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Simple maternal effect animal models may pro-
vide biased estimates of additive genetic and
maternal variation

Abstract1

Maternal effects (the consistent effect of a mother on her offspring) can inflate estimates of2

additive genetic variation (VA) if not properly accounted for. As they are typically assumed3

to cause similarities only among maternal siblings, they are often accounted for by modelling4

maternal identity effects. However, if maternal effects have a genetic basis, they create5

additional similarities among relatives with related mothers that are not captured by maternal6

identity effects. Unmodelled maternal genetic variance (VMg) may therefore still inflate VA7

estimates in common quantitative genetic models, which is underappreciated in the literature.8

Using published data and simulations, we explore the extent of this problem. Published9

estimates from eight species suggest that a large proportion of total maternal variation (VM) is10

genetic (∼65%). Both these data and simulations confirmed that unmodelled VMg can cause11

overestimation of VA and underestimation of VM , the bias increasing with the proportion12

of non-sibling maternal relatives in a pedigree. Simulations show these biases are further13

influenced by the size and direction of any direct-maternal genetic covariance. The estimation14

of total additive genetic variation (VAt ; the weighted sum of VA and VMg) is additionally15

affected, limiting inferences about evolutionary potential from simple maternal effect models.16

Unbiased estimates require modelling VMg explicitly, but these models are often avoided due17

to perceived data limitations. We demonstrate that estimating VMg is possible even with18

small pedigrees, reducing bias in VA estimates and maintaining accuracy in estimates of VA,19

VM , and VAt . We therefore advocate for the broader use of these models.20

Keywords: Animal model; genetic variation; maternal effects; bias; wild population21
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Introduction22

Mothers (and, more generally, parents) can have strong effects on the phenotype of their23

offspring, above the effect of their shared genes. These effects of the maternally provided24

environment on offspring phenotype are generally known as ‘maternal effects’ and, in quanti-25

tative genetics, refer specifically to the consistent effect of a mother across all her offspring26

(also known as ‘maternal performance’; Riska et al., 1985). Maternal effects are ubiquitous,27

occurring in a wide range of taxa (Roach & Wulff, 1987; Bernardo, 1996; Mousseau & Fox,28

1998; Moore et al., 2019b), with the strongest impact on traits expressed in juveniles (Wilson29

& Reale, 2006; Pick et al., 2016a; Moore et al., 2019b; Gauzere et al., 2020b).30

From an evolutionary perspective, maternal effects can impact the evolutionary potential of31

traits. Generally, we think of the response of a trait to selection (R) to be dependent on the32

additive genetic variation (VA) in that trait and the strength of selection, summarised by the33

breeder’s equation (R = h2S; Lush, 1937) or Lande’s gradient equation (R = VAβ; equation 734

in Lande, 1976, where h2 is the heritability of the trait (VA/VP ), S is the selection differential35

and β the selection gradient). Maternal effects have historically been seen as a ‘troublesome’36

parameter in the estimation of selection response (Falconer, 1981), as not accounting for37

these shared effects across siblings can dramatically inflate estimates of VA, and so lead to38

the overestimation of the evolutionary potential of a trait (e.g., Kruuk & Hadfield, 2007).39

However, when the traits mediating the maternal effects have a genetic basis (i.e., maternal40

genetic effects), then the response to selection of these traits is no longer predicted by VA41

alone (even when maternal effects are properly modelled), and will instead be determined by42

the ‘total’ additive genetic variation available, which can be calculated as:43

VAt = VA +
1

2
VMg (1)

(Dickerson, 1947; Willham, 1963, 1972), where VMg is the maternal genetic variance. When44

maternal genetic effects exist, VAt gives a better measure of evolutionary potential (Cheverud45
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& Moore, 1994; note that this assumes that selection only acts on the focal offspring trait and46

not directly on maternal performance (Cheverud, 1984; Hadfield, 2012), a point that we will47

return to in the Discussion). Maternal genetic effects represent a specific, yet ubiquitous, form48

of indirect genetic effects (IGEs), which more generally act to increase the total additive genetic49

variation (Moore et al., 1997). To date, several empirical studies in wild populations have50

estimated a considerable genetic component to maternal effect variation (e.g. Wilson et al.,51

2005b; Kruuk & Hadfield, 2007; McFarlane et al., 2015), consistent with studies demonstrating52

genetic variation in parental care behaviours (Freeman-Gallant & Rothstein, 1999; Maccoll &53

Hatchwell, 2003; Walling et al., 2008; Dor & Lotem, 2010; Adams et al., 2015; Bell et al.,54

2018; Räsänen & Kruuk, 2007).55

Equation 1 assumes that direct and maternal genetic effects are independent. There may,56

however, be a genetic correlation between the direct genetic effects acting on an individual’s57

trait and the maternal genetic effects that individual exerts on its offspring (for example, a58

shared genetic basis between juvenile size and parental provisioning). Indeed, studies from59

livestock show that direct and maternal genetic effects likely negatively covary (Wilson &60

Reale, 2006; Räsänen & Kruuk, 2007), although this correlation is probably small. Evolutionary61

potential is further dependent on such a joint genetic basis, with a negative genetic correlation62

lowering the evolutionary potential of a trait and vice versa. The evolutionary potential can63

therefore be fully described as:64

VAt = VA +
3

2
COVA,Mg +

1

2
VMg (2)

(Dickerson, 1947; Willham, 1963, 1972), with similar expressions being able to be made more65

broadly for IGEs (Moore et al., 1997). Not incorporating maternal genetic variance and any66

direct-maternal genetic covariance (or IGEs more generally) will therefore further bias the67

estimation of the total evolutionary potential of a trait (Lynch, 1987; Kirkpatrick & Lande,68

1989; Lande & Kirkpatrick, 1990; Wolf et al., 1998; McGlothlin et al., 2010).69
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Table 1: Glossary of symbols and terms.
Term Definition
VA Additive genetic variance; the variation in direct additive genetic effects,

which are also known as breeding values.
VM Total maternal variance (VMg + VMe); the variation in a given phenotype

due to the consistent effect of the environment that the individuals’ mothers
provide.

VMg Maternal genetic variance; the part of the maternal variance that is due to
genetic variation in maternal phenotypes.

VMe Maternal environmental variance; the part of the maternal variance that is
due to environmental variation in maternal phenotypes. This is estimated
(as V̂Me) by the maternal identity term in a full maternal effects model.

COVA,Mg Direct-maternal genetic covariance. This is the genetic covariance between
an individual’s direct genetic effect and the same individual’s maternal ge-
netic effect on its offspring (e.g., the genetic covariance between juvenile
size and parental provisioning).

V̂Mc Maternal identity variance; the variance estimated by a maternal identity
term in a simple maternal effects model.

VAt Total additive genetic variance, see equation 2. This is a measure of evolu-
tionary potential, although it ignores that selection may act separately and
even in opposite directions on offspring and maternal phenotypes.

Non-sibling
maternal links

Links in a pedigree where the two individuals’ mothers are related, that are
not maternal siblings (e.g., mother-offspring; see Table 2). Calculation of
the proportion of non-sibling maternal links for the purpose of this study
involved only the relationships in Table 2.
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Quantitative genetic studies in the wild typically focus on long-term studies of vertebrates,70

which show a considerable amount of maternal (or more generally parental) care. There71

is huge potential for maternal (genetic) effects in these systems, and consequently for VA72

estimates (which we denote as V̂A) to be inflated when these effects are unaccounted for.73

Whereas these confounding effects can be accounted for using breeding designs in captive74

populations (Riska et al., 1985; Cheverud & Moore, 1994; Lynch & Walsh, 1998), typically75

this has to be done statistically in wild populations (although note the use of cross fostering76

for this purpose; Cheverud & Moore, 1994). Animal models are currently the most common77

method for estimating additive genetic variation in the wild (Postma, 2014; Young & Postma,78

2023a). They are an extension of a mixed model that allows the incorporation of relatedness79

information from the pedigree to estimate VA (Henderson, 1988; Kruuk, 2004). Perhaps most80

importantly, they can be used to account for other sources of confounding variation, including81

a common environment (e.g. the maternal environment; Kruuk, 2004; Kruuk & Hadfield,82

2007). They therefore allow for the explicit estimation of additive genetic and maternal83

effects. Although many studies of genetic variation in the wild have estimated maternal84

variance (Moore et al. (2019b) collated 770 estimates from 116 studies in the wild), by far85

the majority of these (97.8% of the estimates in Moore et al., 2019b) do not estimate maternal86

genetic effects. Typically, maternal variance is estimated by including maternal identity as a87

random term in an animal model. We refer to these models as ‘simple’ maternal effects models,88

and the estimate of maternal variance from these models as V̂Mc. Although the paucity of ‘full’89

maternal effects models (i.e. those estimating VMg and COVA,Mg) may mainly be driven by90

the perception of data constraints (estimating maternal genetic variance requires more data,91

over more generations, which is often limited in studies of wild populations), we believe there92

is also a common assumption that all maternal genetic and maternal environment variance93

is captured by the maternal identity variance (i.e. V̂Mc = VM = VMg + VMe), in the same94

way that modelling individual identity captures permanent environment and additive genetic95

effects. Moore et al. (2019b), for example, sum VMe and VMg estimates (which we denote as96

V̂Me and V̂Mg) to get an estimate of total maternal variance (V̂M) to compare with models97
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that modelled only V̂Mc.98

Although the assumption that V̂Mc captures all VMg intuitively seems reasonable, several99

studies contain evidence that not directly modelling V̂Mg and ˆCOV A,Mg may bias V̂A even100

when maternal identity effects are modelled (simulations: Clément et al. 2001; Satoh et al.101

2002; wild empirical studies: Wilson et al. 2005b; Kruuk & Hadfield 2007). We can see why102

this might happen when considering the sources of phenotypic covariance between different103

individuals in a pedigree, which are commonly presented in classic maternal effect papers from104

the animal breeding literature (Willham, 1963, 1972; Thompson, 1976, see Table 2). Whilst105

only maternal siblings (full siblings and maternal half-siblings) share maternal environmental106

effects (i.e., are raised by the same mother), any relatives whose mothers are related will107

share some VMg. Imagine two cousins related through their mothers being full siblings: as108

their mothers are related, the maternal genetic effects that the cousins experience will be109

similar due to their mothers’ relatedness, but they will not share maternal environment effects110

(Figure 1A). In this way, the phenotypic covariance between any two individuals related via111

their mothers will include some degree of maternal genetic variation. On the other hand, two112

cousins with full-sibling fathers have unrelated mothers, and so will not share maternal effects113

of any form (Figure 1B). COVA,Mg is shared even more widely, by any two individuals who are114

related via one of their mothers. This means that even the phenotypic resemblance between115

fathers and their offspring includes some COVA,Mg, as they are both related to the paternal116

grandmother (see the individual-sire covariance in Table 2). This is because the father’s117

phenotype is affected by its inherited breeding value and the maternal genetic effect of its118

mother, which are correlated if there is COVA,Mg (Figure 1C). A positive correlation between119

these two leads to an increased resemblance between a father and his offspring, because the120

correlated maternal effect causes the father’s phenotype to be even more like the offspring’s121

breeding value than expected by the father’s breeding value alone (and vice versa). Table 2122

shows how different sources of variance contribute to the covariance between an individual123

and a variety of different relatives. These derivations are explained well in Lynch & Walsh124
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Figure 1: In the presence of maternal genetic effects, two cousin that are related via their
mothers (A) will be more similar to each other than two cousins related via their fathers (B).
Direct-maternal genetic covariance (COVA,Mg) affects the phenotypic covariance between any
individuals related via one or both of their mothers, for example fathers and their offspring (C),
as the correlated maternal genetic effect causes the two individuals to be more or less similar
to each other (depending on whether the covariance is positive or negative) than expected
from the inherited breeding values alone. Orange arrows represent the maternal genetic effect,
pink arrows the direct genetic effect (or relatedness) and the red dotted line the covariance
between the two. The blue dotted line represents the phenotypic covariance between the two
individuals of interest.

(1998, Chapter 23) and the full workings for Table 2 are show in the Supplementary Materials125

S1.126

For multiple types of relationships, the presence of VMg and COVA,Mg generates covariance127

between relatives who do not share a mother and therefore do not share VMe. Modelling128

V̂Mc will, therefore, account for the maternal variance (environmental and genetic) shared129

between maternal siblings, but not the maternal genetic variance and covariance shared by130

other individuals related via their mothers. Consequently, we may expect that some of this131
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Table 2: The different components making up the expected phenotypic covariance between
a focal individual and a given relative, for a set of close relationships. For example, the
expected phenotypic covariance between an individual and its mother is 0.5VA + 0.5VMg +
1.25COVA,Mg. In the aunt/uncle relationships, MHS and PHS refer to the relationships
between the focal individual’s parent and their sibling, indicating whether the parent and their
sibling are maternal or paternal half sibs, respectively. These phenotypic covariances assume
no inbreeding (i.e. an individual’s parents are unrelated). Bold rows show those with non-
sibling maternal links.

Relationship Variances included in covariance
VA VMg COVA,Mg VMe

Dam 0.5 0.5 1.25 0
Sire 0.5 0 0.25 0
Full sib 0.5 1 1 1
Maternal half sib 0.25 1 1 1
Paternal half sib 0.25 0 0 0
Maternal grandparent 0.25 0.25 0.625 0
Paternal grandparent 0.25 0 0.125 0
Maternal full uncle/aunt 0.25 0.5 0.75 0
Paternal full uncle/aunt 0.25 0 0.25 0
Maternal half uncle/aunt (MHS) 0.125 0.25 0.5 0
Maternal half uncle/aunt (PHS) 0.125 0 0.25 0
Paternal half uncle/aunt (MHS) 0.125 0 0.25 0
Paternal half uncle/aunt (PHS) 0.125 0 0 0
Cousin - sires full sibs 0.125 0 0 0
Cousins - dams full sibs 0.125 0.5 0.5 0
Cousin - sire and dam full sibs 0.125 0 0.25 0
Cousin - sires half sibs 0.0625 0 0 0
Cousins - dams half sibs 0.0625 0.25 0.25 0
Cousin - sire and dam half sibs 0.0625 0 0.125 0

genetic variation that is not captured by V̂Mc to be captured by V̂A. Unmodelled VMg would132

therefore be expected to bias V̂A upwards (as this induces a positive covariance among maternal133

relatives), whilst COVA,Mg would bias V̂A in the direction of the covariance (as it makes134

relatives resemble each other more when positive, and less when negative). The extent and135

direction of any bias in V̂A from simple maternal effects models will therefore depend not only136

on the relative amounts of VMg and COVA,Mg, but also on the structure of the pedigree, and137

in particular the degree to which the relationships in a pedigree are dominated by non-siblings138

that that share VMg and/or COVA,Mg. We do not, however, know systematically to what139

extent estimates of V̂A are affected, or the relative impact of pedigree structure. The only140

8



simulation work to date (to our knowledge) focuses on breeding designs (and so pedigree141

structures) that are not very realistic to natural populations (Clément et al., 2001; Satoh142

et al., 2002). Pedigrees from natural populations will vary widely, due to factors such as143

life history variation, (sex specific) dispersal and mating system, with previous work showing144

that immigration has a large impact on the bias induced by unmodelled common environment145

effects (Kruuk & Hadfield, 2007). Given the wide usage of these simple maternal effect models146

in evolutionary ecology (Moore et al., 2019b), it is important to understand the extent of the147

bias in the estimation of V̂A caused by VMg and COVA,Mg if only V̂Mc is modelled and how148

this may vary with pedigree structure. This will facilitate an understanding of how prevalent149

such biases may be in previous estimates of pedigree analyses from wild populations.150

A final complication arises when we consider how these biases may affect the estimation of151

evolutionary potential. When using simple maternal effect models, the only measure of genetic152

variation comes from V̂A, meaning that we are implicitly assuming V̂M is all environmental. If153

these models correctly estimated the underlying VA and VM and some or all of the maternal154

variance had a genetic basis, we would therefore be systematically underestimating evolu-155

tionary potential (measured as VAt ; equation 2, the estimate of which is denoted as V̂At) by156

considering V̂A alone, depending also on the direction and size of any direct-maternal genetic157

covariance (equation 2). On the other hand, any upward bias in V̂A that occurs in the simple158

maternal effect models may compensate for this underestimation of evolutionary potential;159

even if V̂A is biased, VAt may still be well estimated by V̂At . To our knowledge, only one160

empirical paper has compared V̂At estimates from different models, finding that the estimates161

of total heritability of traits were similar between simple and complex maternal effect models162

(Table 2 in Wilson et al., 2005b).163

Here, to address the issues introduced above, we investigate several questions. First, we assess164

the extent to which maternal effects in wild populations have been shown to have a genetic165

component. Second, using simulations, we assess how simple maternal effect animal models166

are affected by the presence of unmodelled VMg, and to what extent these biases are affected167
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by pedigree structure. Third, we investigate the impact of COVA,Mg on these biases. Fourth,168

we assess the impact these biases have on our estimation of V̂At and hence evolutionary169

potential. Finally, we investigate the feasibility of fitting full maternal effect models to small170

pedigrees as a means of mitigating these biases.171

Methods172

All simulations and analysis were carried out in R (version 4.2.1; R Core Team, 2022). In the173

reporting and description of our methods we follow the MeRIT guidelines (Nakagawa et al.,174

2023).175

Previous Estimates of V̂Mg176

Although the extent of maternal genetic effects is well characterised in an animal breeding177

context (e.g., Wilson & Reale, 2006), the prevalence of these effects is much less well known178

in the wild. To this end, we made a non-exhaustive search for estimates of maternal ge-179

netic variation in wild populations using animal models. This search was not designed to180

be systematic, but we believe that it will have captured most estimates and so at least be181

representative. Initially, we were aware of four wild mammal species in which maternal ge-182

netic effects had been estimated, three of which Author 3 has been directly involved with.183

To find any additional estimates, Author 1 searched Web of Science on 22/05/2024 for the184

topic ‘maternal genetic’, subsetting by the Web of Science Categories ‘Evolutionary Biology’,185

‘Ecology’ and ‘Zoology’, and for all papers citing the early wild maternal genetic effects papers186

(McAdam et al., 2002; Wilson et al., 2005b). All resulting papers were screened. Through187

this process, we discovered one further paper on a wild mammal species (Roe Deer; Quéméré188

et al., 2018), two papers estimating such effects on different captive (but not domesticated)189

mammals (Blomquist & Williams, 2013; Ibáñez et al., 2014) and one study on greenhouse190

plants (Galloway et al., 2009). We excluded Gauzere et al. (2022) as it used a very similar191

dataset to Gauzere et al. (2020b). There are likely two sources of estimates that we may have192
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missed: papers that included these effects in their models, but they were not the main focus193

of the analysis, and unpublished studies. We have no reason to believe that the first source194

would be systematically different in size, and the second may be smaller due to publication195

bias. Our search gave 63 estimates of 8 species, from 14 studies ( Soay sheep: Beraldi et al.196

2007; Bérénos et al. 2014; Regan et al. 2017; Wilson et al. 2005b; Bighorn sheep: Wilson et al.197

2005a; Réale et al. 2009; Red Deer: Kruuk & Hadfield 2007; Gauzere et al. 2020b, 2021; Roe198

Deer: Quéméré et al. 2018; Red Squirrel: McFarlane et al. 2015; Squirrel Monkey: Blomquist199

& Williams 2013; Culvier’s Gazelle: Ibáñez et al. 2014; American Bellflower: Galloway et al.200

2009 ). These estimates are shown in supplementary table S1.201

From these studies Author 1 extracted the point estimates of V̂A, V̂Mg and (where estimated)202

V̂Me. Most estimates were presented in tables, and we used the metaDigitise R package203

(version 1.0.1 Pick et al., 2019a) to extract variance estimates from figures. We did not204

undertake a formal meta-analysis of these estimates - they came from few study systems, and205

in some of the systems included multiple estimates for the same traits from different papers.206

The model specifications were also different across studies. Furthermore, meta-analysis of207

variances estimated from mixed effects models is complicated for many reasons (such as zero-208

bounded estimates, presentation of frequentist point estimates and standard errors versus209

summaries of Bayesian posterior distributions, and inflation of effect sizes when power is low).210

Whilst we believe our presentation of these estimates gives a reasonable impression of the211

available estimates, these caveats should be borne in mind.212

As maternal effects are likely to be stronger at earlier life stages, we categorised the estimates213

as being for phenotypic traits measured in the first year (n=34) vs at older ages (n=29). From214

these estimates we present the proportion of total phenotypic variation due to V̂Mg (m̂
2
g), and215

the proportion of total V̂M due to additive genetic effects (
V̂Mg

V̂Mg+V̂Me
). To calculate the latter216

of these measures, we subset the data to only consider models that estimated both V̂Mg and217

V̂Me (in some cases only V̂Mg was estimated), and those estimates where the total phenotype218

variation due to V̂M (m̂2) was above 0.05, as the proportions were very unstable when m̂2 was219
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very low (the proportions were all exactly 0, 0.5 or 1; see Figure S3). As V̂M represents the220

variation due to consistent effects of a mother on her offspring, this is similar to calculating221

VA

VA+VPE
, rather than a typical heritability (where VPE is the ‘permanent environment effects’222

variance; Kruuk & Hadfield, 2007). Additionally, from studies where different analyses were223

available (n=38), we took estimates of ĥ2 and m̂2 from simple and complex maternal effects224

models and calculated the difference between them (simple model estimate - complex model225

estimate). We used estimates of the simple maternal model in McFarlane et al. (2014) to226

compare with some of the estimates in McFarlane et al. (2015). If the simple models typically227

overestimate VA, then we expect the difference in ĥ2 to be generally positive across these228

comparisons.229

Pedigree Simulations230

Maternal environment effects will only be shared by siblings, but maternal genetic effects231

will be shared by a larger set of maternal relatives, both siblings and non-siblings (Table 2).232

Therefore, whilst V̂Mc estimates in simple maternal effects models will completely capture233

the VMe, we expect that VMg will contribute to both V̂Mc and V̂A estimates, and that the234

bias in V̂A may depend on the relative numbers of non-sibling maternal relatives. As a first235

step in testing this, we used individual-based simulations to generate pedigrees that would236

vary in their structure in a realistic way, and consequently vary in the proportion of non-237

sibling maternal links. Here, we varied three parameters in the pedigree simulations: the238

mean number of offspring per mother, the breeding system (monogamy versus polyandry)239

and sex-specific immigration rates.240

The pedigrees were simulated by Author 1 using the pedAgree R package (version 0.0.1; Pick,241

2024a). Across all pedigrees we simulated 5 discrete generations in addition to the founder242

population, a fixed population size (though the relative number of adults vs juveniles varied243

across pedigrees; see below), and a constant equal sex ratio. In all pedigrees 600 offspring244

were generated per generation, but the number of breeding females varied by pedigree type245
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according to the fecundity (see below). We assumed that all individuals with known parents246

(i.e., all individuals ’born’ in the population) had a phenotype, meaning that all pedigrees247

had the same number of phenotyped individuals (3000), although varied slightly in the total248

size of the pedigree. These are large pedigrees compared to those typically studied in the249

wild; it is above the 95th quantile of sample sizes from studies using animal models based on250

the database from Young & Postma 2023a (using data from Young & Postma, 2023b). We251

deliberately used large pedigrees in these simulations to ensure that any bias is not due to low252

sample size.253

We simulated three mating systems, defined by the resulting proportions of full vs half siblings254

within families: full-sib (each female only ever mates with one male and each male only ever255

mates with one female, so all offspring within a family are full sibs), intermediate (probability256

of 0.75 that a paired male sires the offspring, so families are a mixture of full and half sibs)257

and half sib (paternity of offspring was randomly assigned across all males, so offspring were258

almost always half siblings). Immigration was simulated as a certain proportion of breeders259

in each generation having unknown parents. We simulated four immigration scenarios: No260

immigration (closed population), unbiased immigration (25% of breeding females and 25%261

of breeding males were immigrants), female biased immigration (40% female, 10% male)262

and male biased immigration (10% female, 40% male). Finally, we simulated three fecundity263

scenarios (low, medium, and high). These were broadly based on the mean (lifetime) number264

of offspring per female from the 19 populations used in Bonnet et al. (2022), to ensure they265

were within realistic bounds for commonly studied wild animal populations. Low fecundity266

was three offspring per female, medium was six and high was 12. Pedigrees were simulated267

so that all females in the pedigree had the same fecundity. Sex-specific juvenile survival was268

dependent on the fecundity and immigration rates (2*(1 - immigration)/fecundity), to ensure269

a constant population size. We simulated 100 pedigrees for each of the 36 combinations of270

the mating system, immigration, and fecundity scenarios (3 x 4 x 3 = 36 combinations, 3600271

pedigrees in total). Given the large sample size within each of the pedigrees, this number of272
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simulations is sufficient to well estimate bias.273

For each of these pedigrees we calculated the proportion of non-sibling maternal links, by274

calculating the number of each of the non-sibling maternal relationships shown in Table 2275

(shown in bold) as a proportion of the total number of the relationships in Table 2. Note,276

that the number of these relationships in a given pedigree can now be calculated using the277

pedtricks R package (version 0.5.0 onwards Martin et al., 2024). Relationships were counted278

when both individuals had a phenotype (i.e., had a known mother). We were not seeking to279

create a metric to exactly predict the bias, but simply demonstrate the impact of the pedigree280

structure on the bias. The relationships shown in Table 2 are likely the most influential281

relationships, and so will largely capture the meaningful difference between pedigrees in the282

informative relationships. Figure S4 shows how the proportion of these links varies across283

pedigree types.284

To check that the proportion of non-sibling maternal links in the simulated pedigrees were285

within a sensible range, we compared these values to two known pedigrees from real animal286

populations; a pedigree of a large ungulate (red deer, Cervus elaphus) used in Gauzere et al.287

(2020b) (data from Gauzere et al., 2020a) and a hole nesting passerine bird (blue tit, Cyanistes288

caeruleus) used in Pick et al. (2022) (data from Pick & Hadfield, 2022). These pedigrees are289

broadly representative of many wild animal populations, and both have been used to analyse290

parental effects in juvenile size. It is important to note that metrics used to describe the291

pedigree are relative to the ‘pruned’ pedigree used in any given analysis (i.e., restricted to292

individuals relevant to analysis of a particular phenotypic trait), not the general characteristics293

of the whole population. Depending on what phenotypic trait is being analysed, and when294

in the life cycle it is expressed, the informative component of a pedigree will change, as it295

will be pruned for informative relationships prior to analysis (Morrissey & Wilson, 2010). For296

example, in a system with high numbers of offspring but low recruitment (such as blue tits), the297

structure of the pruned pedigree will change dramatically between analysing juvenile and adult298

traits, dependent on which individuals have phenotypes measured at which stages. Pedigrees299
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for juvenile traits will include most individuals born in the population, whereas pedigrees for300

adult traits will only comprise of those surviving to adulthood and immigrants, meaning the301

average number of offspring per mother will dramatically change. To demonstrate this, we302

generated a juvenile pruned pedigree and an adult pruned pedigree for each of the two full303

real pedigrees, by assuming that all individuals with known mother had phenotypes in the304

juvenile pedigree, and all individuals with offspring (i.e., recruits) had phenotypes in the adult305

pedigree. These values are shown in Figure 3.306

Our simulated pedigrees are relatively deep (5 complete generations), and pedigree depth has307

previously been shown to affect pedigree structure and biases in VA (Kruuk & Hadfield, 2007).308

In the Supplementary Materials (Section S4), we explored how pedigree depth affects the build-309

up of non-sibling maternal links and found that the proportion of non-sibling maternal links310

increases with pedigree depth, but stabilises after a couple of generations (Figure S6).311

Simulated scenarios and models312

We simulated a dataset from each of 12 scenarios with varying parameter sets (see Table313

3) for each of the 3600 pedigrees, resulting in 43,200 datasets. Simulations were performed314

by Author 1 using the squidSim R package (version 0.2.3; Pick, 2024b). Phenotypes were315

simulated to have 0 mean and unit variance. Simulated VA, VMe and VMg therefore represented316

their respective proportions of total phenotypic variance explained (e.g., VA = h2). We317

assumed all effects were additive, and there was no dominance genetic variance (note the318

covariances shown in Table 2 also assume no dominance). We make this assumption for319

simplicity and because few studies in the wild model dominance effects and so implicitly320

assume no dominance variance (Ovaskainen et al., 2008; Class & Brommer, 2020). VA, VMe321

and VMg were simulated to be either 0, 0.25 or 0.5, with varying genetic correlations (-0.6,322

-0.3, 0, 0.3 and 0.6), in different combinations to represent 12 different scenarios (shown in323

Table 3). We did not simulate all combinations of these values, but focused on those that324

would allow for interesting comparisons to be made. Residual variance (Vϵ) was calculated as325
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1− (VA + VMg + VMe + COVA,Mg) (Willham, 1972).326

We first simulated scenarios with the same total VM , but varying in the proportion of maternal327

variation that was genetic. To do this we created three scenarios with no VA and a total VM328

of 0.5, with either all (scenario a), half (scenario b) or none (scenario c) of the maternal329

variation being genetic. To show the effect of the presence/absence of both direct genetic330

and maternal environmental effects, we simulated a scenario with only VMg (0.25; scenario331

d) and another with the same amount of VMg and additionally VA (0.25) and VMe (0.25;332

scenario e). To show the impact of COVA,Mg, we simulated scenarios with maternal genetic333

and additive genetic variance with varying magnitude and direction of maternal and direct334

genetic covariance (no COVA,Mg in scenario f, positive COVA,Mg in scenarios g and h and335

negative COVA,Mg in scenarios i and j). For the sake of completeness, we also simulated two336

additional scenarios that we present in the supplements, with VA but no VMg, and either with337

or without VMe (scenarios k and l, see Figure S7).338

Table 3: Simulated scenarios.
Scenario VA VMg VMe COVA,Mg rA,Mg

a 0 0.5 0 0 0
b 0 0.25 0.25 0 0
c 0 0 0.5 0 0
d 0 0.25 0 0 0
e 0.25 0.25 0.25 0 0
f 0.25 0.25 0 0 0
g 0.25 0.25 0 0.075 0.3
h 0.25 0.25 0 0.15 0.6
i 0.25 0.25 0 -0.075 -0.3
j 0.25 0.25 0 -0.15 -0.6
k 0.25 0 0 0 0
l 0.25 0 0.25 0 0

As we were specifically interested in the bias in estimates from ‘simple’ maternal effects models,339

each dataset was analysed using an animal model estimating V̂A and V̂Mc as follows340

zi = β0 + ai +mC,j + ϵi (3)
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, where phenotype z of individual i is affected by its breeding value ai, a maternal identity341

effect mC of mother j and a residual ϵi, and β0 represents the global mean. a, mC and ϵ342

were all assumed to be normally distributed as follows:343

a ∼ N (0, V̂AA)

mC ∼ N (0, V̂McI)

ϵ ∼ N (0, V̂ϵI)

, where A is the relatedness matrix based on the pedigree and I is an identity matrix. All344

models were run using ASReml-R (version 4.1.0 Butler et al., 2017). Using the results of these345

models, we estimated the bias in V̂A, V̂M (total maternal variance) and V̂At . The bias was346

calculated for each combination of the 12 scenarios and 36 pedigree types. Bias was defined347

as 1
n

∑
(θ̂k − θ) (where θ is the true value, θ̂k is the model estimate from kth simulation in348

a parameter set, and n is the number of simulations of that parameter set, i.e., 100). For349

VM , θ was calculated as the sum of the simulated VMe and VMg, and θ̂k was calculated using350

model estimates of V̂Mc. For VAt , θ was calculated as VA + 3
2
COVA,Mg +

1
2
VMg and θ̂k was351

calculated using model estimates of V̂A.352

We compared the bias for each scenario-pedigree combination to the mean proportion of353

non-sibling maternal links for that pedigree type. Although this metric specifically describes354

the links that contain unmodelled VMg, it is also informative for the amount of covariation355

shared due to COVA,Mg as the portion of informative links for both is highly correlated (Figure356

S5).357

We also extracted the sampling covariance of V̂A and V̂Mc from the models. Sampling covari-358

ance gives information about how well the model can independently estimate the two variances359

(i.e. the identifiability). We looked to see whether the sampling covariance was predictive360

of the bias, or indicated the risk of bias - these results are presented in the Supplementary361
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materials (Section S6).362

Modelling V̂Mg as a solution363

The results from the simulations above will inform us about the risk of bias in V̂A when364

accounting for maternal effects by modelling V̂Mc. We also wanted to investigate whether we365

might be able to mitigate this bias. The clearest solution would be to run a full maternal effect366

animal model, and estimate V̂Mg and ˆCOV A,Mg regardless of the power we have to detect367

them. As discussed in the introduction, maternal genetic effects are often not modelled, likely368

because there is an assumption that estimating them would require a large and deep pedigree,369

as used in the simulations above, rather than the pedigrees typically available. Indeed, Meyer370

(1992) showed that the SE increased dramatically between models just estimating V̂A and371

full maternal effect models estimating V̂A, V̂Me, V̂Mg and ˆCOV A,Mg (see Table 3 in Meyer372

1992), although this appears at odds with results presented in Clément et al. 2001. In both373

cases, the simulations used what would be considered large pedigrees in the context of wild374

populations.375

To assess the feasibility of running a full maternal effects model on smaller pedigrees, Author376

1 ran an additional set of simulations. We wanted to create scenarios in which modelling377

maternal genetic effects would be challenging. To this end, we simulated two pedigree sizes.378

Based on the studies in Young & Postma (2023a), the median pedigree size used with an379

animal model was 420 individuals and the lower 10 and 25% quantiles were 105 and 175 indi-380

viduals, respectively (Young & Postma, 2023b). We therefore simulated a small pedigree with381

20 breeding females in each of two generations (the minimum needed to estimate maternal382

genetic effects), and a medium pedigree with 30 breeding females in each of four generations.383

Pedigrees were simulated with low fecundity (three offspring per female) and an intermediate384

mating system value, across the four immigration parameters, as these varied both in the385

proportion of non-sibling maternal links (Figure S4), and in pedigree quality (i.e the amount386

of missing parentage). This resulted in the small pedigree having 120 individuals with phe-387
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notypes (160-170 individuals in total), and the medium pedigree having 360 individuals with388

phenotypes (420-465 individuals in total). We then simulated 100 datasets for each of the 12389

scenarios outlined in Table 3, for each of the 8 simulated pedigrees.390

For each simulated data set, Author 1 ran four models; Model 1 included only additive genetic391

effects (allowing comparison to the results of Meyer, 1992):392

zi = β0 + ai + ϵi (4)

, with a and ϵ being normally distributed as outlined above (equation 3). Model 2 was the393

simple maternal effects model above (equation 3). Model 3 separated maternal genetic (mG)394

and maternal environment effects (mE), by additionally estimating maternal effects that were395

linked to the pedigree:396

zi = β0 + ai +mG,j +mE,j + ϵi (5)

, where

mG ∼ N (0, V̂MgA)

mE ∼ N (0, V̂MeI)

. In this model COVA,Mg was assumed to be 0. Model 4 has the same structure as model 3,

but additionally estimated ˆCOV A,Mg:

zi = β0 + ai +mG,j +mE,j + ϵi (6)

[a,mG] ∼ N(0,

 V̂AA ˆCOV A,MgA

ˆCOV A,MgA V̂MgA

)
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.397

To assess how well the different models performed, we calculated several metrics. We first398

calculated bias as outlined above. We also calculated precision as 1/

√
1
n

∑
(θ̂k − ¯̂

θ)2, where399

¯̂
θ is the mean of the the model estimates from a parameter set. Because variance estimates400

are limited by 0, the standard deviation of the sampling distribution will decease as effect401

size nears zero, giving the appearance that precision decreases as effect sizes increase (Pick402

et al., 2023). To account for this we also calculated relative precision as
¯̂
θ/

√
1
n

∑
(θ̂k − ¯̂

θ)2,403

which also represents the expected z-value. Finally, we calculated the Mean Absolute Error404

as 1
n

∑
|θ̂k − θ|. This is a measure of accuracy, combining both bias and precision, and405

represents the absolute deviation from true value. Note that this is a very similar measure406

to root mean squared error (RMSE), and our results are not affected by which measure of407

accuracy we use (the two measures have a correlation of >0.98 in our results; see Figures408

S15 and S16). Whilst we would expect that modelling V̂Mg and ˆCOV A,Mg would address409

the issue of bias in V̂A, these models may increase the uncertainty, and so reduce the overall410

accuracy. Considering a measure of accuracy allows us to incorporate both when comparing411

the models. We therefore focus on this last metric in the results, and fully present all metrics412

in the Supplementary Materials.413

Results414

The extent of V̂Mg across systems415

From our survey of published estimates from wild animal populations, the overall mean pro-416

portion of phenotypic variation due maternal genetic effects (m̂2
g) was 0.143 (first year and417

older combined), and the mean for first year traits was 0.208 (Figure 2a, Table S1). Note that418

these averages do not consider sampling variation in the individual estimates (see Methods).419

These values are similar to those estimated across animal species in Moore et al. (2019b).420

The proportion of V̂M due to V̂Mg was generally high (mean=0.662), and again higher for421
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first year phenotypes (mean=0.720; Figure 2b). Two of the three very low values for this422

proportion come from estimates with low m̂2 (see Figure S3). In most cases, V̂A was higher,423

and V̂M lower, in the simple maternal effects models than when V̂Mg was additionally esti-424

mated (Figure 2c and d, red bars). Interestingly, in the two cases with a notable decrease in425

heritability between simple and complex maternal effect models (grey bars in Figure 2c), a426

negative ˆCOV A,Mg was also estimated in the complex model (see Table S1).427

Non-sibling maternal links428

Our simulations produced a large amount of variation in the proportion of non-sibling maternal429

links (defined in the methods and Table 1), that was similar to the range that might be430

encountered in common pedigrees of wild populations (Figure 3). Comparing pruned pedigrees431

for adults and juvenile phenotypes generated from the two wild pedigrees, we can also see432

that the pedigree structure can change dramatically between juvenile and adult phenotypes,433

with this difference being particularly pronounced in the avian system.434

Bias in V̂A and V̂M435

Figure 4 shows the bias in V̂A and V̂M across the different scenarios, and Figure 5 the re-436

lationship between the two (full simulations results are shown in Figures S18-S29). When437

considering scenarios with no COVA,Mg (Figure 4A-D), we can see that as the proportion438

of non-sibling maternal links (see Table 1) increased, V̂A from the simple maternal effects439

model became increasingly upwardly biased (Figure 4A and C), and estimates of maternal440

variance correspondingly downwardly biased (Figure 4B and D). There was a clear correspon-441

dence between the bias in V̂A and the bias in V̂M , with the bias in V̂M being approximately442

half the magnitude of the bias in V̂A (solid line in Figure 5A). Although the proportion of443

non-sibling maternal links was clearly a strong predictor of the bias in V̂A and V̂M , there was444

still additional unexplained variation in the bias caused by variation in pedigree structure (i.e.,445

the scatter around predicted lines in Figure 4).446
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Figure 2: A) The proportion of total phenotypic variation due to maternal genetic effects

from published estimates (i.e.,
V̂Mg

V̂P
; n= 14 studies; see Table S1). B) The proportion of total

maternal variation due to maternal genetic effects (i.e.,
V̂Mg

V̂Mg+V̂Me
). This is subset for those

estimates where the total proportion of V̂M is above 0.05. C) and D) show the difference
between ĥ2 (C) and m̂2 (D) estimated in simple and complex maternal effect animal models.
Red bars are those in which ĥ2 was larger and m̂2 smaller in the simple model (estimating V̂A

and V̂Mc) than in the full model (estimating V̂A, V̂Mg and V̂Me), which suggests overestimation

of ĥ2 and underestimation of m̂2 in the simple model.
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Proportion non−sibling maternal links
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Juvenile
Adult
Blue tit
Red deer

Figure 3: The distribution of non-sibling maternal links in simulated pedigrees (grey histogram)
compared to observed pedigrees from two study systems red deer (red lines) and blue tits
(blue lines). For each of the two real pedigrees, we generated a juvenile pedigree (solid lines),
assuming that all individuals with a mother had a phenotype, and an adult pedigree (dashed
lines), assuming only those that became parents (recruited) had a phenotype.

Scenarios a, b and c had the same amount of total maternal variance but vary from all to none447

of the variance being genetic. The comparison of these scenarios (Figure 4A and B) showed448

that the effect of proportion of non-sibling maternal links on the bias in V̂A is dependent on449

the proportion of the total maternal variance that is genetic, with little or no bias when all450

maternal variance is environmental (blue diamonds), to a large bias in pedigrees with a high451

proportion of non-sibling maternal links when all maternal variance is genetic (black circles).452

Note that in these scenarios no VA was simulated. It should also be noted that the small453

bias that can be seen in some pedigree structures in Scenario c, when the simulated maternal454

variance is environmental (blue diamonds), is due to estimated variances being upwardly biased455

when effect sizes are small (simulated VA is 0 in this case), as variances are bound by 0 (see456

for example Pick et al., 2023, see also Figure S20). Scenarios l and k show that, as expected,457

there was no bias in V̂A in the absence of VMg (Figure S7). Comparison of scenarios d and458

e (Figure 4 C and D) showed the presence of both VMe and VA (yellow inverse triangles)459

decrease the bias in V̂A caused by unmodelled VMg.460
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Figure 4: Bias in V̂A (first column; A, C and E) and V̂M (second column; B, D and F) in
relation to the proportion of non-sibling maternal links across different simulated scenarios
(indicated by the colours; see Table 3) and pedigree structures. The top row (A and B)
compares scenarios with the same total VM but different proportions of VMg. The second
row (C and D) compares a scenario with just VMg with one that has the same VMg and
additionally VMe and VA. The bottom row (E and F) shows the impact of different directions
and magnitudes of COVA,Mg. Dotted lines are predictions from a simple linear model, the
purpose of which is just to help illustrate the pattern. Error bars show the standard error
across simulations. Note that for some simulations the errors bars are too small to see.
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Figure 5: The relationship between the bias in V̂A and V̂M across different simulated scenarios
(indicated by the colours and symbols; see Table 3) and pedigree structures. A) compares
scenarios with no simulated COVA,Mg, and B) shows the impact of different directions and
magnitudes of simulatedCOVA,Mg on this relationship. Error bars show the standard error
across simulations. The black line not based on theoretical predictions, rather is there for
scale.

Effect of COVA,Mg on bias in V̂A and V̂M461

The comparison of scenario f (no COVA,Mg) with scenarios g, h, i and j (Figure 4E and F)462

showed the impact of COVA,Mg on the bias in V̂A and V̂M . The effect of non-sibling maternal463

links on the bias was clearly dependent on the presence and direction of the covariance. When464

the covariance was positive the bias in V̂A was increased with increasing non-sibling maternal465

links (pink diamonds and red squares), whilst a negative covariance (grey triangles and open466

inverse triangles) reduced the effect of non-sibling maternal links on V̂A, and even changed the467

direction of the bias, leading to an underestimation of V̂A when the covariance was moderately468

negative (r=0.6), which is in line with the results in Figure 2c.469

In contrast to the scenarios without COVA,Mg, the relative amount of bias in V̂A and V̂M was470

strongly affected by the presence of a genetic covariance (Figure 5B). A negative covariance471

resulted in relatively more bias in V̂M (grey and open points in Figure 5B), whereas a positive472

covariance increased the bias in V̂A relative to V̂M (red and pink points in Figure 5B).473
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Figure 6: Bias in V̂At , from simulations with different underlying parameters (indicated by the
colours; see Table 3) and different pedigree structures.

Estimating evolutionary potential474

As we might expect, evolutionary potential (measured as V̂At) was generally (but not always)475

underestimated across scenarios when using simple maternal effects model to estimate V̂A476

(Figure 6). However, the underestimation was lower when the proportion of non-sibling links477

in the pedigree was higher. When there was negative COVA,Mg, the bias was minimal (at least478

under the parameter values simulated here), and in the most extreme scenario even positive479

(open inverse triangles in Figure 6).480

Modelling V̂Mg in small pedigrees481

The results from simulations of small and medium pedigrees were qualitatively very similar482

across the different immigration parameters and pedigree sizes (Table S2) and so we focus on483

the results from the small pedigrees with unbiased immigration in Figure 7. As expected, the484

medium size pedigrees were generally more precise, and also less biased in several scenarios485

(Figures S11- S14).486
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The bias in V̂A, V̂M and V̂At across scenarios was centred on zero only for model 3 (Figures S11-487

S13). V̂A, V̂M and V̂At in model 4 were biased under many scenarios, but the bias decreased488

with increasing pedigree size (Figures S11- S13), whereas it was largely unchanged in the489

other models. Model 4 also showed biases in V̂Mg and ˆCOV A,Mg, especially when there was490

no underlying VA (for ˆCOV A,Mg) or VMg (both estimates), and again these biases decreased491

with increasing pedigree size (see Figure S14, and discussed further in the Supplementary492

material). Most notably, there was a clear bias towards negative covariances when VA or VMg493

were absent. Interestingly, precision was broadly similar across models 1-4 for V̂A, V̂M and494

V̂At (S11- S13).495

Consequently, models that estimate maternal genetic effects were generally more accurate496

(measured as mean absolute error, a combination of bias and precision) in terms of V̂A497

estimation than simple maternal effects models (Figure 7, top row). They also displayed498

similar levels of accuracy for the estimation of V̂M and V̂At (Figure 7, middle and bottom499

rows). This indicates that there appears to be no clear cost to estimating maternal genetic500

effects, at least under the conditions simulated here.501

Model 4 (estimating ˆCOV A,Mg) had some convergence issues, with around 9% of models not502

converging overall (compared to 0% for the other 3 models). This was especially problematic503

in simulated scenarios where there was no simulated VA (scenarios a-d), where approx 15-25%504

of the models failed to converge (Figure S17). In these scenarios without VA (scenarios a-d),505

model 3 also outperformed model 4 (middle column in Figure 7), especially for V̂A estimation.506

In scenarios where both VA and VMg were simulated, it was either better or no different in507

terms of accuracy to estimate ˆCOV A,Mg (first column in Figure 7). In combination with the508

biases mentioned above, care should be taken when interpreting estimates taken from model 4,509

especially with small pedigrees. We discuss this further in the supplementary material.510
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Figure 7: Accuracy (measured as mean absolute error) in estimation of V̂A (A, B and C) V̂M

(D, E and F) and V̂At (G, H and I), estimated using 4 different models: 1) estimated V̂A only,
2) estimated V̂A and V̂Mc, 3) estimated V̂A, V̂Mg and V̂Me and 4) estimated V̂A, V̂Mg, V̂Me

and ˆCOV A,Mg. Data from these plots is from simulations of small pedigrees with unbiased
immigration, over 12 scenarios (shown with different symbols and colours), which are separate
out across the three columns, to show scenarios with both VA and VMg, no VA and no VMg,
respectively.
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Discussion511

Here we show that, based on available estimates, maternal variation is likely to have a consid-512

erable genetic component. Simple models of maternal effects (which dominate the literature)513

are biased in the presence of maternal genetic effects: the direct additive genetic variation514

(VA) is likely commonly overestimated, and total maternal variation (VM) underestimated.515

This occurs because the modelled maternal identity effects only account for the similarity516

between individual that share the same mother, but there are other individuals in the pedigree517

that additionally share maternal genetic variance (VMg). These biases are dependent on the518

underlying parameter values and the pedigree structure, and in particular the proportion of519

non-sibling maternal links; pedigrees with a high proportion of these links show high bias.520

The presence of direct-material genetic covariance (COVA,Mg) also affects the bias, with the521

positive covariance increasing the bias and a negative covariance decreasing, or even reversing522

its direction. This bias in V̂A additionally affects the estimation of V̂At . In simple maternal523

effects models, this is based solely on V̂A, and so will be systematically underestimated in the524

presence of VMg. The upward bias in V̂A in simple maternal effects models therefore actually525

acts to reduce the bias in V̂At . However, the bias is not completely removed and so V̂At526

is still typically underestimated, although this is dependent on the underlying levels of VMg527

and COVA,Mg. Consequently, without fully modelling sources of direct and indirect genetic528

variation, we are limited in our understanding of the full evolutionary potential of a trait.529

Maternal variation is likely to have a considerable genetic component (>50%, Figure 2b). We530

note that all but one species for which we found data were mammals. However, we believe531

that these results are likely to generalise. First, maternal effects are likely to occur to a similar532

extent in other taxa; Moore et al. (2019b) found no difference in the size of maternal effects533

between egg-laying and live-bearing species, vertebrate and invertebrate species, amniote or534

anamniote species, and species providing post-natal care or not. Second, this matches previous535

work looking at the proportion of consistent individual variation that is genetic (mean of 0.52536

for behavioural traits: Dochtermann et al., 2015). Given realistic pedigree structures, this level537
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of VMg will bias the estimation of V̂A and of V̂M . Consequently, we expect that the average538

ĥ2 and m̂2 presented in Moore et al. (2019b) are systematically over- and under-estimated,539

respectively. How meaningful is the bias likely to be, and what can we do about it?540

Under intermediate levels of non-sibling maternal links, and realistic parameter values (such as541

those considered here), we may expect an upward bias in ĥ2 in juvenile traits of 0.05-0.1 (note542

that this will be heavily dependent on underlying parameter values). Correspondingly, we found543

that ĥ2 estimates were commonly larger in simple compared with complex maternal effect544

models by up to around 0.15 (Figure 2c). This represents a considerable proportional increase,545

relative to the average size of ĥ2 found across studies (0.2-0.3 Postma, 2014; Moore et al.,546

2019b). This level of bias in V̂A would therefore result in quite substantially over-estimation of547

the predicted selection response, when using models such as the breeder’s equation. Indeed,548

misestimation of VA is commonly suggested as a reason for why our predictions of evolutionary549

change commonly do not match our observations (‘the paradox of stasis’ Merilä et al., 2001;550

Pujol et al., 2018).551

Although these models will likely overestimate V̂A, V̂At was typically underestimated under552

our simulated scenarios (Figure 6). If VMg is common, in juvenile traits at least, we will be553

commonly underestimating the evolutionary potential of these traits, as we are not explicitly554

considering indirect genetic effects. The use of VAt as a measure of evolutionary potential555

assumes, however, that selection is only directly acting on the juvenile trait, and not on556

maternal performance. Selection response in the juvenile trait is dependent not only on direct557

selection on that trait, but also on selection acting on the maternal traits and thus maternal558

performance (Cheverud, 1984; Kirkpatrick & Lande, 1989). Theoretically, we would predict559

that selection acts in the opposite direction on maternal performance than on the offspring560

trait, as maternal care is often predicted to be costly (Cheverud, 1984; Hadfield, 2012). Only561

two studies to date have directly estimated selection on maternal performance (Thomson et al.,562

2017; Gauzere et al., 2022), with opposing results. Dependent on the underlying variances563

and covariances, selection on maternal performance could produce a strong enough force to564
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constrain the response to selection on the juvenile trait. In such situations, it is important to565

know where the genetic variation is coming from to correctly predict selection response. In566

situations where V̂At is well estimated by simple maternal effects models (e.g. when there is a567

high proportion of non-sibling maternal links), V̂A is overestimated and V̂M is underestimated568

when there is VMg. Without knowledge of these biases, it may be assumed that selection569

on maternal performance is not important because there are a negligible maternal effects570

compared to the amount of direct genetic variation. However, although V̂At is well estimated571

in these conditions, if there were selection on maternal performance, the response to selection572

would be much different than predicted. In other words, situations in which we might wrongly573

dismiss maternal effects are also the scenarios in which correctly characterising the source of574

the genetic variation is particularly important. It is therefore important to try and separate575

out the different sources of genetic variation, where possible.576

Interestingly, the biases in V̂A and V̂M may change dramatically for different traits within577

the same study system (Figure 3). This is because the proportion of non-sibling maternal578

links can change substantially between pedigree for juvenile and adult traits. For example,579

in species with high fecundity and low recruitment (for example, passerine birds), much of580

the pedigree information for juvenile traits will come from comparisons between siblings, for581

whom the maternal variance is modelled. For adult traits in these systems, the pedigree582

information largely comes from parent-offspring comparisons, half of which will be maternal583

(and perhaps more, in systems where it is more likely that the mother is known). Maternal584

effects are generally found to decrease in adult phenotypes (Wilson & Reale, 2006; Pick et al.,585

2016a; Moore et al., 2019b; Gauzere et al., 2020b). Although this may be expected, as the586

intensity of interactions between mothers and offspring reduces over time, this decrease may587

also be accentuated by the change in pedigree structure, as the overestimation of VA and588

underestimation of VM might be stronger at this stage.589

When considering the impact of these biases it is also worth considering that the error associ-590

ated with V̂A is typically large. The mean standard error of ĥ2 from animal models based on591
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syntheses is around 0.1 (0.099 from Postma 2014, 0.097 from Young & Postma 2023a calcu-592

lated using data from Young & Postma 2023b, and 0.115 from Moore et al. 2019b calculated593

using data from Moore et al. 2019a), and so the difference in ĥ2 between simple and complex594

maternal effects models is likely to fall within the confidence intervals of ĥ2. Consequently,595

for any single study, this bias might not alter the inference too much (assuming the estimate596

is being interpreted in the context of the confidence intervals). Syntheses (such as Postma,597

2014; Moore et al., 2019b) will, however, systematically overestimate VA.598

To address these biases in the estimation of V̂A and V̂M , we would ideally run full maternal599

genetic effect models. This would provide us with unbiased estimates of V̂A, V̂M and V̂At , as600

well as V̂Mg and ˆCOV A,Mg. As discussed above, it is particularly useful to have these latter601

parameters, as selection may act in the opposite direction on maternal performance than on602

the offspring trait, if maternal care is costly (Cheverud, 1984; Hadfield, 2012). To fully predict603

selection response, these parameters must therefore be separately estimated. Full maternal604

effect animal models are seldom run, however. This may be due to a perception that these605

models require restrictively large sample sizes to run, and so this may not be realistic in many606

cases. However, our simulations show that for even small pedigrees, running full maternal607

effects animal models (or at least those additionally estimating V̂Mg) leads to the highest608

accuracy in V̂A, and no loss of accuracy for V̂At and V̂M , with the additional advantage of609

separating genetic and environmental sources of maternal variation. This matches the results610

shown in Clément et al. 2001, although that study was based on much larger pedigrees.611

Depending on the underlying parameters, modelling ˆCOV A,Mg may prove challenging. In612

simulations without VA, 15-25% of models estimating ˆCOV A,Mg failed to converge and were613

more biased than models that did not estimate ˆCOV A,Mg especially at small pedigree sizes,614

showing evidence of identifiability issues when VA or VMg were not present. However, our615

simulations suggest that estimating V̂Mg and V̂Me in addition to V̂A would provide an increase616

in accuracy and understanding of the underlying processes (although we note that they would617

require increased computational power). We therefore recommend that these models are more618
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frequently used and applied to an extended range of systems.619

If running full maternal genetic effect models is not possible, then enough information about620

the pedigree needs to be presented to allow the risk of bias to be assessed. Pedigree metrics621

(for example, those generated by the R package pedantics (now maintained as pedtricks);622

Morrissey & Wilson, 2010; Martin et al., 2024) are often reported alongside animal models.623

However, the explicit utility of these metrics has not been explored (i.e., whether and how624

they relate to precision and/or bias in estimates). Here we show that the proportion of non-625

sibling maternal links provides a good prediction for the potential for bias in V̂A and V̂M from626

unmodelled V̂Mg, although we note that this metric does not completely predict the bias (see627

Figure 4). There are likely additional metrics (e.g., relating to the relative amount of maternal628

siblings) that would explain an additional amount of variation. Importantly, this metric gives629

no information about the actual bias, as this is dependent on the underlying parameters,630

which are unknown. Given that it explains most of the variation in the potential for bias,631

we recommend reporting this metric alongside simple maternal effects models, so that the632

potential for bias in V̂A and V̂M can be assessed. To fully explore the potential for bias in633

a given pedigree, we recommend that a simulation approach is taken, similar to that taken634

here, but focussing on that single pedigree structure.635

The maternal effect model presented here represents the variance partitioning approach to636

estimating maternal effects. This method can be extended by additionally including maternal637

phenotypes in the model (trait-based approach) to show the extent to which they explain638

the maternal variance (referred to as the Hybrid trait-based/variance component approach639

Hadfield, 2012; McAdam et al., 2014). This approach has successfully been used in several640

systems (Hadfield et al., 2013; Noble et al., 2014; Pick et al., 2016a; Gauzere et al., 2021).641

The biases we demonstrate here have interesting consequences in this context. If we take642

the example of system where a single maternal phenotype explains all the maternal variation.643

If the maternal phenotype in question has a considerable genetic component (which would644

generate VMg), a simple maternal effect model will underestimate V̂M , and over-estimate645
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V̂A. Adding the maternal phenotype into the model will decrease the estimates of maternal646

variation to 0, but it will also reduce V̂A, as the maternal genetic variance that was upwardly647

biasing it is now explained. We can see this exact effect in the example of egg size in Japanese648

quail (Coturnix japonica). Maternal egg size has considerable genetic component (Pick et al.,649

2016b, 2019b), and so there would be considerable VMg in any juvenile traits that it affects.650

Pick et al. (2016a) found that including maternal egg size in a simple maternal affects model651

of hatching size reduced both V̂A and V̂M to effectively zero (see Figure 2 in Pick et al.,652

2016a). This indicates that the ĥ2 estimated in the simple maternal effects model (0.268) was653

an artefact of unmodelled VMg, and suggests that, in cases where the maternal phenotypes654

driving the maternal effects are known, the hybrid approach may provide a useful way to655

reduce bias in V̂A. We note that the presence of a genetic covariance between maternal and656

offspring traits will complicate this, and may still lead to an over or under estimation of V̂A657

in a hybrid model, depending on the direction of the covariance. Multivariate models may658

therefore be more appropriate where there is evidence of COVA,Mg.659

Here we focus specifically on maternal effects, which are an important source of variation in660

species with uniparental care. The large focus on maternal effects in the quantitative genetics661

literature is likely due to the majority of species used in animal breeding having uniparental,662

maternal care (i.e., cows, sheep, pigs, chicken). Similarly, all published estimates of V̂Mg in663

the wild come from mammals exhibiting maternal care. However, many commonly studied664

systems in the wild (e.g passerine birds) have biparental care. In these systems, there is likely665

both maternal and paternal effects. What impact would these paternal effects have?666

In avian systems, we commonly model nest effects to capture the joint parental effects in a667

particular reproductive attempt. Like modelling maternal identity, these nest effects will likely668

not fully capture the maternal and parental genetic variation. Under certain assumptions,669

the impact of paternal genetic effects would therefore be expected to be the same (i.e.,670

unmodelled paternal genetic variation would upwardly bias V̂A), but the bias would be linked671

to the proportion of non-sibling paternal links. There are several complications, however. In672
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populations with extra-pair paternity, individual’s will not always be raised by their genetic673

father, which dilutes the confounding between paternal genetic and additive genetic effects.674

We would therefore expect less confounding between paternal and direct genetic effects in675

genetic than social pedigrees, and for the bias to depend on both pedigree structure and the676

extend of extra-pair paternity. This situation would be further complicated by the presence of677

any genetic covariance between maternal and paternal effects, and any relatedness between678

parents. These issues would make for an interesting extension to this study, and Varona et al.679

(2015) have explored similar issues in the context of paternal imprinting.680

Cross fostering is also a method used to help disentangle genetic and (post-natal) common en-681

vironment effects in avian systems. Whole brood cross fostering (swapping whole litter/broods682

between nests) should get rid of the biases caused by both parental environmental and genetic683

effects, as the genetic parents no longer rear the offspring; for example, two maternally related684

cousins wouldn’t be raised by related mothers, and so wouldn’t also share VMg. This method,685

however, has limited power to separate parental and genetic effects generally, especially in686

the absence of a genetic pedigree. It also assumes that parental effects only occur after cross687

fostering; any parental effects occurring before crossing takes place (e.g., pre-natal maternal688

effects) would still bias V̂A. In partial cross fostering (where some chicks remain in the nest689

of origin and some are moved), on the other hand, the chicks that are not crossed still re-690

ceive care from their genetic mother. A back of the envelope calculation would suggest that691

25% of the bias in V̂A would remain if 50% of the offspring were crossed (the bias would692

remain for any two maternal relatives that were raised by their mother, and each would have693

a 50% chance of being crossed, meaning 25% of the maternal relations would both be raised694

by their genetic mother). This would clearly need further investigation, but it suggests that695

while partial cross fostering presents a more powerful approach for accounting for common696

environment effects, it does not fully account for parental genetic effects. This would explain697

some results shown in Kruuk & Hadfield (2007, Table 3). In collared flycatchers, both V̂A698

and V̂P from animal models on juvenile body mass and condition were substantially reduced699
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in cross-fostered chicks. The decrease in phenotypic variance was attributed to the potential700

presence of COVA,Mg, but the reduction in V̂A was unexplained. This reduction may therefore701

be the result of the confounding of direct and parental genetic effects being broken up in the702

cross fostered chicks.703

Conclusions704

It is well established that maternal effects (and more generally common environment effects)705

can affect our estimation of VA, which is a key target for estimation in quantitative genetic706

studies. Our study shows that the common methods for accounting for maternal effects do707

not fully do so, meaning that under commonly seen levels of maternal and direct genetic708

variance and pedigree structures, our estimation of genetic variation is biased. The inference709

about the evolutionary potential that we can make from these simple maternal effects models710

is therefore limited. Our simulations also show that models explicitly estimating maternal711

genetic effects are no less accurate through greater imprecision, even when pedigrees are712

small (although we note that inference about these parameters at small sample sizes is likely713

generally limited by high levels of uncertainty). We therefore recommend that maternal genetic714

effects are estimated if there is any evidence for the presence of maternal effects. Models that715

additionally estimate ˆCOV A,Mg can be problematic when there is no underlying VA or VMg,716

especially when pedigrees are small, and so we suggest to first run a model estimating V̂A,717

V̂Mg and V̂Me, and then further estimating ˆCOV A,Mg if there is evidence of both VA and VMg.718

Care should be taken with the interpretation of the parameter estimates from these models719

(especially with negative ˆCOV A,Mg) when pedigrees are small, due to identifiability issues.720

We also recommend not dropping V̂Mg from models if there is no statistical support for it721

(i.e., model simplification); the lack of statistical support does not indicate the lack of VMg (it722

more likely indicates the lack of power to detect it), and we find no effect of estimating V̂Mg723

on accuracy. V̂A will therefore be less biased and no less accurate when V̂Mg is estimated.724

With small datasets we will always struggle to estimate genetic variances, but this appears725
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to be made no worse by using more complex models. As studies of maternal genetic effects726

are rare and taxonomically limited, more detailed modelling of maternal and paternal genetic727

effects in the wild would give greater insight into their evolutionary importance.728
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University Press.798

Hadfield, J.D., Heap, E.A., Bayer, F., Mittell, E.A. & Crouch, N.M.A. 2013. Disentangling799

genetic and prenatal sources of familial resemblance across ontogeny in a wild passerine.800

Evolution. 67:2701–13.801

Henderson, C.R. 1988. Theoretical basis and computational methods for a number of different802

animal models. J. Dairy Sci. 71:1–16.803
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Supplementary Material940

S1 Expected phenotypic covariance between relatives941

The expected phenotypic covariance of two related individual in the presence of maternal942

genetic variation is determined not only by VA, but also potentially by VMg and COVA,Mg,943

depending on how the two individual’s mothers are related, and how related the two individuals944

are to the other individual’s mother. Figure S1 shows how the expected phenotypic covariance945

can be derived. Note that these phenotypic covariance may be further affected by other factors946

such as dominance, that we do not include here.947
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Figure S1: Calculation of covariance between related individuals. The arrows represent the
relevant relatedness for the calculation of the covariance and the equation below shows how
these are added to give the covariance.
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S2 Estimates from the literature948
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Table S1: Estimates of maternal genetic variation from previous studies. A csv of this table is included in the data accompanying the
paper.

Study Species Population Trait Age h2
1 c21 h2

2 m2
2 c22 Source

1 Soay Sheep wild Birth weight Juvenile 0.091 0.201 0.079 0.077 0.140 T S4 and S5
1 Soay Sheep wild Lamb Foreleg Juvenile 0.155 0.063 0.140 0.033 0.039 T S4 and S5
1 Soay Sheep wild Lamb Hindleg Juvenile 0.196 0.068 0.161 0.068 0.022 T S4 and S5
1 Soay Sheep wild Lamb Weight Juvenile 0.116 0.100 0.066 0.095 0.032 T S4 and S5
1 Soay Sheep wild Lamb Metacarpal Juvenile 0.509 0.081 0.402 0.139 0.000 T S4 and S5
1 Soay Sheep wild Lamb Jaw Juvenile 0.303 0.145 0.203 0.141 0.048 T S4 and S5
1 Soay Sheep wild Yearling Foreleg Adult 0.157 0.092 0.108 0.078 0.029 T S4 and S5
1 Soay Sheep wild Yearling Hindleg Adult 0.307 0.168 0.271 0.094 0.093 T S4 and S5
1 Soay Sheep wild Yearling Weight Adult 0.190 0.099 0.156 0.062 0.055 T S4 and S5
1 Soay Sheep wild Yearling Metacarpal Adult 0.618 0.000 0.618 0.000 0.000 T S4 and S5
1 Soay Sheep wild Yearling Jaw Adult 0.672 0.089 0.672 0.000 0.090 T S4 and S5
1 Soay Sheep wild Adult Foreleg Adult 0.296 0.005 0.286 0.021 0.000 T S4 and S5
1 Soay Sheep wild Adult Hindleg Adult 0.458 0.063 0.426 0.077 0.015 T S4 and S5
1 Soay Sheep wild Adult Weight Adult 0.273 0.057 0.246 0.082 0.000 T S4 and S5
1 Soay Sheep wild Adult Metacarpal Adult 0.631 0.018 0.610 0.032 0.000 T S4 and S5
1 Soay Sheep wild Adult Jaw Adult 0.677 0.010 0.677 0.000 0.010 T S4 and S5
2 Soay Sheep wild Birth date Juvenile 0.070 0.690 T 1
2 Soay Sheep wild Birth weight Juvenile 0.160 0.250 T 1
2 Soay Sheep wild Lamb Foreleg Juvenile 0.130 T 1
2 Soay Sheep wild Lamb Hindleg Juvenile 0.140 T 1
2 Soay Sheep wild Lamb weight Juvenile 0.200 T 1
3 Soay Sheep wild Birth weight Juvenile 0.014 0.169 0.029 T 2
3 Soay Sheep wild Birth date Juvenile 0.032 0.255 0.138 T 2
3 Soay Sheep wild August weight Juvenile 0.036 0.135 0.004 T 2
4 Soay Sheep wild Birth weight Juvenile 0.116 0.214 0.114 0.165 0.108 T 1
4 Soay Sheep wild Birth date Juvenile 0.127 0.316 0.072 0.315 0.065 T 1
4 Soay Sheep wild Natal litter size Juvenile 0.077 0.252 0.109 0.211 0.142 T 1
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5 Red Squirrels wild Female LRS Adult 0.001 0.080 0.001 0.020 0.030 T 1 in both
5 Red Squirrels wild Lifespan Adult 0.001 0.040 0.050 T 1
5 Red Squirrels wild Mean ARS Adult 0.001 0.050 0.040 T 1
5 Red Squirrels wild AFB Adult 0.000 0.060 0.070 T 1
6 Roe Deer wild Juvenile body mass Juvenile 0.100 0.120 0.050 0.000 0.110 T 1 and 2
6 Roe Deer wild Juvenile body mass Juvenile 0.530 0.080 0.440 0.230 0.000 T 1 and 2
7 Red Deer wild Birth weight Juvenile 0.134 0.370 0.041 0.429 0.035 F 5
8 Red Deer wild Birth weight Juvenile 0.221 0.353 0.177 0.307 0.081 T 2
8 Red Deer wild Birth leg Juvenile 0.380 0.169 0.335 0.170 0.001 T 2
8 Red Deer wild Neonatal survival Juvenile 0.038 0.000 0.022 0.021 0.000 T 2
8 Red Deer wild Survival age 1 Juvenile 0.063 0.032 0.051 0.026 0.000 T 2
8 Red Deer wild Survival age 2 Adult 0.047 0.031 0.052 0.026 0.000 T 2
8 Red Deer wild Female AFR Adult 0.164 0.001 0.001 0.001 0.001 T 2
8 Red Deer wild Female ABS Adult 0.040 0.000 0.040 0.000 0.000 T 2
8 Red Deer wild Male ABS Adult 0.014 0.000 0.018 0.000 0.000 T 2
8 Red Deer wild Adult longevity Adult 0.188 0.001 0.130 0.001 0.001 T 2
8 Red Deer wild Jaw Adult 0.500 0.000 0.447 0.001 0.000 T 2
8 Red Deer wild Endocranial volume Adult 0.776 0.001 0.629 0.001 0.000 T 2
8 Red Deer wild Leg Adult 0.583 0.001 0.502 0.001 0.001 T 2
9 Red Deer wild Anti-Tc IgA Juvenile 0.033 0.420 0.177 SM
9 Red Deer wild Total IgA Juvenile 0.042 0.361 0.077 SM
9 Red Deer wild Anti-Tc IgM Juvenile 0.059 0.314 0.157 SM
9 Red Deer wild Total IgM Juvenile 0.036 0.314 0.119 SM
9 Red Deer wild Anti-Tc IgG Juvenile 0.019 0.269 0.288 SM
9 Red Deer wild Total IgG Juvenile 0.000 0.086 0.000 SM
10 Bighorn Sheep wild June weight age 0 Juvenile 0.000 0.197 T 3
10 Bighorn Sheep wild June weight age 1 Adult 0.447 0.135 T 3
11 Bighorn Sheep wild Boldness Adult 0.390 0.000 T 1
12 American Bellflower breeding design Seed mass Adult 0.064 0.000 0.694 T 1
12 American Bellflower breeding design Days to germination Adult 0.361 0.303 T 1
12 American Bellflower breeding design Rosette size Adult 0.243 0.260 T 1
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12 American Bellflower breeding design Days to flower Adult 0.426 0.433 0.168 T 1
12 American Bellflower breeding design Biomass Adult 0.368 0.133 T 1
13 Squirrel Monkeys managed Female neonate mass Juvenile 0.190 0.318 0.092 0.344 0.057 T 2
13 Squirrel Monkeys managed Male neonate mass Juvenile 0.159 0.256 0.121 0.240 0.076 T 2
14 Cuvier’s gazelle managed Juvenile survival Juvenile 0.067 0.247 0.115 0.136 0.180 T 2

1: Bérénos et al. 2014 , 2:Beraldi et al. 2007 , 3:Regan et al. 2017 , 4:Wilson et al. 2005b , 5:McFarlane et al. 2014, 2015 , 6:Quéméré949

et al. 2018 , 7:Kruuk & Hadfield 2007 , 8:Gauzere et al. 2020b , 9:Gauzere et al. 2021 , 10:Wilson et al. 2005a , 11:Réale et al. 2009 ,950

12:Galloway et al. 2009 , 13:Blomquist & Williams 2013 , 14:Ibáñez et al. 2014951
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S3 Non-sibling maternal links952
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Figure S4: Variation in proportion of non-sibling maternal links across 36 pedigree types.
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Figure S5: Relationship between proportion of non-sibling links informative for VMg and
COVA,Mg across 36 pedigree types.

8



S4 Effect of Pedigree depth on non-sibling maternal links953

We examined the effect of pedigree depth on the the proportion of non-sibling maternal954

links. Pedigree depth has previously been shown to have a strong effect on the estimation of955

quantitative genetic parameters (Kruuk & Hadfield, 2007). In this case it may affect the build956

up of non-sibling maternal links in the pedigree. To examine this, we simulated pedigrees957

that varied in the number of discrete generations, from 2 to 10, across the four immigration958

rates described in the main text. For each pedigree we simulated 100 females per generation.959

We opted to have different sample sizes across the different pedigrees, rather than varying960

the number of females per generation. All pedigrees were simulated with the intermediate961

fecundity (6 offspring per female) and mating system (probability of 0.75 that paired male962

will sire offspring) parameters used in the main simulations. 50 pedigrees were simulated per963

immigration rate and pedigree depth combination. These simulations showed that proportion964

of non-sibling maternal links was reduced in very shallow pedigrees, but stabilised after a965

couple of generations (Figure S6).966
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Figure S6: The effect of pedigree depth on the proportion of non-sibling maternal links, across
the different immigration scenarios.
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S5 Results from scenarios K and L967
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Figure S7: Bias in V̂A (A) and V̂M (B) in relation to the proportion of non-sibling maternal
links across two simulated scenarios (indicated by the colours; see Table 3) and pedigree
structures. Both scenarios were simulated with VA and no VMg. Dotted lines are predictions
from a simple linear model, the purpose of which is just to help illustrate the pattern. Error
bars show the standard error across simulations. Note that for some simulations the errors
bars are too small to see.
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S6 Sampling covariance and risk of bias968

Within each statistical model, we can look the estimated sampling covariance between two969

parameters, which gives us information about how well the model is able to independently970

estimate the two parameters, also known as the identifiability of the parameters. The sampling971

covariance between the V̂A and V̂Mc therefore tells us how well the model is able to separate972

the two; if the covariance is strongly negative, then the model is struggling to tell where the973

variance is coming from. We might expect when there is more risk of bias from unmodelled974

VMg that the covariance is larger.975

From looking to the sampling variance from our simulations, this indeed this appears to be976

the case. Figure S8 shows a clear relationship between the proportion of non-sibling maternal977

links and the estimated sampling covariance, with the sampling covariance becoming more978

negative as the proportion increased.979
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Figure S8: Relationships between of pedigree structure (in terms of non-sibling maternal links)
and sampling covariance between V̂A and V̂Mc

We can also look more closely at how the sampling covariance varied across the different980

pedigrees simulated. Figure S9 shows that the clearest effect on the sampling covariance is981

due the mating system, in other words the amount of half siblings. This makes sense as982

generally maternal variance is harder to separate from VA when siblings share both the same983
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parents and the same environment.984
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Figure S9: Variation in the sampling covariance between VA and V̂Mc across different simulated
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immigration respectively.

It would be interesting to know whether the sampling covariance varied systematically across985

the simulated scenarios, and so whether considering the sampling covariance would enable us986

to tell something about the presence of unmodelled VMg in a real datasets. However, the987

sampling covariance was not clearly consistently affected by the actual underlying parameters.988

Figure S10 shows that when comparing the first three scenarios (no VA, varying levels of VMe989

and VMg) the range of sampling covariances was similar, and in fact the only scenario without990

VMg (scenario C), had the widest range of sampling covariance. The sampling covariance991

appeared to be affected by the presence of COVA,Mg (G, H, I and J), although again the992

range of these covariances was almost entirely covered by the scenario without VMg. Positive993

sampling covariances were rare, and interestingly only occurred when COVA,Mg was strong994

and positive (scenario H).995

In conclusion, the sampling covariance largely indicates the ability of the model to separate996

V̂A and V̂Mc, and so is strongly affects by factors such as the number of half siblings. The997

sampling covariance relates in some way to the risk of bias in VA, but is not affected is a998

clear way by the actual underlying parameters, and so cannot be used to assess whether the999
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estimates are likely to actually be biased.1000
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S7 Small pedigree simulations1001

In the main text, only the results from a single pedigree (small pedigree with unbiased immi-1002

gration) are shown. The results across all pedigree types were very highly correlated:1003

Table S2: Correlation between mean absolute error across scenarios in different pedigree
structures.

nI small fI small mI small uI small nI medium fI medium mI medium uI medium
nI small 1
fI small 0.966 1
mI small 0.973 0.976 1
uI small 0.976 0.978 0.983 1

nI medium 0.941 0.927 0.936 0.946 1
fI medium 0.952 0.978 0.972 0.98 0.954 1
mI medium 0.943 0.956 0.961 0.967 0.976 0.984 1
uI medium 0.949 0.974 0.972 0.975 0.969 0.992 0.991 1

Figures S11-S13 show the bias, precision and accuracy of V̂A, V̂M and V̂At across all scenarios1004

and pedigree structures.1005
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Figure S11: Bias, precision, relative precision and accuracy (measured as absolute mean error) in V̂A from 4 different models. from
simulations of small and medium sized pedigrees with varying immigration rates. Points show the metrics calculated for each of the 12
scenarios (see Table 3). M, N, U and F, stand for male-biased, no, unbiased and female-biased immigration respectively.
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S7.1 Estimates of V̂Mg and ˆCOV A,Mg in small pedigrees1006

In the main text we focus primarily on V̂A, V̂M and V̂At , and how running more complex1007

models affects the estimation of these parameters. As noted in the main text, V̂A was less1008

accurate in model 4 than model 3, in scenarios where there was no underlying VA (Figure 7).1009

This was predominantly due to a larger upward bias in V̂A in model 4. V̂A also showed an1010

upward bias in model 4 in scenarios where there was no VMg.1011

In Figure S14, we additionally consider V̂Mg and ˆCOV A,Mg. As with V̂A, V̂Mg was also more1012

upwardly biased in scenarios with no VMg in model 4 than model 3, a bias which was increased1013

at small sample sizes. In many scenarios, ˆCOV A,Mg estimated in model 4 was downwardly1014

biased. This was particularly pronounced in scenarios where there was no VA or VMg simulated,1015

and so no COVA,Mg, and again more so in small pedigrees. When measured as a correlation1016

(r̂A,Mg), we can see that this was quite a substantial bias, estimating moderate negative1017

correlations when none was simulated.1018

We suspect that this is a non-identifiability issue. In the presence of VMg and COVA,Mg, the1019

phenotypic variance is VP = VA+VMg +VMe+COVA,Mg +Vϵ (Willham, 1972). This means1020

that the same phenotypic variance can be described by low variances and no covariance, or1021

high variances and a negative covariance. Indeed, when there is a negative COVA,Mg, and we1022

do not model it, the model compensates by underestimating V̂A and V̂Mg (Figure S14).1023

At small sample sizes, the model clearly struggled to distinguish between these scenarios. As1024

the variances cannot be negative, this causes this uncertainty to be biased in one direction and1025

as a result the model overestimated the variances and estimated a negative covariance.1026
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S7.2 Root Mean Squared Error1027

Root mean squared error (RMSE) is another commonly used metric to assess accuracy (or a1028

measure of average directionless deviation from the true value). RMSE and mean absolute1029

error (MAE, as use din the main text) are very similar.1030

In this case the use of either metric makes no difference to the inference. The correla-1031

tion between the two metrics, measured across V̂A, V̂M and V̂At is very high (¿0.98; Figure1032

S15).1033

If we compare the figure below (Figure S16) with Figure 7 in the main text, we can see the1034

results are almost identical, and the inferences we would make are the same.1035
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Figure S16: Accuracy (measured as mean root mean squared error (RMSE)) of V̂A (A, B and
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S7.3 Model Convergence1036

Across all pedigrees, models 1-3 had no problems running in ASReml (i.e. occasional warnings1037

about singularities etc, but no errors). Only the models specifying a covariance had any1038

problems running. These models gave a convergence error in 8.65% of models. This was not1039

equally distributed across scenarios; scenarios with no simulated VA (scenarios 1-4) often did1040

not converge (15-25%), compared to under 5% in most other scenarios (Figure S17).1041
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Figure S17: Number of datasets for which model 4 converged (dark) and did not con-
verge(light), split by scenario (A) and pedigree type (B). M, N, U and F, stand for male-biased,
no, unbiased and female-biased immigration respectively. In A), scenarios 1-4 are highlighted
in red as these are the scenarios where no VA was simulated.

These are also the same scenarios in which model 3 clearly performs better than model 41042

(Figure S11). We wanted to make sure that the difference between these models wasn’t1043
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caused by including model 3 estimates from datasets where model 4 did not converge. The1044

mean absolute error in V̂A in Model 3 was systematically smaller in datasets where model 41045

did not converge than in datasets where model 4 did converge (Table S3). However, when1046

considering only the datasets that did converge, the mean absolute error was not functionally1047

different from the mean absolute error across all datasets, especially in comparison to the1048

mean absolute error in model 4. The large different in accuracy between these two models1049

under these scenarios is therefore not driven by converge problems in model 4.1050

Table S3: Mean absolute error across different subsets of model 3 and model 4 for scenarios
1-4.

Model 3 Model 4
Pedigree m4 not converged m4 converged all all
uI medium 0.0017 0.0580 0.0442 0.1265
uI small 0.0048 0.1093 0.0887 0.2165
fI medium 0.0011 0.0465 0.0383 0.1225
fI small 0.0028 0.1101 0.0924 0.2137
mI medium 0.0004 0.0514 0.0402 0.1205
mI small 0.0032 0.1005 0.0832 0.2190
nI medium 0.0002 0.0392 0.0309 0.1064
nI small 0.0002 0.0912 0.0753 0.2017
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S8 Full simulation results1051

In this section, the full results of all parameters estimated in all model are shown. Figures1052

S18-S29 show the results from the first set of simulations aimed at assessing the bias in simple1053

maternal effects models, with each plot showing the results from a different scenario (Table 3).1054

Figures S30-S41 show the results from the second set of simulations aimed at comparing the1055

performance of different models in small pedigrees, again with each plot showing a different1056

scenario.1057
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Figure S18: V̂A and V̂Mc for all simulated pedigrees from Scenario A ( VA =0, VMg =0.5, VMe =0,COVA,Mg =0 ). M, N, U and F, stand
for male-biased, no, unbiased and female-biased immigration respectively.
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Figure S19: V̂A and V̂Mc for all simulated pedigrees from Scenario B ( VA =0, VMg =0.25, VMe =0.25,COVA,Mg =0 ). M, N, U and F,
stand for male-biased, no, unbiased and female-biased immigration respectively.
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Figure S20: V̂A and V̂Mc for all simulated pedigrees from Scenario C ( VA =0, VMg =0, VMe =0.5,COVA,Mg =0 ). M, N, U and F, stand
for male-biased, no, unbiased and female-biased immigration respectively.
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Figure S21: V̂A and V̂Mc for all simulated pedigrees from Scenario D ( VA =0, VMg =0.25, VMe =0,COVA,Mg =0 ). M, N, U and F,
stand for male-biased, no, unbiased and female-biased immigration respectively.
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Figure S22: V̂A and V̂Mc for all simulated pedigrees from Scenario E ( VA =0.25, VMg =0.25, VMe =0.25,COVA,Mg =0 ). M, N, U and
F, stand for male-biased, no, unbiased and female-biased immigration respectively.
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Figure S23: V̂A and V̂Mc for all simulated pedigrees from Scenario F ( VA =0.25, VMg =0.25, VMe =0,COVA,Mg =0 ). M, N, U and F,
stand for male-biased, no, unbiased and female-biased immigration respectively.
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Figure S24: V̂A and V̂Mc for all simulated pedigrees from Scenario G ( VA =0.25, VMg =0.25, VMe =0,COVA,Mg =0.075 ). M, N, U and
F, stand for male-biased, no, unbiased and female-biased immigration respectively.
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Figure S25: V̂A and V̂Mc for all simulated pedigrees from Scenario H ( VA =0.25, VMg =0.25, VMe =0,COVA,Mg =0.15 ). M, N, U and
F, stand for male-biased, no, unbiased and female-biased immigration respectively.
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Figure S26: V̂A and V̂Mc for all simulated pedigrees from Scenario I ( VA =0.25, VMg =0.25, VMe =0,COVA,Mg =-0.075 ). M, N, U and
F, stand for male-biased, no, unbiased and female-biased immigration respectively.
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Figure S27: V̂A and V̂Mc for all simulated pedigrees from Scenario J ( VA =0.25, VMg =0.25, VMe =0,COVA,Mg =-0.15 ). M, N, U and
F, stand for male-biased, no, unbiased and female-biased immigration respectively.
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Figure S28: V̂A and V̂Mc for all simulated pedigrees from Scenario K ( VA =0.25, VMg =0, VMe =0,COVA,Mg =0 ). M, N, U and F,
stand for male-biased, no, unbiased and female-biased immigration respectively.
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Figure S29: V̂A and V̂Mc for all simulated pedigrees from Scenario L ( VA =0.25, VMg =0, VMe =0.25,COVA,Mg =0 ). M, N, U and F,
stand for male-biased, no, unbiased and female-biased immigration respectively.
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Figure S30: V̂A, V̂M , V̂Mg and ˆCOV A,Mg from small and medium sized pedigree simulations across all simulated pedigrees from Scenario
A ( VA =0, VMg =0.5, VMe =0,COVA,Mg =0 ). M, N, U and F, stand for male-biased, no, unbiased and female-biased immigration
respectively.
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Figure S31: V̂A, V̂M , V̂Mg and ˆCOV A,Mg from small and medium sized pedigree simulations across all simulated pedigrees from Scenario
B ( VA =0, VMg =0.25, VMe =0.25,COVA,Mg =0 ). M, N, U and F, stand for male-biased, no, unbiased and female-biased immigration
respectively.
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Figure S32: V̂A, V̂M , V̂Mg and ˆCOV A,Mg from small and medium sized pedigree simulations across all simulated pedigrees Scenario C ( VA

=0, VMg =0, VMe =0.5,COVA,Mg =0 ). M, N, U and F, stand for male-biased, no, unbiased and female-biased immigration respectively.
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Figure S33: V̂A, V̂M , V̂Mg and ˆCOV A,Mg from small and medium sized pedigree simulations across all simulated pedigrees from Scenario
D ( VA =0, VMg =0.25, VMe =0,COVA,Mg =0 ). M, N, U and F, stand for male-biased, no, unbiased and female-biased immigration
respectively.
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Figure S34: V̂A, V̂M , V̂Mg and ˆCOV A,Mg from small and medium sized pedigree simulations across all simulated pedigrees from Scenario
E ( VA =0.25, VMg =0.25, VMe =0.25,COVA,Mg =0 ). M, N, U and F, stand for male-biased, no, unbiased and female-biased immigration
respectively.
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Figure S35: V̂A, V̂M , V̂Mg and ˆCOV A,Mg from small and medium sized pedigree simulations across all simulated pedigrees from Scenario
F ( VA =0.25, VMg =0.25, VMe =0,COVA,Mg =0 ). M, N, U and F, stand for male-biased, no, unbiased and female-biased immigration
respectively.
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Figure S36: V̂A, V̂M , V̂Mg and ˆCOV A,Mg from small and medium sized pedigree simulations across all simulated pedigrees from Scenario G
( VA =0.25, VMg =0.25, VMe =0,COVA,Mg =0.075 ). M, N, U and F, stand for male-biased, no, unbiased and female-biased immigration
respectively.
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Figure S37: V̂A, V̂M , V̂Mg and ˆCOV A,Mg from small and medium sized pedigree simulations across all simulated pedigrees from Scenario
H ( VA =0.25, VMg =0.25, VMe =0,COVA,Mg =0.15 ). M, N, U and F, stand for male-biased, no, unbiased and female-biased immigration
respectively.
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Figure S38: V̂A, V̂M , V̂Mg and ˆCOV A,Mg from small and medium sized pedigree simulations across all simulated pedigrees from Scenario I
( VA =0.25, VMg =0.25, VMe =0,COVA,Mg =-0.075 ). M, N, U and F, stand for male-biased, no, unbiased and female-biased immigration
respectively.
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Figure S39: V̂A, V̂M , V̂Mg and ˆCOV A,Mg from small and medium sized pedigree simulations across all simulated pedigrees from Scenario J
( VA =0.25, VMg =0.25, VMe =0,COVA,Mg =-0.15 ). M, N, U and F, stand for male-biased, no, unbiased and female-biased immigration
respectively.
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Figure S40: V̂A, V̂M , V̂Mg and ˆCOV A,Mg from small and medium sized pedigree simulations across all simulated pedigrees from Scenario
K ( VA =0.25, VMg =0, VMe =0,COVA,Mg =0 ). M, N, U and F, stand for male-biased, no, unbiased and female-biased immigration
respectively.
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Figure S41: V̂A, V̂M , V̂Mg and ˆCOV A,Mg from small and medium sized pedigree simulations across all simulated pedigrees from Scenario
L ( VA =0.25, VMg =0, VMe =0.25,COVA,Mg =0 ). M, N, U and F, stand for male-biased, no, unbiased and female-biased immigration
respectively.
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