparisons of variance components estimated
using different relationship matrices (here, GRM & PRM) must refer to
a common reference population, wherein genetic variance is estimated
(Legarra, 2016; Speed & Balding, 2015). Specifically, models using PRM
will estimate variance in the base population of the pedigree (i.e. the
unrelated founders), while models using GRM will do so within the
set of genotyped individuals (Joshi et al., 2020; Legarra, 2016; Powell
et al., 2010). We used the approach of (Legarra, 2016; see details in
Data S1) to adjust all variance components and set a reference popu-
lation providing meaningful comparison between the PRM- and GRM-

based models.

2.6 | Genetic architecture: chromosome
partitioning of the genetic variance and QTL mapping

To investigate the genetic architecture of the three quantitative
traits, we estimated the proportion of phenotypic variance explained
by SNPs from each separate chromosome. To this end, we used the
Genomic Best Linear Unbiased Prediction (G-BLUP) approach from
the GCTA software (Yang et al., 2011). We calculated a GRM for

each chromosome and a GRM for all but the focal chromosome and
estimated genetic variance parameters with the GREML approach
implemented in GCTA. Models were run independently for each trait
and each chromosome for all crosses.

Furthermore, we performed QTL mapping using three inter-cross
F, datasets (see Data S1. We used a single-locus mapping approach
(Li et al., 2017, 2018) to identify the QTL explaining variation in body
size, body depth, and pelvic spine length. The total phenotypic ef-
fect of each SNP can be obtained from the regression coefficient of

the following Gaussian regression model Equation (3):

i.i.d

Yi = Bo + XjB; + €& N(0,07), @
where y; is the vector of phenotypes for individuals i; 4 is the pheno-
typic mean; X; is the genotypic value of individual i and marker j coded
as -1, 0, and 1 for the three genotypes AA, AB, and BB, respectively; ﬂj
is the effect of the SNP j; and ¢; is the residual error assumed to be in-
dependent and identically distributed (i.i.d.) under a normal distribution
with zero mean and unknown variance og. In our inter-cross F, design,
up to four possible segregating alleles can be found: two alleles A1 and
A2 from the dam, and two alleles B1 and B2 from the sire (Xu, 1996,
2013). Thus, Equation (3) can be reformulated as

i.i.d

(4)
Yi = Bo + XgiPa + XsiBg + Zjvj + €, ; N(0,62),

where the substitution effects By and B correspond to the alleles A1
and A2 and B1 and B2 at locus j for the dam d and sire s, respectively,
and where y;is the dominance effect. In model [5], the genotype matrix

coding system for xg;, Xg; and z; (Xu, 2013) is specified as

+1 +1 +1 | A1B1
+1 -1 -1 | A1B2
-1 +1 -1 | A2B1
-1 -1 +1 | A2B2

To obtain additional information on the origin of the QTL effects
and distinguish between the dam and sire allele effects, parental phas-
ing information needs to be incorporated into the model [5]. To this
end, we used the data produced by Kemppainen et al., 2021a, 2021b.
Briefly, parental and grandparental phases were obtained from a dense
SNP panel (see detailed description in Kemppainen et al., 2021a, 2021b
and Li et al., 2018) using the LEP-MAP3 software (Rastas et al., 2016).
Data redundancy due to linkage was reduced using a linkage disequi-
librium (LD) network approach implemented in the LDna R package
(Kemppainen et al., 2015). Each LD cluster comprising set of highly cor-
related SNPs was subjected to a principal component analysis (PCA),
and the PC coordinates from the first axis explaining the largest pro-
portion of variation were used for QTL mapping. For each of the three
F, crosses, we applied the model from Equation (4) separately to each
phenotypic trait using the complexity-reduced SNP panel and sex as
covariate. A permutation procedure (10,000 permutations) was used in
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each QTL model to control for false positives (Li et al., 2017; Westfall
& Young, 1993).

2.7 | Simulation study

We ran forward-in-time, Wright-Fisher simulations with Nemo
(v.2.3.56; Guillaume & Rougemont, 2006) to generate genomic and
phenotypic data for datasets varying in their pedigree structures.
From a base population of N=10,000 individuals, three categories of
datasets matching our empirical data were generated after 10N gen-
erations: (i) wild samples, (ii) full-sib/half-sib crosses, and (iii) full-sib
crosses. For each cross-type, we generated different sample sizes to
evaluate the number of individuals needed to obtain precise variance
component estimates. For the full-sib crosses, we simulated a data-
set with a single pair of unrelated parents with either 200 (“FS_200"),
500 (“FS_500"), or 1000 offspring (“FS_1000"). These single-family
datasets were generated to evaluate whether only within-family var-
iance in relatedness could be sufficient for estimating variance com-
ments (Visscher et al., 2006). We then simulated three independent
(i.e. unrelated founders) full-sib families each consisting of 200 F,
offspring (“FS_3x200", N=600) and a dataset with five independent
full-sib families each with 200 F, offspring (“FS_5x200", N=1000),
and finally, a dataset equivalent to our empirical dataset consisting
of 50 families each containing 20 offspring (“FS_50x20", N=1000).
For the full-sib/half-sib design, we simulated a design consisting of
50 dams each mated to two sires and each family consisting of either
five F, offspring per sire (“HS_50x10", N=500) or 10 F, offspring
per sire (“HS_50x20", N=1000) and an additional design with 150
dams each mated to two sires and each family consisting of three F;
offspring (“HS_150x6"). Finally, we simulated two datasets of wild
unrelated individuals consisting of 500 (“Wild_500") or 1000 indi-
viduals (“Wild_1000") randomly sampled from the base population.

Moreover, we explored the effect of variation in relatedness
on the estimation of variance components by simulating additional
‘wild’ datasets with varying levels of IBD among individuals. To this
end, we simulated a structured population (N=10,000) of 5 and
10 sub-populations connected by migration in a stepping-stone
model. Migration rates varied between low (N,m=1.6, 3.2) and high
(N,m=16, 32) (Figure S1) so that relatedness among all individu-
als would scale negatively with migration. In other words, under a
low-migration regime, individuals within sub-populations are more
related to one another (Figure Sla,c), while high migration rates
homogenize genetic variation in the meta-population and conse-
quently, decrease average relatedness (Figure S1b,db,d). After 10N
generations of random mating (Wright-Fisher) and migration, we
generated samples of 500 individuals equally sampled among sub-
populations (100 or 50 individuals per sub-population).

For each dataset, a polygenic quantitative trait underlined by 100
biallelic QTL was simulated and 10,000 neutral biallelic SNP markers
were generated on the same genetic map for estimation of genomic
relatedness. Loci were placed on 20 chromosomes with total map
length of 190cm. Neutral markers were placed equidistantly every
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0.5cm, while QTL locations were randomly set. QTL allelic effects
were+0.4 with mutation rate of 10™*. Mutation rate for neutral mark-
ers was 107°. Narrow-sense heritability h? was maintained constant
across simulations by adjusting the environmental variance of the
trait V; to the within-population additive genetic variance V, stem-
ming from mutation-drift(-migration) balance. GRM, for the sim-
ulated genotypes wwasere constructed using the same approach as
described above after pruning for markers with an MAF lower than
0.01. We used the same modelling approach to estimate all variance
components (except V) from each simulated dataset with MCMCglmm
as described above. For each dataset, 10 replicates were generated
and the mean values of all replicates along with their standard devi-
ations are reported. Finally, we replicated this simulation scheme for
two additional types of data representing two different genetic archi-
tectures: a dataset with a polygenic quantitative trait underlined by ten
times more QTL (1000 QTL, effect size: 0.04) and a dataset based on
the same number of QTL (100 loci) but with varying effect size among
QTL. In the latter, effect sizes were skewed, with each linkage group
including one QTL of major effect (ca. 0.6-0.8) and the other effect

sizes drawn from a normal distribution with mean 0.2 and SD (0.1).

3 | RESULTS
3.1 | Distribution of IBD-sharing values

The GRM estimated from the Helsinki-wild cross data was well rep-
resentative of the full-sib/half-sib structure of the data (Figure S2)
with a high frequency of full-sibs sharing half of their genome IBD
(0.5; Figure S2) and half-sibs showing an average relatedness coef-
ficient of 0.25. Most founders were ‘unrelated’ (IBD sharing <0.1;
Figure S2), but we did find some degree of relatedness among par-

ents despite the random nature of the sampling (Figure S2).

3.2 | Quantitative genetics parameters

Overall, more precise estimates of quantitative genetic parameters
were recovered from the half-sib/full-sib data (as represented by the
width of the 95% HPD intervals) compared to those obtained using
unrelated individuals from the wild (Figure 1). In the Helsinki-wild
dataset, estimates of quantitative genetic parameters for body size
using the GRM had wide 95% HPD intervals (Figure 1). We found sim-
ilar moderate heritability for the three quantitative traits (Figure 1)
but different levels of underlying additive genetic variance, with SL
showing the highest and PL the lowest V, (Figure 1). Overall, the
contribution of dominance genetic variance (V) in all traits for these
datasets was small (Figure 1). Accuracy of the parameter estimation
using the Helsinki-FS data was on par with the Helsinki-HS dataset,
but the latter tended to be more precise (i.e. with lower HPD inter-
vals) for all variance component estimates (Figure 1).

Results of the simulation study showed that V, and h? were
highly underestimated in all but the half-sib/full-sib crosses
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FIGURE 1 Quantitative genetic parameters estimated from the empirical datasets. The narrow-sense heritability (h?), additive genetic
variance (VA), dominance variance (VD), phenotypic variance (VP), and residual variance (VR) estimated for the empirical datasets are shown.
For each dataset and each variance component, the median of the posterior distribution is shown. The 95% HPD interval is represented by
vertical solid lines. For each trait (SL: standard length; BD: body depth; PL: pelvic length), each variance component is shown as estimated
from the half-sib/full-sib design (HS, filled circle), the full-sib design (FS, filled square), and the wild population sample (Wild, filled triangle).

(Figure 2). Accuracy of the estimation (i.e. distance of the point esti-
mates from the true simulated value) increased with increasing fam-
ily numbers, while precision (i.e. width of the confidence intervals)
increased with increasing sample size (Figure 2). As predicted, and
despite the relatively large sample sizes, wild samples did not allow
for meaningful estimation of V, or h?. The same results were found
consistently across different genetic architectures and QTL effect
sizes (Figures S3, and S4).

Further investigations of the wild datasets showed a clear effect of
migration rate and relatedness levels on the statistical power to esti-
mate V, and h? (Figure 3). Migration rates among the sub-populations
in each simulated meta-population scaled negatively with the accuracy
of V, and h? parameters, and the most accurate estimates were ob-
tained using the samples with the lowest migration rate and therefore,

the highest variance in relatedness (Figures 3, S1).
3.3 | Genetic architecture: chromosome
partitioning

Overall, the proportion of variance explained by each individual
chromosome for each trait was low to moderate in all crosses

(Figures 4 and 5), except for pelvic spine length (PL) in the HEL x RYT
cross (Figure 5) where Chromosome 7 explained 66% (SE=0.086)
of the total phenotypic variance. In the Helsinki-HS, we found sig-
nificant regional heritability for body depth and pelvic length in
Chromosomes 6 and 5, respectively (Figure 4). In the F, crosses, dif-
ferent chromosomes contributed to the total phenotypic variance of
all traits in the three datasets (Figure 5).

The proportion of variance explained by each chromosome was
significantly correlated with chromosome length for body size only
in the HEL x PYO cross (r=.619, p=.003; see Figure S5 and Table S2
for details on chromosome length).

3.4 | Genetic architecture: QTL mapping

The genetic architecture of the three focal traits differed between
the three different F, crosses (Figure 6). In the HEL x BYN cross, we
found no significant QTL underlying the variation in standard length
(Figure 6a), one significant QTL of parental origin (i.e. from the F,
pond sire) for body depth on Chromosome 16, and three significant
QTL for pelvic spine length on Chromosomes 15, 16, and 21 also of
a paternal origin (Figure 6a). In addition, there was one significant
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FIGURE 2 Quantitative genetic parameters estimated from the simulated datasets. The narrow-sense heritability (h%) and additive
genetic variance (V,) estimated for the simulated datasets are shown. For each dataset and each variance component, the mean estimate
over all replicates is shown (filled circle) along with the 95% HPD interval (vertical bars) for the true simulated values (blue) and the estimates
recovered from the MCMCglmm models (red). Codes for the datasets on the x-axis correspond to the simulated data as follows: for the
full-sib crosses, datasets with a single pair of unrelated parents with either 200 (“FS_200"), 500 (“FS_500"), or 1000 offspring (“FS_1000");
datasets with three independent (i.e. unrelated founders) full-sib families each consisting of 200 F, offspring (“FS_3x200", N=600) and a
dataset with five independent full-sib families each with 200 F, offspring (‘FS_5x200", N=1000); a dataset consisting of 50 families each
containing 20 offspring (“FS_50x20", N=1000). For the full-sib/half-sib design: a crossing scheme of 50 dams each mated to two sires and
each family consisting of either five F, offspring per sire (“HS_50x10", N=500) or 10 F1 offspring per sire (“‘HS_50x20", N=1000) and

an additional dataset with 150 dams each mated to two sires and each family consisting of three F, offspring (“HS_150x6"). For the wild
unrelated individuals design: 500 (“Wild_500") or 1000 individuals (“Wild_1000") randomly sampled from the base population (and see

Section 2 for details).

QTL of maternal origin (i.e. F; marine female) on Chromosome 6
(Figure 6a). In the HEL x RYT cross, a single significant QTL underly-
ing the variation in pelvic spine length on Chromosome 7 (Figure 6b)
inherited from both F, parents was found. This QTL expressed also
dominance in this trait (Figure 6b). In the HEL x PYO cross, there was
a single paternal QTL for standard length located on Chromosome 1
and one significant QTL for the dominance effect on Chromosome 9.
A large effect QTL of shared paternal, maternal, and dominance ori-
gin located on Chromosome 9 was found to explain variation in body
depth (Figure 6c). Finally, a single significant QTL on Chromosome
9 explained the phenotypic variation in pelvic spine length in this

cross (Figure 6c).

4 | DISCUSSION

The results show that genome-wide IBD information derived from
SNP markers using controlled crosses such as half-sib/full-sib fam-
ily can yield meaningful estimates of quantitative genetic param-
eters for ecologically important traits, including dominance genetic

variance. In line with the results of some earlier studies, which have
estimated dominance variance components for morphological traits
(Roff & Emerson, 2006, reviewed in Wolak & Keller, 2014), the
dominance contributions for all traits were negligible in our data.
In the following, we discuss the usefulness and limitations of our
results, and their potential utility for evolutionary studies of wild

populations.

4.1 | Quantitative genomics in the wild

Despite the appealing prospect of applying GRM-based animal models
directly to samples originating from the wild rather than from com-
plex laboratory crosses, our results show, in line with early predictions
(Ritland, 1990, 1996), that such approach should not be undertaken
in populations with low variance in relatedness. This was particularly
evident from our simulation study showing that estimates of heritabil-
ity and additive genetic variance were severely underestimated when
using unrelated individuals with low variance in relatedness com-

pared to half-sib/full-sib data. Furthermore, the results show that in
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FIGURE 3 Effect of migration rate on the quantitative genetic parameters estimated from the wild-simulated datasets. The narrow-
sense heritability (h?) and additive genetic variance (V,) estimated for the wild-simulated datasets are shown. For each dataset and each
variance component, the mean estimate over all replicates is shown (filled circle) along with the standard deviation (vertical bars) for

the true simulated values (blue) and the estimates recovered from the MCMCglmm models (red). Codes for the datasets on the x-axis
correspond to the type of meta-population used (P05, P10; 5 or 10 sub-populations, see Section 2) and the level of migration rate among

sub-populations (M).

a simulated meta-population representative of a wild outbred species,
migration rate would have to be very low (or population structure be
high), and variance in relatedness among individuals to be substantial
in order to obtain accurate estimates of V, and h?. Of course, the used
simulation scheme makes several assumptions (e.g. random mating and
absence of mate choice) that are not necessarily met in all species with
more complex mating strategies and population structures. We also
used a maximum sample size of 1000 individuals per cross-type in our
simulations and showed that such sample size would still be insufficient
for variance component estimation using population data. Although
previous work has shown that accurate estimation of heritability can
be obtained using population data (Visscher & Goddard, 2015), the
required sample size would need to be very large (i.e. >10,000 unre-
lated individuals), a condition that might not be attenable for most wild
quantitative genetic studies. Furthermore, sweepstake reproductive
success typical of marine species (Vendrami et al., 2021) can disrupt
the genetic homogeneity of populations otherwise characterized by
large census population size and, therefore, increase the mean and
variance in relatedness at local geographic scales. Nonetheless, the
simulations were parameterized with results from real genomic data
derived from the study of Baltic Sea nine-spined sticklebacks (Fang
et al., 2021, Feng et al., 2022) and covered a variety of genetic archi-
tectures representative of polygenic traits. Hence, our results can be

considered representative of at least this outbred fish species, and
likely other marine organisms with large population sizes. As such, our
results provide important guidelines for future studies aiming at es-
timating quantitative genetic parameters such as marine species and
more generally in species characterized by large population sizes.

4.2 | Distribution of IBD values

In humans, relatedness among full-sibs can vary substantially around
the 0.5 expectation: Visscher et al. (2006) reported IBD sharing
among full-sibs to range from 0.317 to 0.617. Here, we found the
average IBD sharing to span much wider range than in humans (mean
IBD sharing: 0.509, min: 0.259; max: 0.737; Figure S2). In other
words, some full-sib pairs did not share more of their genome than
half-sibs, while others shared more than expected from brother-sis-
ter mating. Variance in IBD sharing between sibs is inherently linked
to structural properties of the genome (i.e. number of chromosomes,
chromosome length), and the recombination process and number of
crossovers occurring during meiosis: higher number of crossovers
will lead to lower variance in IBD (Kivikoski et al., 2021; Risch &
Lange, 1979). Linkage maps constructed from human data are on av-
erage twice the length as that from P.pungitius (Broman et al., 1998;
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FIGURE 4 Chromosome partitioning of the genetic variance (Helsinki). The phenotypic variance in body depth (BD), pelvic spine length
(PL), and standard length (SL) explained by the SNPs (heritability) are shown for each chromosome for the Helsinki crosses. Black stars (*)

correspond to non-zero estimates (+/-SE) for each chromosome.

Kivikoski et al., 2023) indicating more crossovers in the human ge-
nome than in that of the nine-spined stickleback. Therefore, it is pos-
sible that this difference in the recombination landscape between
the two species along with the smaller size of P.pungitius genome
(Xu, 2006) is responsible for the different ranges of IBD proportions
in sticklebacks. Regardless of the mechanism behind the higher
variance in the nine-spined stickleback IBD, our results confirm that
this species and likely also its close relative, the three-spined stick-
leback (Gasterosteus aculeatus), sharing similar genetic architecture
and cross-over pattern (Kivikoski et al., 2023), are particularly suit-
able models for quantitative genomic studies of wild populations
(Merila, 2013). This view is further reinforced by the discovery that
the two species differ fundamentally in the way standing genetic
variation is distributed among local populations, and therefore in the
way local adaptation is expected to proceed in response to similar

selection pressures in different populations (Fang et al., 2021).

4.3 | Dominance variance underlying
quantitative traits

The results further demonstrate that use of the GRMs in our mod-
els allowed for greater model complexity by implementation of
the dominance matrix (GRMpg,,) as an additional random term

to estimate V|,. To date, dominance genetic variance has received
less attention in the evolutionary genetic literature (Wolak &
Keller,2014). Thisisin part due to the fact that founding theoretical
work predicted that non-additive genetic effects should contrib-
ute little to quantitative trait variance (Fisher, 1958), a prediction
later verified in some empirical studies (e.g. Hill et al., 2008; Zhu
et al., 2015; Class & Brommer, 2020; but see Merila et al., 2004).
Nevertheless, a body of theoretical and empirical work suggests
that dominance variance can indeed account for a significant
proportion of phenotypic variance in the wild when populations
are finite and genetically structured (e.g. Crnokrak & Roff, 1995;
Kosova et al., 2010; Wright, 1931). Hence, the importance (or
lack thereof) of dominance genetic variance cannot be taken for
granted and requires empirical data. Two results of particular im-
portance regarding dominance variance from our study are worth
highlighting. First, we found that dominance genetic variance ac-
counted for a very low proportion of the total phenotypic variance
for all traits in all datasets. On average, it accounted for 0.19% of
V, across datasets compared to V,, which explained on average
21.2% of V,. Thus, our results are in line with some earlier studies
suggesting that dominance variance in morphological traits can be
negligible. Second, the results further demonstrate the difficulty
in obtaining estimates of V| from family data. Here, even when
using an appropriate crossing design (i.e. maternal half-sib; Wolak
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FIGURE 5 Chromosome partitioning of the genetic variance (QTL crosses). The phenotypic variance in body depth (BD; left column),
pelvic spine length (PL; centre column), and standard length (SL; right column) explained by the SNPs (heritability) are shown for each
chromosome for the HB cross (red; top row), HP cross (green; middle row), and HR (blue; bottom row). Black stars (*) correspond to non-zero

estimates (+/-SE) for each chromosome.

& Keller, 2014) with relatively large number of families and individ-
uals, we found that estimates of V) obtained from pedigree-based
analyses tended to be overestimated as compared to the ones ob-
tained with GRM (Table S1). As a result, uncertainty around the
estimation of the other components of variance in animal model
was affected, and heritability estimates became biased down-
wards. All this said, we acknowledge that there are more advanced
breeding strategies combining paternal half-sibs and double-first-
cousins that are tailored for dominance variance estimation (Koch
et al., 2020; Sztepanacz & Blows, 2015), and that larger sample
sizes than those used here might be required to obtain reliable
estimates of V. While it is possible that we did not have enough
statistical power to accurately estimate dominance variance in our
data, the range of possible values for our focal traits should none-

theless be captured by the HPD intervals of our model estimates.

4.4 | The genetic architecture of parallel evolution
in Pungitius pungitius

The pace of adaptive evolution is determined by the amount of
heritable variation in traits under selection, but the heritabil-
ity of a given trait may be specific to a given environment or sex
(Hoffmann & Merild, 1999; Price & Schluter, 1991; Roff, 1997;
Wilson et al., 2010). Here, we studied three morphological traits

previously shown to be involved in the phenotypic differen-
tiation between different ecotypes of P.pungitius. Following the
colonization of lakes and ponds from the marine environment,
freshwater populations of P.pungitius have repeatedly evolved
distinct phenotypes such as increased body size (i.e. gigantism;
Herczeg et al., 2009a, 2009b), changes in behaviour (Herczeg
et al., 2009a, 2009b, Fraimout, Li, et al., 2022), and pelvic reduc-
tion (Kemppainen et al.,, 2021a, 2021b). A reasonable assump-
tion is therefore that sufficient additive genetic variance was
available in the marine ancestral population to respond to the
selection pressures associated with the colonization of the fresh-
water habitat. In the current study, the Helsinki population may
be considered as representative-that is, genetically and morpho-
logically similar (Karhunen et al., 2014; Shikano et al., 2010)-of
an ancestral marine population of P.pungitius, and in line with
the previous assumption, we found significant V, underlying all
three traits in this population. Further dissection of the genetic
architecture of body size revealed that heritability of this trait was
partitioned across the genome, with several chromosomes ac-
counting for small proportions of total phenotypic variance. Thus,
these results confirm the polygenic nature of body size in P.pun-
gitius (Laine et al., 2013). However, our analysis of pelvic spine
length and body depth revealed a different picture: we found
little phenotypic and additive genetic variance underlying these
two traits despite moderate heritabilities. Regressive evolution
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FIGURE 6 QTL-mapping results for the three phenotypic traits. Results from the four-way QTLmapping are shown for each cross (a-c)
and for each trait (SL: standard length; BD: body depth; PL: pelvic spine length). For each cross and trait, panels show whether the QTL is
inherited from the sire (M) or the dam (F) along with the dominance effect (D) estimated from model [5] in the main text. Results are based
on permutation and the significance threshold (dashed horizontal line) is shown on the logarithm scale (p=.05). Colors represent different

chromosomes.

of the pelvic apparatus (hereafter pelvic reduction) has been much
studied in stickleback fishes (Bell et al., 1993; Chan et al., 2010;
Gibson, 2005; Kemppainen et al., 2021a, 2021b; Xie et al., 2019).
Based on the results of Kemppainen et al., 2021a, 2021b and the
current study, it is clear that the pelvic reduction is a heterogene-
ous process in P.pungitius, and that the heritability of this trait var-
ies from one population to another. Therefore, it is possible that
the alleles (or combination of alleles) underlying pelvic variation
are not segregating in our Helsinki population, in turn explaining
the low additive variance of this trait. Alternatively, it is possible
that the pelvic phenotype in this population is close to an adap-
tive optimum where stabilizing selection has depleted most of
the additive genetic variance underlying this trait (Fisher, 1958;
Karavolias et al., 2020). Whether body depth is under a similar
selective scenario in P.pungitius is, however, unknown, and addi-
tional studies of selection intensity and in-depth analyses of the
genetic architecture of these two traits (e.g. with genome-wide
association study) may shed more light on their genetic bases in
the Baltic Sea population of P. pungitius.

Interestingly, our chromosome partitioning analyses revealed
heterogeneous chromosome contributions to the overall phe-
notypic variance for all three morphological traits, between all
crosses. This result was further supported by different QTL un-
derlying phenotypic variation between crosses, for all three traits.
Differences in the genetic architecture of the same trait between
these crosses indicate that different alleles govern phenotypic
variation in the three different pond populations despite their ad-
aptation to the same environment. As recently demonstrated by
Kemppainen et al., 2021a, 2021b and Fang et al. (2021), marine
populations of P.pungitius display relatively high level of genetic
isolation-by-distance resulting in substantial population structure
in the sea. Consequently, and conversely to the classical model
of parallel evolution described in the three-spined stickleback
(Gasterosteus aculeatus; Colosimo et al., 2005), repeated coloni-
zation of similar freshwater habitats by P. pungitius was likely ini-
tiated by populations with different allele frequencies at causal
loci underlying traits under selection. The likelihood of parallel
evolution is therefore expected to be low among freshwater
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populations of P.pungitius, as was demonstrated for pelvic phe-
notypes by Kemppainen et al., 2021a, 2021b and further sug-
gested by the current study along with evidence for genetic
non-parallelism in the two additional morphological traits. This
important result further reinforces the role of non-parallelism in
polygenic adaptation among populations evolving in similar habi-
tats (Barghi et al., 2020).

4.5 | Possible caveats

We found that genetic variances in our simulation study were en-
compassed in the HPD intervals of the animal models but were also
slightly underestimated. Although we do not have a clear explana-
tion for the observed underestimation of V,, this result should not
stem from technical issues associated with our animal models (i.e.
convergence of MCMC chains, Figure S6). Nevertheless, our results
further highlight the importance of variance in genetic relatedness in
the estimation of variance parameters.

Other sources of variance such as common environmental and
parental effects may increase phenotypic similarity within full-
sib families and attenuate between-family differences (Lynch &
Walsh, 1998). Although our data did not allow us to specifically
account for parental effects, previous experimental findings of
Ab Ghani et al. (2012) found that maternal effects on body size in
both marine and pond populations of P.pungitius were negligible.
Nonetheless, other types of experimental designs, such as paternal
half-sib design (Falconer & Mackay, 1996; Lynch & Walsh, 1998), able
to yield estimates free from maternal effects would be preferable.
As for the common environmental effects, estimation of genetic
variance from within-family variation using the actual IBD relation-
ships between full-sibs is not expected to be affected by such ef-
fects (Visscher et al., 2006).

Although the current manuscript did not aim at comparing dif-
ferent methods or software capable of IBD estimation, it is worth
noting that discrepancies may exist between different related-
ness estimators (Ackerman et al., 2017; Weir & Goudet, 2017)
and that the estimation of quantitative genetic parameters from
GRM-based models may require the use of several relatedness
coefficients. Furthermore, the computing cost of Bayesian sam-
pling associated with large matrices such as the GRMs used in the
present paper could quickly become prohibitive with large sample
sizes. Although providing a formal comparison of different R pack-
ages/software in handling such matrices was beyond the scope
of this manuscript, we refer interested readers to other statisti-
cal tools such as BGLR (Pérez & de Los Campos, 2014) or brms
(Burkner, 2017).

4.6 | Conclusions and prospects

In conclusion, we have explored the utility of a quantitative
genomics approach in obtaining estimates of quantitative genetic

parameters for non-model organisms and demonstrated that this
approach should be undertaken carefully when sampling wild indi-
viduals, particularly when low variance in relatedness is expected
in the study populations. Rather than maximizing sample size only,
we suggest that such studies should consider sampling multiple
local demes or multiple family groups to increase the variance
in relatedness among individuals. While the applicability of this
approach may be limited for organisms that are not amenable to
be raised in laboratory/mesocosm conditions, it could be readily
used for instance in many plant, insect, and fish systems to obtain
estimates of quantitative genetic parameters from multiple popu-
lations simultaneously. However, since the accuracy of genomic
heritability method depends on the variance in genome-wide IBD
(Visscher, 2009; Xu, 2006), the genomic characteristics of the
model system will influence the utility and required sampling de-
sign in obtaining parameter estimates with sufficient accuracy and
precision.

AUTHOR CONTRIBUTIONS

A.F, JM., Z.L.,,M.S,, and P.R. conceived the study; P.R. contributed
to pre-processing and getting the genotype data; A.F. analysed the
data; F.G. performed all computer simulations; J.M. and A.F. led the
writing of the manuscript. All authors contributed critically to the
drafts and gave final approval for publication.

ACKNOWLEDGEMENTS

We thank Federico Calboli and Ari Loytynoja for constructive com-
ments on the earlier version of the manuscript. We thank Gabor
Herczeg, Abigel Gonda, Yukinori Shimada, Mirva Turtiainen, Chris
Eberlein, Takahito Shikano, Laura Hanninen, Kirsi K&ahkonen,
Miinastiina Issakainen, and Sami Karja for help in fish breeding and
DNA extractions, and Jing Yang for help with fish phenotyping. We
thank Mikko Kivikoski for helpful discussion on estimation of IBD
proportions. The computing resource support from CSC-the Finnish
IT Center for Science Ltd. administered by the Ministry of Education
and Culture, Finland-is gratefully acknowledged. Our study was sup-
ported by the Academy of Finland (grant nos. 129662, 134728, and
218343 to J.M.). Partial support was also received from the NSFC/
RGC Joint Research Scheme sponsored by the Research Grants
Council of the Hong Kong Special Administrative Region, China,
and the National Natural Science Foundation of China (Project No.
N_HKU763/21).

CONFLICT OF INTEREST STATEMENT

The authors declare no conflict of interest.

DATA AVAILABILITY STATEMENT

Raw sequence reads for the F, crosses have been submitted to
NCBIs short-read archives with accession nos: PRJNA673430 and
PRJINA672863. All data and codes necessary to replicate the analy-
ses presented in the manuscript are deposited in the Dryad reposi-
tory (Fraimout et al., 2024: https://doi.org/10.5061/dryad.b2rbn
zsp9).

85U8017 SUOWIWOD SA 81D 8 [deot[dde aup Ag peusenob a.e sjole YO ‘SN Jo So|ni o} AkeuqiT8UIIUQ AB]I/ UO (SUONIPUOD-pUe-SWB 0" A3 1M Aleiq Ul Juo//SAny) SUORIPUOD Pue SWiS 1 81 88S " [720z/c0/80] Uo AkeidiTauljuo AB[IM 'MuseH JO AIseAIUN Aq 662, T 99W/TTTT'OT/I0P/WO00 A8 |1 Aleiq 1l |uo//Sdny Wwolj pepeojumod ‘9 ‘vZ0Z ‘Xy62S9ET


https://doi.org/10.5061/dryad.b2rbnzsp9
https://doi.org/10.5061/dryad.b2rbnzsp9

FRAIMOUT et AL.

ETHICS STATEMENT

All experimental protocols were approved by permission
(ESLHSTSTH223A) from the National Animal Experiment Board,
Finland.

ORCID
Antoine Fraimout " https://orcid.org/0000-0003-4552-3553
https://orcid.org/0000-0003-0874-0081
https://orcid.org/0000-0001-8469-7295

https://orcid.org/0000-0001-9614-0072

Frédéric Guillaume
Zitong Li
Juha Merild

REFERENCES

Ab Ghani, N. I, Herczeg, G., & Merilg, J. (2012). Body size divergence
in nine-spined sticklebacks: Disentangling additive genetic and
maternal effects. Biological Journal of the Linnean Society, 107(3),
521-528.

Ackerman, M. S., Johri, P., Spitze, K., Xu, S., Doak, T. G., Young, K.,
& Lynch, M. (2017). Estimating seven coefficients of pairwise
relatedness using population-genomic data. Genetics, 206(1),
105-118.

Barghi, N., Hermisson, J., & Schlétterer, C. (2020). Polygenic adaptation:
A unifying framework to understand positive selection. Nature
Reviews Genetics, 21(12), 769-781.

Bell, M. A, Khalef, V., & Travis, M. P. (2007). Directional asymmetry of
pelvic vestiges in threespine stickleback. Journal of Experimental
Zoology Part B: Molecular and Developmental Evolution, 308(2),
189-199.

Bell, M. A, Orti, G., Walker, J. A., & Koenings, J. P. (1993). Evolution of
pelvic reduction in threespine stickleback fish: A test of competing
hypotheses. Evolution, 47(3), 906-914.

Bérénos, C., Ellis, P. A., Pilkington, J. G., Lee, S. H., Gratten, J., &
Pemberton, J. M. (2015). Heterogeneity of genetic architecture of
body size traits in a free-living population. Molecular Ecology, 24(8),
1810-1830.

Bérénos, C., Ellis, P. A., Pilkington, J. G., & Pemberton, J. M. (2014).
Estimating quantitative genetic parameters in wild populations:
A comparison of pedigree and genomic approaches. Molecular
Ecology, 23(14), 3434-3451.

Blouw, D. M., & Boyd, G. J. (1992). Inheritance of reduction, loss, and
asymmetry of the pelvis in Pungitius pungitius (ninespine stickle-
back). Heredity, 68(1), 33-42.

Broman, K. W., Murray, J. C., Sheffield, V. C., White, R. L., & Weber, J.
L. (1998). Comprehensive human genetic maps: Individual and
sex-specific variation in recombination. American Journal of Human
Genetics, 63(3), 861-869.

Burkner, P. C. (2017). Brms: An R package for Bayesian multilevel models
using Stan. Journal of Statistical Software, 80(1), 1-28.

Chan, Y. F., Marks, M. E., Jones, F. C., Villarreal, G., Shapiro, M. D., Brady,
S. D., Southwick, A. M., Absher, D. M., Grimwood, J., & Schmutz, J.
(2010). Adaptive evolution of pelvic reduction in sticklebacks by re-
current deletion of a Pitx1 enhancer. Science, 327(5963), 302-305.

Class, B., & Brommer, J. E. (2020). Can dominance genetic variance be
ignored in evolutionary quantitative genetic analyses of wild popu-
lations? Evolution, 74(7), 1540-1550.

Colosimo, P. F., Hosemann, K. E., Balabhadra, S., Villarreal, G., Dickson,
M., Grimwood, J., Schmutz, J., Myers, R. M., Schluter, D., & Kingsley,
D. M. (2005). Widespread parallel evolution in sticklebacks by
repeated fixation of ectodysplasin alleles. Science, 307(5717),
1928-1933.

Coyle, S. M., Huntingford, F. A., & Peichel, C. L. (2007). Parallel evolution
of Pitx1 underlies pelvic reduction in Scottish threespine stickle-
back (Gasterosteus aculeatus). Journal of Heredity, 98(6), 581-586.

130f 15
MOLECULAR ECOLOGY gAViVA i [l A%

Crnokrak, P., & Roff, D. A. (1995). Dominance variance: Associations with
selection and fitness. Heredity, 75(5), 530-540.

De-la-Cruz, I. M., Meril3, J., Valverde, P. L., Flores-Ortiz, C. M., & Nufez-
Farfan, J. (2020). Genomic and chemical evidence for local adap-
tation in resistance to different herbivores in Datura stramonium.
Evolution, 74(12), 2629-2643.

Divino, J. (2014). Juvenile threespine stickleback husbandry: Standard oper-
ating procedures of the schultz lab. University of Connecticut.

Duntsch, L., Tomotani, B. M., de Villemereuil, P., Brekke, P., Lee, K. D.,
Ewen, J. G., & Santure, A. W. (2020). Polygenic basis for adaptive
morphological variation in a threatened Aotearoa|New Zealand
bird, the hihi (Notiomystis cincta). Proceedings of the Royal Society
B, 287(1933), 20200948.

Edwards, D., & Batley, J. (2010). Plant genome sequencing: Applications
for crop improvement. Plant Biotechnology Journal, 8(1), 2-9.

Falconer, D. S., & Mackay, T. F. C. (1996). Introduction into quantitative
genetics. Prentice Hall.

Fang, B., Kemppainen, P., Momigliano, P., & Meril3, J. (2021). Population
structure limits parallel evolution in sticklebacks. Molecular Biology
and Evolution, 38, 4205-4221.

Feng, X., Meril3, J., & Léytynoja, A. (2022). Complex population history
affects admixture analyses in nine-spined sticklebacks. Molecular
Ecology, 31(20), 5386-5401.

Fisher, R. A.(1958). The genetical theory of natural selection. The Clarandon
Press.

Fraimout, A., Guillaume, F., Li, Z., Sillanpaa, M. J., Rastas, P., & Meril3, J.
(2024). Data supporting the article: Dissecting the genetic architecture
of quantitative traits using genome-wide identity-by-descent sharing.
Dryad [dataset].

Fraimout, A., Li, Z., Sillanpaa, M. J., & Meril3, J. (2022b). Age-dependent
genetic architecture across ontogeny of body size in sticklebacks.
Proceedings of the Royal Society B, 289(1975), 20220352.

Fraimout, A., Paivio, E., & Meril3, J. (2022a). Relaxed risk of predation
drives parallel evolution of stickleback behavior. Evolution, 76(11),
2712-2723.

Gervais, L., Hewison, A. J., Morellet, N., Bernard, M., Merlet, J.,,
Cargnelutti, B., Chaval, Y., Pujol, B., & Quéméré, E. (2020). Pedigree-
free quantitative genetic approach provides evidence for herita-
bility of movement tactics in wild roe deer. Journal of Evolutionary
Biology, 33(5), 595-607.

Gervais, L., Perrier, C., Bernard, M., Merlet, J., Pemberton, J. M., Pujol,
B., & Quéméré, E. (2019). RAD-sequencing for estimating genomic
relatedness matrix-based heritability in the wild: A case study in roe
deer. Molecular Ecology Resources, 19(5), 1205-1217.

Gibson, G. (2005). The synthesis and evolution of a supermodel. Science,
307(5717), 1890-1891.

Gienapp, P., Calus, M. P, Laine, V. N., & Visser, M. E. (2019). Genomic se-
lection on breeding time in a wild bird population. Evolution Letters,
3(2), 142-151.

Gienapp, P., Fior, S., Guillaume, F., Lasky, J. R., Sork, V. L., & Csilléry, K.
(2017). Genomic quantitative genetics to study evolution in the
wild. Trends in Ecology & Evolution, 32(12), 897-908.

Granato, I. S. C., Galli, G., de Oliveira Couto, E. G., Bandeira e Souza,
M., Mendonga, L. F., & Fritsche-Neto, R. (2018). snpReady: A tool
to assist breeders in genomic analysis. Molecular Breeding, 38(8),
1-7.

Guillaume, F., & Rougemont, J. (2006). Nemo: An evolutionary and pop-
ulation genetics programming framework. Bioinformatics, 22(20),
2556-2557.

Hadfield, J. D. (2010). MCMC methods for multi-response general-
ized linear mixed models: The MCMCglmm R package. Journal of
Statistical Software, 33(2), 1-22.

Hansen, T. F., & Pélabon, C. (2021). Evolvability: A quantitative-genetics
perspective. Annual Review of Ecology, Evolution, and Systematics,
52,153-175.

85U8017 SUOWIWOD SA 81D 8 [deot[dde aup Ag peusenob a.e sjole YO ‘SN Jo So|ni o} AkeuqiT8UIIUQ AB]I/ UO (SUONIPUOD-pUe-SWB 0" A3 1M Aleiq Ul Juo//SAny) SUORIPUOD Pue SWiS 1 81 88S " [720z/c0/80] Uo AkeidiTauljuo AB[IM 'MuseH JO AIseAIUN Aq 662, T 99W/TTTT'OT/I0P/WO00 A8 |1 Aleiq 1l |uo//Sdny Wwolj pepeojumod ‘9 ‘vZ0Z ‘Xy62S9ET


https://orcid.org/0000-0003-4552-3553
https://orcid.org/0000-0003-4552-3553
https://orcid.org/0000-0003-0874-0081
https://orcid.org/0000-0003-0874-0081
https://orcid.org/0000-0001-8469-7295
https://orcid.org/0000-0001-8469-7295
https://orcid.org/0000-0001-9614-0072
https://orcid.org/0000-0001-9614-0072

FRAIMOUT ET AL.

14 of 15
\YVAI A4 MOLECULAR ECOLOGY

Hayes, B., & Goddard, M. (2010). Genome-wide association and genomic
selection in animal breeding. Genome, 53(11), 876-883.

Herczeg, G., Gonda, A., & Meril3, J. (2009a). Evolution of gigantism in
nine-spined sticklebacks. Evolution, 63(12), 3190-3200.

Herczeg, G., Gonda, A., & Meril, J. (2009b). Predation mediated pop-
ulation divergence in complex behaviour of nine-spined stickle-
back (Pungitius pungitius). Journal of Evolutionary Biology, 22(3),
544-552.

Herczeg, G., Turtiainen, M., & Merila, J. (2010). Morphological diver-
gence of north-European nine-spined sticklebacks (Pungitius pun-
gitius): Signatures of parallel evolution. Biological Journal of the
Linnean Society, 101(2), 403-416.

Hill, W. G., Goddard, M. E., & Visscher, P. M. (2008). Data and theory
point to mainly additive genetic variance for complex traits. PLoS
Genetics, 4(2), e1000008.

Hoffmann, A. A., & Meril3, J. (1999). Heritable variation and evolution
under favourable and unfavourable conditions. Trends in Ecology &
Evolution, 14(3), 96-101.

Jensen, H., Szulkin, M., & Slate, J. (2014). Molecular quantitative genet-
ics. In A. Charmantier, D. Garant, & L. Kruuk (Eds.), Quantitative ge-
netics in the wild (pp. 209-227). Oxford University Press.

Joshi, R., Meuwissen, T. H., Woolliams, J. A., & Gjgen, H. M. (2020).
Genomic dissection of maternal, additive and non-additive ge-
netic effects for growth and carcass traits in Nile tilapia. Genetics
Selection Evolution, 52(1), 1-13.

Karavolias, N. G., Greenberg, A. J., Barrero, L. S., Maron, L. G,, Shi, Y.,
Monteverde, E., Pifieros, M. A., & McCouch, S. R. (2020). Low addi-
tive genetic variation in a trait under selection in domesticated rice.
G3: Genes, Genomes, Genetics, 10(7), 2435-2443.

Karhunen, M., Ovaskainen, O., Herczeg, G., & Merila, J. (2014). Bringing
habitat information into statistical tests of local adaptation in quan-
titative traits: A case study of nine-spined sticklebacks. Evolution,
68(2), 559-568.

Kemppainen, P., Knight, C. G., Sarma, D. K., Hlaing, T., Prakash, A.,
Maung Maung, Y. N., Somboon, P., Mahanta, J., & Walton, C. (2015).
Linkage disequilibrium network analysis (LD na) gives a global view
of chromosomal inversions, local adaptation and geographic struc-
ture. Molecular Ecology Resources, 15(5), 1031-1045.

Kemppainen, P, Li, Z., Rastas, P., Loytynoja, A., Fang, B., Yang, J., Guo, B.,
Shikano, T., & Meril3, J. (2021a). Genetic population structure con-
strains local adaptation in sticklebacks. Molecular Ecology. Accepted
Author Manuscript, 30, 1946-1961. https://doi.org/10.1111/mec.
15808

Kemppainen, P, Li, Z., Rastas, P., Loytynoja, A., Fang, B., Yang, J., Guo,
B., Shikano, T., & Merild, J. (2021b). SNP and phenotype data for F,
crosses of Pungitius pungitius. https://doi.org/10.5061/dryad.76hdr
7str

Kivikoski, M., Rastas, P., Léytynoja, A., & Merilg, J. (2021). Automated im-
provement of stickleback reference genome assemblies with Lep-
anchor software. Molecular Ecology Resources, 21(6), 2166-2176.
https://doi.org/10.1111/1755-0998.13404

Kivikoski, M., Rastas, P., Léytynoja, A., & Merila, J. (2023). Predicting re-
combination frequency from map distance. Heredity, 130(3), 114-
121. https://doi.org/10.1038/s41437-022-00585-3

Koch, E. L., Sbilordo, S. H., & Guillaume, F. (2020). Genetic variance in
fitness and its cross-sex covariance predict adaptation during ex-
perimental evolution. Evolution, 74, 2725-2740. https://doi.org/10.
1111/evo0.14119

Kosova, G., Abney, M., & Ober, C. (2010). Heritability of reproductive
fitness traits in a human population. Proceedings of the National
Academy of Sciences USA, 107(suppl 1), 1772-1778.

Kruuk, L. (2004). Estimating genetic parameters in natural populations
using the ‘animal model’. Philosophical Transactions of the Royal
Society of London. Series B: Biological Sciences, 359(1446), 873-890.

Laine, V. N., Shikano, T., Herczeg, G., Vilkki, J., & Merila, J. (2013).
Quantitative trait loci for growth and body size in the

nine-spined stickleback Pungitius pungitius L. Molecular Ecology,
22(23), 5861-5876.

Lande, R. (1979). Quantitative genetic analysis of multivariate evolution,
applied to brain: Body size allometry. Evolution, 402-416.

Legarra, A. (2016). Comparing estimates of genetic variance across
different relationship models. Theoretical Population Biology, 107,
26-30.

Li, Z., Guo, B., Yang, J., Herczeg, G., Gonda, A., Balazs, G., Shikano, T.,
Calboli, F. C. F., & Merila, J. (2017). Deciphering the genomic ar-
chitecture of the stickleback brain with a novel multilocus gene-
mapping approach. Molecular Ecology, 26(6), 1557-1575.

Li, Z., Kemppainen, P., Rastas, P., & Meril3, J. (2018). Linkage disequi-
librium clustering-based approach for association mapping with
tightly linked genomewide data. Molecular Ecology Resources, 18(4),
809-824.

Lynch, M., & Walsh, B. (1998). Genetics and analysis of quantitative traits.
Sinauer.

Manolio, T. A., Collins, F. S., Cox, N. J., Goldstein, D. B., Hindorff, L.
A., Hunter, D. J., McCarthy, M. I, Ramos, E. M., Cardon, L. R., &
Chakravarti, A. (2009). Finding the missing heritability of complex
diseases. Nature, 461(7265), 747-753.

Merilg, J. (2013). Nine-spined stickleback (Pungitius pungitius): An emerg-
ing model for evolutionary biology research. Annals of the New York
Academy of Sciences, 1289, 18-35.

Meril3, J., Séderman, F., O'hara, R., Rasdnen, K., & Laurila, A. (2004).
Local adaptation and genetics of acid-stress tolerance in the moor
frog, rana aarvalis. Conservation Genetics, 5(4), 513-527.

@degard, J., & Meuwissen, T. H. (2012). Estimation of heritability from
limited family data using genome-wide identity-by-descent sharing.
Genetics Selection Evolution, 44(1), 1-10.

Pérez, P., & de Los Campos, G. (2014). Genome-wide regression and
prediction with the BGLR statistical package. Genetics, 198(2),
483-495.

Perrier, C., Delahaie, B., & Charmantier, A. (2018). Heritability esti-
mates from genomewide relatedness matrices in wild populations:
Application to a passerine, using a small sample size. Molecular
Ecology Resources, 18(4), 838-853.

Plummer, M., Best, N., Cowles, K., & Vines, K.(2006). CODA: Convergence
diagnosis and output analysis for MCMC. R News, 6(1), 7-11.

Powell, J. E., Visscher, P. M., & Goddard, M. E. (2010). Reconciling the
analysis of IBD and IBS in complex trait studies. Nature Reviews
Genetics, 11(11), 800-805.

Price, T., & Schluter, D. (1991). On the low heritability of life-history
traits. Evolution, 45(4), 853-861.

Rastas, P., Calboli, F. C., Guo, B., Shikano, T., & Meril3, J. (2016).
Construction of ultradense linkage maps with Lep-MAP2:
Stickleback F 2 recombinant crosses as an example. Genome Biology
and Evolution, 8(1), 78-93.

Risch, N., & Lange, K. (1979). Application of a recombination model in
calculating the variance of sib pair genetic identity. Annals of Human
Genetics, 43(2), 177-186.

Ritland, K. (1990). Inferences about inbreeding depression
based on changes of the inbreeding coefficient. Evolution, 44(5),
1230-1241.

Ritland, K. (1996). A marker-based method for inferences about quantita-
tive inheritance in natural populations. Evolution, 50(3), 1062-1073.

Ritland, K. (2000). Marker-inferred relatedness as a tool for detecting
heritability in nature. Molecular Ecology, 9(9), 1195-1204.

Robertson, A. (1966). A mathematical model of the culling process in
dairy cattle. Animal Science, 8(1), 95-108.

Robinson, M. R., Santure, A. W., DeCauwer, |., Sheldon, B. C., & Slate, J.
(2013). Partitioning of genetic variation across the genome using
multimarker methods in a wild bird population. Molecular Ecology,
22(15), 3963-3980.

Roff, D. A. (1997). Heritability. In Evolutionary quantitative genetics (pp.
5-72). Chapman & Hall.

85U8017 SUOWIWOD SA 81D 8 [deot[dde aup Ag peusenob a.e sjole YO ‘SN Jo So|ni o} AkeuqiT8UIIUQ AB]I/ UO (SUONIPUOD-pUe-SWB 0" A3 1M Aleiq Ul Juo//SAny) SUORIPUOD Pue SWiS 1 81 88S " [720z/c0/80] Uo AkeidiTauljuo AB[IM 'MuseH JO AIseAIUN Aq 662, T 99W/TTTT'OT/I0P/WO00 A8 |1 Aleiq 1l |uo//Sdny Wwolj pepeojumod ‘9 ‘vZ0Z ‘Xy62S9ET


https://doi.org/10.1111/mec.15808
https://doi.org/10.1111/mec.15808
https://doi.org/10.5061/dryad.76hdr7str
https://doi.org/10.5061/dryad.76hdr7str
https://doi.org/10.1111/1755-0998.13404
https://doi.org/10.1038/s41437-022-00585-3
https://doi.org/10.1111/evo.14119
https://doi.org/10.1111/evo.14119

FRAIMOUT et AL.

Roff, D. A., & Emerson, K. (2006). Epistasis and dominance: Evidence
for differential effects in life-history versus morphological traits.
Evolution, 60(10), 1981-1990.

Rohlf, F. J. (2006). tpsDig, version 2.10. http://Life.Bio.Sunysb.Edu/
Morph/Index.Html

Santure, A. W, Poissant, J., De Cauwer, |, Van Oers, K., Robinson, M. R.,
Quinn, J. L., Groenen, M. A, Visser, M. E., Sheldon, B. C., & Slate,
J. (2015). Replicated analysis of the genetic architecture of quan-
titative traits in two wild great tit populations. Molecular Ecology,
24(24), 6148-6162.

Shikano, T., Shimada, Y., Herczeg, G., & Merila, J. (2010). History vs. hab-
itat type: Explaining the genetic structure of European nine-spined
stickleback (Pungitius pungitius) populations. Molecular Ecology,
19(6), 1147-1161.

Shikano, T., Herczeg, G., & Meril3, J. (2011). Molecular sexing and pop-
ulation genetic inference using a sex-linked microsatellite marker
in the nine-spined stickleback (Pungitius pungitius). BMC Research
Notes, 4(1), 1-6.

Shimada, Y., Shikano, T., Kuparinen, A., Gonda, A., Leinonen, T., & Merila,
J. (2011). Quantitative genetics of body size and timing of matu-
ration in two nine-spined stickleback (Pungitius pungitius) popula-
tions. PLoS One, 6(12), e28859.

Sillanp33, M. J. (2011). On statistical methods for estimating heritability
in wild populations. Molecular Ecology, 20(7), 1324-1332.

Sinclair-Waters, M., @degard, J., Korsvoll, S. A., Moen, T., Lien, S.,
Primmer, C. R., & Barson, N. J. (2020). Beyond large-effect loci:
Large-scale GWAS reveals a mixed large-effect and polygenic ar-
chitecture for age at maturity of Atlantic salmon. Genetics Selection
Evolution, 52(1), 1-11.

Speed, D., & Balding, D. J. (2015). Relatedness in the post-genomic era: Is
it still useful? Nature Reviews Genetics, 16(1), 33-44.

Sztepanacz, J. L., & Blows, M. W. (2015). Dominance genetic variance for
traits under directional selection in Drosophila serrata. Genetics,
200(1), 371-384.

Thompson, E. A. (2013). Identity by descent: Variation in meiosis, across
genomes, and in populations. Genetics, 194(2), 301-326.

VanRaden, P. M. (2008). Efficient methods to compute genomic predic-
tions. Journal of Dairy Science, 91(11), 4414-4423.

Vendrami, D. L., Peck, L. S., Clark, M. S., Eldon, B., Meredith, M., &
Hoffman, J. I. (2021). Sweepstake reproductive success and col-
lective dispersal produce chaotic genetic patchiness in a broadcast
spawner. Science Advances, 7(37), eabj4713.

Visscher, P. M. (2009). Whole genome approaches to quantitative genet-
ics. Genetica, 136(2), 351-358.

Visscher, P. M., & Goddard, M. E. (2015). A general unified framework to
assess the sampling variance of heritability estimates using pedi-
gree or marker-based relationships. Genetics, 199(1), 223-232.

Visscher, P. M., Macgregor, S., Benyamin, B., Zhu, G., Gordon, S.,
Medland, S., Hill, W. G., Hottenga, J.-J., Willemsen, G., & Boomsma,
D. I. (2007). Genome partitioning of genetic variation for height
from 11,214 sibling pairs. The American Journal of Human Genetics,
81(5), 1104-1110.

Visscher, P. M., Medland, S. E., Ferreira, M. A. R., Morley, K. I, Zhu,
G., Cornes, B. K., Montgomery, G. W., & Martin, N. G. (2006).
Assumption-free estimation of heritability from genome-wide
identity-by-descent sharing between full siblings. PLoS Genetics,
2(3), e41.

Waldvogel, A. M., Feldmeyer, B., Rolshausen, G., Exposito-Alonso, M.,
Rellstab, C., Kofler, R., Mock, T., Schmid, K., Schmitt, I., Bataillon, T.,

150f 15
MOLECULAR ECOLOGY gAViVA i [l A%

Savolainen, O., Bergland, A., Flatt, T., Guillaume, F., & Pfenninger,
M. (2020). Evolutionary genomics can improve prediction of spe-
cies' responses to climate change. Evolution Letters, 4(1), 4-18.

Weir, B. S., & Goudet, J. (2017). A unified characterization of population
structure and relatedness. Genetics, 206(4), 2085-2103.

Westfall, P. H., & Young, S. S. (1993). Resampling-based multiple testing:
Examples and methods for p-value adjustment (Vol. 279). John Wiley
& Sons.

Wilson, A. J., Reale, D., Clements, M. N., Morrissey, M. M., Postma, E.,
Walling, C. A., Kruuk, L. E. B., & Nussey, D. H. (2010). An ecologist's
guide to the animal model. Journal of Animal Ecology, 79(1), 13-26.

Wolak, M. E., & Keller, L. F. (2014). Dominance genetic variance and in-
breeding in natural populations. In A. Charmantier, D. Garant, & L.
Kruuk (Eds.), Quantitative Genetics in the Wild (PP. 104-127). Oxford
University Press.

Wright, S. (1931). Evolution in mendelian populations. Genetics, 16(2),
97-159.

Xie, K. T., Wang, G., Thompson, A. C., Wucherpfennig, J. |, Reimchen,
T. E., MacColl, A. D. C,, Schluter, D., Bell, M. A., Vasquez, K. M., &
Kingsley, D. M. (2019). DNA fragility in the parallel evolution of pel-
vic reduction in stickleback fish. Science, 363(6422), 81-84.

Xu, S. (1996). Mapping quantitative trait loci using four-way crosses.
Genetical Research, 68, 175-181.

Xu, S. (2006). Population genetics: Separating nurture from nature in es-
timating heritability. Heredity, 97, 256-257.

Xu, S. (2013). Genetic mapping and genomic selection using recombina-
tion breakpoint data. Genetics, 195, 1103-1115. https://doi.org/10.
1534/genetics.113.155309

Yang, J., Guo, B., Shikano, T., Liu, X., & Merila, J. (2016). Quantitative trait
locus analysis of body shape divergence in nine-spined sticklebacks
based on high-density SNP-panel. Scientific Reports, 6(1), 26632.

Yang, J., Lee, S. H., Goddard, M. E., & Visscher, P. M. (2011). GCTA: A tool
for genome-wide complex trait analysis. American Journal of Human
Genetics, 88(1), 76-82.

Zhu, Z., Bakshi, A., Vinkhuyzen, A. A. E., Hemani, G., Lee, S. H., Nolte,
. M., van Vliet-Ostaptchouk, J. V., Snieder, H., Esko, T., & Milani,
L. (2015). Dominance genetic variation contributes little to the
missing heritability for human complex traits. American Journal of
Human Genetics, 96(3), 377-385.

SUPPORTING INFORMATION
Additional supporting information can be found online in the
Supporting Information section at the end of this article.

How to cite this article: Fraimout, A., Guillaume, F., Li, Z.,
Sillanpaa, M. J., Rastas, P., & Merilg, J. (2024). Dissecting the
genetic architecture of quantitative traits using genome-
wide identity-by-descent sharing. Molecular Ecology, 33,
e17299. https://doi.org/10.1111/mec.17299

85U8017 SUOWIWOD SA 81D 8 [deot[dde aup Ag peusenob a.e sjole YO ‘SN Jo So|ni o} AkeuqiT8UIIUQ AB]I/ UO (SUONIPUOD-pUe-SWB 0" A3 1M Aleiq Ul Juo//SAny) SUORIPUOD Pue SWiS 1 81 88S " [720z/c0/80] Uo AkeidiTauljuo AB[IM 'MuseH JO AIseAIUN Aq 662, T 99W/TTTT'OT/I0P/WO00 A8 |1 Aleiq 1l |uo//Sdny Wwolj pepeojumod ‘9 ‘vZ0Z ‘Xy62S9ET


http://life.bio.sunysb.edu/Morph/Index.Html
http://life.bio.sunysb.edu/Morph/Index.Html
https://doi.org/10.1534/genetics.113.155309
https://doi.org/10.1534/genetics.113.155309
https://doi.org/10.1111/mec.17299

