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centre-ville, Montréal Qc, H3C 3P8, Canada.17

8 Institute of Ecology and Evolution, Friedrich Schiller University Jena, Jena, Germany18

9 Gjærevoll Centre, Norwegian University of Science and Technology (NTNU), Trondheim,19

Norway20
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Abstract39

Estimating additive genetic variance (VA) is key to understanding evolutionary potential in40

wild populations. VA is commonly estimated using relatedness data from pedigrees in so-41

called ‘animal models’. The accuracy of these estimates depends strongly on information42

in the pedigree. Typically metrics describing pedigree structure (such as the number of43

individuals, maternities, pedigree depth etc.) are provided alongside VA estimates. However,44

what these metrics represent is not well understood. Here, we first explored the evolution of45

metric reporting. Then, using 53 wild pedigrees, we demonstrated that precision of heritability46

(h2; ratio of VA to total phenotypic variance) estimates was strongly predicted by pedigree47

size, but other metrics provided little additional information about precision. An seldom-used48

analytical approximation almost exactly reproduced simulated standard errors for h2 estimates49

from pedigrees and genomic relatedness matrices, offering an alternative to simulation-based50

power analysis for simple models. Although the utility of commonly reported metrics is limited51

for precision, they provide important information about risk of bias from confounding effects,52

which is valuable for planning future studies and assessing published ones. We demonstrated53

this using the example of unmodelled maternal effects. Future work on biases in h2 estimation54

should explicitly take pedigree structure into account.55

Keywords: pedigree, relatedness matrix, precision, risk of bias, wild population, additive56

genetic variance, heritability, simulation57
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1 Introduction58

Robustly estimating quantitative genetic parameters is essential to predict the evolutionary59

dynamics of populations and their ability to respond to environmental changes. Animal models60

are currently the most common method used to estimate additive genetic variance (VA) and61

covariance in traits in wild populations, and so to derive estimates of heritability (h2; the ratio62

of VA to total phenotypic variance) and evolvability (CVA; mean standardised VA), which are63

both used as measures of evolutionary potential. Animal models are a type of mixed model,64

that use information on relatedness between individuals, which historically has been estimated65

from pedigrees and, more recently, measured via genomic relatedness matrices (GRMs; which66

estimate the realised relatedness directly from genomic data) (Henderson, 1988; Kruuk, 2004;67

Perrier et al., 2018). Animal models are commonly cited as providing two main advantages68

compared to more traditional methods of estimating h2, such as parent-offspring regression69

and sibling analysis; first, by using information from all relationships in a pedigree, they70

should increase precision. Second, the mixed model structure allows us to account for many71

confounding effects (Kruuk, 2004; Kruuk & Hadfield, 2007), thereby reducing bias.72

As wild populations are very diverse, both in their biology and in how they are studied,73

the resulting structure of the pedigrees we create is hugely variable. Among other factors,74

pedigrees can be affected by the life-history of the population (e.g. number of offspring per75

mother), their mating system (e.g. resulting in varying numbers of full and half siblings),76

and patterns of dispersal (male or female biased) and immigration (affecting the number of77

founders) in the population, as well as how data has been collected. Studies of wild populations78

vary widely, meaning that pedigrees may be long and cover many generations, for example79

where a small isolated population is studied for a long time period (as in many large ungulate80

studies e.g. Pemberton et al., 2022), or wide and shallow if a subsample of a large population81

is studied for a short period of time, or has high rates of dispersal (as in many studies of82

passerine birds, e.g. blue tits and great tits).83

To summarise this diversity, metrics describing the characteristics of the pedigrees are84

4



often presented alongside published estimates of VA and h2 (which we will denote as V̂A and85

ĥ2, respectively). However, it is not always obvious what this reporting aims to provide and86

how it can be used to assess the reliability of these estimates. Generally speaking, these87

metrics should communicate ‘information’ about the pedigree more than the simple size of88

the pedigree (Morrissey & Wilson, 2010). Specifically, we might want these metrics to relate89

to the precision of ĥ2 and the risk of bias from unmodelled parameters.90

Simultaneously, the diversity of pedigree structure means that determining the sample91

sizes needed to estimate h2 well is often perceived as being difficult, and so power analysis92

is typically conducted via simulation (Quinn et al., 2006; Morrissey et al., 2007; Morrissey93

& Wilson, 2010). With complex models, and the use of Bayesian frameworks, this can be94

prohibitively time-consuming. Having other, less computationally expensive approaches to95

assessing power would therefore be very useful for study design. Studies of wild populations96

also typically contain a large variety of factors that can bias ĥ2. Often these are not accounted97

for, either because they are unknown or unmeasurable. In addition to providing information98

on precision of ĥ2, the structure of the pedigree will likely determine the risk of bias from99

such unmodelled confounding effects. For example, pedigree gaps are known to affect bias100

in ĥ2 (Wolak & Reid, 2017), and pedigree structure can affect the degree of bias in ĥ2 from101

unmodelled common environment effects Kruuk & Hadfield (2007) and maternal genetic102

effects Pick et al. (2025b).103

Historically, reported pedigree metrics have been quite limited (e.g. the total number104

of records, the total number of maternal and paternal links, and total number of cohorts or105

maximum number of generations). Morrissey & Wilson (2010) suggested presenting additional106

metrics, and provided an R package to calculate them (pedantics, now available in an updated107

form as pedtricks; Martin et al., 2026), with the aim to ‘help us to better understand the108

implications of variation in pedigree structure’. As well as an extended set of metrics describing109

the different relationships within the pedigree, these metrics also included a description of the110

relatedness (or A) matrix. However, the precise interpretation of many of these metrics has111
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not been formally articulated. In our experience, many researchers present them as a matter112

of habit, rather than because of the precise information they contain.113

Another major contribution of Morrissey & Wilson (2010) was to demonstrate the im-114

portance of reporting metrics relating to pruned pedigrees, where uninformative individuals115

(those that have no phenotype and are related to less than 2 other individuals in the pedi-116

gree, i.e. they don’t link individuals together) are removed. However, not all individuals in117

a pruned pedigree are phenotyped and the proportion of unphenotyped individuals will vary118

across studies. Consequently, metrics relating to a pruned pedigree may still not reflect the119

information available to estimate h2, as only the phenotyped individuals are informative.120

With the advent of relatively cheap genomic sequencing, an increasing number of studies121

use genomic relatedness matrices (GRMs) to estimate quantitative genetic parameters. Fol-122

lowing this increase, additional metrics have been developed in human genetics for estimating123

precision of ĥ2 that refer to the relatedness matrix directly. Two metrics in particular have124

the potential to be very useful. First, Visscher et al. (2014) developed an approximation of125

the sampling variance of heritability based on the sample size and variance in relatedness126

alone, which is also available in an easy-to-use web app (GCTA-GREML power calculator;127

https://shiny.cnsgenomics.com/gctaPower/). However, it should be noted that this128

metric was specifically developed for GRMs generated from unrelated samples, common in129

human genetics, and so may not work well with relatedness matrices from wild pedigrees130

focussed on family units. Second, Visscher & Goddard (2015) derived an approximation of131

the sampling variance of ĥ2 based on the eigenvalues of the relatedness matrix. This second132

approximation relaxes the assumption of an unrelated population and so may be more suit-133

able to studies of wild population. Both methods are particularly appealing, as they can be134

applied to both relatedness matrices from pedigrees and GRMs from genomic data. To our135

knowledge, these metrics have remained largely restricted to the human genetics and animal136

breeding literature and, outside of the use of GRMs, evolutionary ecologists have not picked137

up on their utility.138
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Here, we first conduct a literature review to assess how commonly different pedigree met-139

rics are reported in studies estimating h2 using animal models in wild populations, and how140

this reporting has evolved over time. Second, using a collection of 53 published pedigrees, we141

systematically evaluate how these metrics relate to both precision and minimum detectable142

effect size of ĥ2. We demonstrate that considering metrics relating to the phenotyped individ-143

uals is more important than considering all individuals in the full or pruned pedigree. Third,144

we illustrate how the same metrics that are useful to describe precision in a pedigree may145

be very different in a GRM, depending on how a population has been sampled. Finally, we146

discuss the potential of these metrics as indicators of the ‘risk of bias’ in ĥ2 estimates from147

unmodelled confounding factors, using the example of bias caused by common environmental148

effects.149

2 Methods150

All simulations and analysis were carried out in R (version 4.4.0; R Core Team, 2024). In the151

reporting and description of our methods, we follow the MeRIT guidelines (Nakagawa et al.,152

2023).153

2.1 Reporting of metrics154

To get a sample of studies using animal models in the wild, we used a database of heritability155

estimates up to April 2020 (Young & Postma, 2023b), compiled by Young & Postma (2023a).156

From this database, we took all studies that reported heritability using animal models (n=167),157

which included studies from 1992 to 2020. There are some limitations to this database. First,158

it focuses on birds and mammals only. This reflects the well-described sampling bias in favour159

of vertebrates present across evolutionary ecology (Rosenthal et al., 2017), and has potential160

implications for the generality of our inferences (Dochtermann et al., 2026). Second, it updates161

the database compiled by Postma (2014) using only the papers that cite Wilson et al. (2010),162
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which will be a subset of all available papers using animal models. While this database is163

potentially biased toward papers likely to report metrics (due to shared authors between Wilson164

et al. 2010 and Morrissey & Wilson 2010), it potentially represents a ‘best-case’ summary of165

metric reporting.166

These papers were reviewed by JLP, BC, PA, AC, DR, HS, CT and . We recorded whether167

they reported any metrics about the pedigree, and if so, which metrics. We classified metrics168

into groups; number of records, maternities or paternities (i.e. the number of individuals with169

a given parent), metrics relating to types of siblings or grandparents, number of founders,170

sibship size, pedigree depth (mean and max), metrics relating to inbreeding, and metrics171

relating to the mean and distribution of relatedness (including proportion of links > 0.25172

etc.). Given that a large focus of Morrissey & Wilson (2010) was to promote simulations to173

assess power (see also Morrissey et al., 2007) and the importance of pedigree pruning, we also174

noted if the studies mentioned pedigree pruning or the use of simulations. We note that just175

because pruning and simulations are not mentioned in the manuscript, it does not mean that176

they were not done. Finally, we recorded whether the studies provided an archived pedigree177

or (inverse) relatedness (or A) matrix.178

As well as generating descriptive statistics, we looked qualitatively at whether the use of179

these metrics changed over time - we would expect that the reporting of more diverse metrics,180

pruning and simulation would increase after 2010 with the publication of Morrissey & Wilson181

(2010).182

2.2 Collating pedigrees183

We wanted to collate a sample of pedigrees that was broadly representative of those used184

to estimate h2 in the wild. To this end, JLP downloaded pedigrees from all the studies in185

our initial search that had a pedigree available online. This provided us with 27 pedigrees186

(Bonnet et al., 2017; Bourret & Garant, 2016; Class et al., 2019, 2020; Edme et al., 2018;187

Fisher, 2019; Fletcher et al., 2015; Fletcher, 2017; Kimock et al., 2019; Kvalnes et al., 2016a;188
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Malenfant et al., 2022; Martin et al., 2017; Nicolaus et al., 2016; Petelle et al., 2015; Pigeon189

et al., 2022; Poissant et al., 2016; Reed et al., 2016; Sakaluk et al., 2014; Stedman et al.,190

2017; Tarka et al., 2013; Teplitsky et al., 2011; vonHoldt et al., 2020; Wheelwright et al.,191

2014; Zub et al., 2012; Zedrosser, 2019). To increase the number of pedigrees in our sample,192

JLP also searched the term ‘pedigree’ on the dryad repository on 31/10/2024. These records193

were screened to determine which were associated with studies estimating genetic variation in194

the wild, and that had a pedigree in the repository. This provided an additional 26 pedigrees195

(Bauch et al., 2021; Becker et al., 2015; Bérénos et al., 2014; Bolund et al., 2013; Class &196

Brommer, 2020a; Firth et al., 2015; Foley et al., 2020; Fracasso et al., 2021; Gauzere et al.,197

2020; Germain et al., 2017; Godoy et al., 2022; Husby et al., 2012; Kim et al., 2013; Kvalnes198

et al., 2016b; Mazé-Guilmo et al., 2015; McFarlane et al., 2015; Messel Nafstad et al., 2023;199

Morrissey et al., 2022; Munds et al., 2022; Olsson et al., 2023; Ramakers et al., 2019; Sauve200

et al., 2019; Sparks et al., 2022; Vedder, 2021; Westneat et al., 2023; Winney et al., 2019),201

which were also mainly composed of bird and mammal pedigrees, with one fish and one202

reptile pedigree. Overall, we had 53 pedigrees from 34 species (see Figure S2 for a description203

of the variation in pedigree sizes across taxa). For the purposes of our analysis, we assume204

throughout that these pedigrees are error-free. In reality, this is unlikely to be the case. Whilst205

this may present a source of bias in itself, this is not one we can easily assess, and is not206

the purpose of our study. Here, we are simply interested in having a representative sample of207

pedigrees that are used to estimate h2 in wild populations.208

2.3 Calculation of pedigree metrics209

For each of the 53 pedigrees, JLP calculated the metrics presented in Morrissey & Wilson210

(2010, Table 1), using the pedtricks package (version 0.5.0 Martin et al., 2026). We then211

compared the relationship between these pedigree metrics. As many of these metrics are212

counts or proportions with very low means, and all have defined ranges excluding negative213

values, we present the metrics on the log scale. We added 0.5 to any count-based metrics that214
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included values of 0 (maternal half-sibs, paternal half-sibs, all grandparent metrics, non-zero215

F and F > 0.125) prior to log transformation (Yamamura, 1999).216

In addition to these metrics that are often presented in wild quantitative genetics studies,217

we calculated the two additional metrics that provide analytical approximations of the sampling218

variance of ĥ2 and so give a direct measure of precision. Based on Visscher et al. (2014), we219

calculated220

var(ĥ2) ≈ 2

N2var(r)
(1)

where N is the number of individuals in the pedigree and r is the pairwise relatedness. We221

calculated the variance in relatedness based on all values in the lower triangle of the A matrix.222

As above, we note that the derivation of this metric assumes that variation in relatedness is223

small (e.g. when individuals are unrelated, as in large human databases; discussed further in224

Visscher et al. 2014), and so may not accurately predict the sampling variance of heritability225

with wild pedigrees, where data collection is focussed on family units and so relatedness is226

much higher. Based on Visscher & Goddard (2015), we also calculated227

var(ĥ2) ≈ 2/(a− b2/N) (2)

, where228

a = Σ
(λ− 1)2

(1 + h2(λ− 1))2
(3)

b = Σ
(λ− 1)

(1 + h2(λ− 1))
(4)

, where h2 is the heritability (VA/VP ) and λ is the eigenvalues of the A matrix (a function to229

calculate this from a pedigree is also provided in the pedtricks package version 0.5.0; Martin230

et al., 2026). This second analytical approximation relaxes the low relatedness assumption231

and is therefore likely more suitable for application to wild populations. We present the square232

root of both these measures (i.e. an approximation of the expected standard error) and refer233

to these as SE
(1)

ĥ2
and SE

(2)

ĥ2
, respectively. In both cases, A matrices were generated using234
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the nadiv R package (version 2.18.0 Wolak, 2012).235

2.4 Pedigree metrics and precision in h2
236

To assess how well the metrics predicted precision, JLP estimated the expected standard237

error for a heritability of 0.3 for each pedigree via simulation using the squidSim R package238

(version 0.2.6 Pick et al., 2025a). We chose 0.3 as it reflects the mean ĥ2 from various239

syntheses of ĥ2 across studies and traits (e.g. Postma, 2014; Young & Postma, 2023a). We240

also tested whether our results were sensitive to this choice by repeating the simulations with241

a h2 of 0.1 and 0.5, which are presented in the supplements (S3.1). In the simulations,242

all individuals in the pedigree have a phenotype. Although this is unlikely in real datasets,243

this is essentially the underlying assumption for the reported metrics to be meaningful. We244

note that no studies in our sample of 167 distinguished between relationships in the (pruned)245

pedigree, and relationships between phenotyped individuals (although this has been done246

elsewhere Reid et al., 2014; Acker et al., 2023). Our simulations also assumed that all the247

founders/immigrants comprised a single unstructured population which might not be realistic,248

although is typically assumed in animal models.249

For each pedigree, JLP simulated 1000 datasets and then estimated V̂A for each simulated250

dataset with an animal model using gremlin (version 1.1.0; Wolak, 2024), and from this derived251

ĥ2 as V̂A

V̂A+V̂E
, where V̂E is the estimate of residual variance. The expected standard error was252

then estimated as the standard deviation of the sampling distribution of the ĥ2 for each253

pedigree. We then compared how well each of the metrics predicted the expected standard254

error using the adjusted R2 value derived from a linear model (using the lm function in R).255

These comparisons were also made on the log scale and, as above, we added 0.5 to any256

metrics that had a pedigree with a value of 0, prior to log transformation (Yamamura, 1999).257
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2.5 Minimum detectable effect size258

We additionally estimated the minimum detectable effect size (here ĥ2) for each pedigree.259

This value represents the smallest effect size that can be found to be statistically significant260

at a given alpha level for a given pedigree, and approximates the effect size for which the261

statistical power is 50%. Simulations were performed as above, this time with a simulated h2
262

of 0. The sampling distribution of the ĥ2 from these datasets represents the null distribution.263

The minimum detectable effect for an alpha value of 0.05 was then calculated as the upper264

95% quantile of the null distribution of ĥ2 for a pedigree. As above, we compared how well265

the different pedigree metrics predicted the minimum detectable heritability, on the log scale.266

2.6 Reporting metrics for phenotyped individuals267

As stated in the sections above, we have been assuming that all individuals are phenotyped,268

which is unlikely in real datasets. We further explored this limitation by comparing the expected269

standard error of ĥ2 for datasets with and without missing phenotypic information. To this270

end, we considered a scenario in which juvenile phenotypes are only collected on individuals271

born into a population, meaning that only individuals with a known mother have a phenotype272

and so all founders/immigrants do not have a phenotype (similar to Kruuk & Hadfield (2007)273

and Pick et al. (2025b)).274

JLP created pruned pedigrees for these phenotyped individuals; these were very similar275

to the original pedigrees, but excluded any founders without offspring. As above, JLP then276

simulated 1000 datasets for each of these pruned pedigrees, with a h2 of 0.3, with phenotypes277

for all individuals. These datasets were analysed both with the full dataset and then again278

with the reduced dataset where only those with mothers have a phenotype. Depending on the279

pedigree there was between a 2% and 82% reduction in sample size. We then compared how280

well the number of records, the number of phenotyped individuals, and the second analytical281

approximation of SE (SE
(2)

ĥ2
) calculated both on the A matrix from all individuals and on the282
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A matrix of just the phenotyped individuals predicted the sampling variance, estimated from283

the sampling distribution of ĥ2 (as above).284

2.7 Genomic Relatedness Matrices285

Whereas a relatedness matrix from a pedigree represents the expected relatedness among in-286

dividuals based on pedigree information alone, a GRM represents an estimate of the realised287

relatedness among all individuals, and provides more fine-scale variation in relatedness for any288

known given relationship, such as among siblings. GRMs are therefore being used both in289

systems that have pedigrees (or would be amenable to creating one), and in systems where290

generating any pedigree would be impossible. Consequently, the structure of the relatedness291

matrix may vary a lot, compared to the typical family-based pedigree study. For example, ran-292

domly sampling a small proportion of individuals in a large population may result in sampling293

few closely related individuals, similar to studies typically used in human genomics. Here, the294

size of the GRM (i.e. number of individuals) may no longer be very predictive of the precision295

of ĥ2.296

To explore the relationship between precision of ĥ2 and GRM size, we used six pub-297

lished GRMs that have been used to estimate h2 in a variety of life-history, behavioural and298

fitness-related traits. As this analysis was designed to be illustrative, we did not system-299

atically search for GRMs, rather used ones from studies known to us. These GRMs were300

expected to vary considerably due to how populations were sampled, and we believe this301

sample represents a range of data structures that are likely to exist in GRM estimation in302

wild populations. First, we used three GRMs from a set of studies with population sampling303

similar to that where we would have a pedigree, where the goal is often to try to catch ev-304

erybody; Soay sheep (Ovis aries, Regan et al. 2020, data: Regan et al. 2019), eastern water305

dragons (Intellagama lesueurii, Strickland et al. 2021b, data: Strickland et al. 2021a) and306

Koalas (Phascolarctos cinereus, Cristescu et al. 2022, data: Strickland et al. 2022). Sec-307

ond, we used two GRMs from mark-recapture systems where we expect a lower proportion308
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of individuals to be caught; roe deer (Capreolus capreolus, Gervais et al. 2020a, data: Ger-309

vais et al. 2020b) and Tasmanian devil (Sarcophilus harrisii, Strickland et al. 2024, data:310

https://github.com/kashastrickland/tasdevils_adaptivepotential). Finally, we311

used a GRM from a population of Stickleback (Gasterosteus aculeatus, Strickland et al. 2023b,312

data: Strickland et al. 2023a), which was generated through random sampling of individuals313

in a massive population, where we expect the relatedness among individuals to be very low.314

JLP estimated the sampling variance of ĥ2 for these six GRMs, using simulations in the315

same way as above, with a simulated h2 of 0.3, as well as the second analytical approxima-316

tion of SE (SE
(2)

ĥ2
; Visscher & Goddard, 2015). GRMs are covariance matrices, and so we317

expect them to be symmetric and positive definite. Due to the way GRMs are calculated318

and stored, this is not always the case. None of the GRMs were positive definite and some319

were not symmetric (likely due to floating point errors), and so we used functions from the320

Matrix package (Version 1.7-3; Bates et al., 2025) to approximate symmetric, positive definite321

matrices. Note that SE
(2)

ĥ2
can be calculated without a positive definite matrix, which can322

make quite different approximations of SE (see Section S5), and so we recommend to correct323

GRMs before using these methods. We then compared both SE
(2)

ĥ2
and the sample size with324

the expected standard error of ĥ2 from the simulation for both the 53 pedigrees and the 6325

GRMs. We expected that 1) this analytical approximation would be a good predictor of the326

expected standard error for both GRMs and pedigrees, as it captures the relatedness structure327

of the data, and 2) the sample size would not be a good predictor of the expected standard328

error for the GRMs, as they are much more variable in structure then pedigrees.329

2.8 Pedigree metrics and bias in ĥ2
330

The structure of the pedigree will likely determine the risk of bias in ĥ2 from unmodelled331

confounding effects (Kruuk & Hadfield, 2007; Wolak & Reid, 2017; Pick et al., 2025b). To332

properly assess which metrics predict the size of bias from different unmodelled effects, we333

would have to conduct a much more extensive study, and systematically vary the pedigree334
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structure using simulations to untangle which parts of the pedigree structure affect each335

type of bias in isolation (for example, see Pick et al., 2025b). Here, we simply wanted to336

highlight that these metrics may be useful for assessing risk of bias. We therefore present337

a demonstrative example of how some of these metrics can be used to predict the bias in338

ĥ2 caused by unmodelled maternal environment effects, a bias that is well known (Kruuk &339

Hadfield, 2007).340

To this end, JLP simulated 500 datasets for each pedigree with h2=0.1 and maternal341

environment variance of 0.2. A model estimating only VA was then run on each dataset (i.e.342

we did not model the maternal effects). Bias in the ĥ2 was calculated as 1
n

∑
(θ̂k − θ) (where343

θ is the true value (i.e. 0.1), θ̂k is the model estimate of h2 from the kth simulation, and n344

is the number of simulations). We then assessed which metrics predicted the bias, again with345

the metrics on the log scale.346

3 Results347

3.1 Reporting practices348

A summary of reporting practices is shown in Figure 1. 146 of the 167 studies presented349

some pedigree metrics. Nearly all the studies that reported metrics presented the number of350

records, and most also presented maternities/paternities. A considerable number presented a351

pedigree depth metric (most commonly maximum pedigree depth). The reporting of other352

metrics was less common. As predicted, the frequency with which several metrics are pre-353

sented has changed since the publication of Morrissey & Wilson 2010; the diversity of metrics354

presented has increased, with increases in average distribution of relatedness, siblings and355

sibship size, grandparents, inbreeding and number of founders (Figure S1), but the proportion356

of publications presenting no metrics also increased (Figure S1).357

Only a small proportion of papers have an accompanying pedigree or A matrix (Figure358
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Figure 1: Pedigree metric reporting practices. a) shows the number of papers (out of a total of 167) that
present each category of metric. b) The number of papers in each year. The proportion of papers providing
a pedigree, or A matrix (c), reporting the use of pre-study simulations (d), and mentioning pedigree pruning
(e).

1b,c). This has also changed over time, with a clear and sustained increase in the availability359

of pedigree data from 2010 (Figure 1c), matching the introduction of Joint Data Archiving360

Policy to many journals in ecology and evolution in 2010 (https://doi.org/10.25504/361

FAIRsharing.z67ht2). Few studies mention simulations, but this is clearly more prevalent362

after the publication of Morrissey & Wilson 2010 (Figure 1d). Discussion of pedigree pruning363

is more common, but still nowhere near ubiquitous. This again is much more prevalent after364

2010, although the initial increase in reporting occurred prior to 2010 (Figure 1e).365

3.2 Relationships between pedigree metrics366

There was a more than 100-fold difference in pedigree size across our sample of 53 pedigrees,367

from 210 to 25,156 individuals. The count based relationships metrics (e.g. number of368

records, maternities, siblings etc) were all very highly positively correlated across the 53369

pedigrees (Figure 2); in other words, the number of relationships of all kinds scales strongly370

with pedigree size (Figure 2). There was some finer scale clustering within these metrics; the371

close family relationship metrics (maternities, paternities, siblings) all clustered together, as372
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did the grandparents metrics.373

There were generally lower correlations between the count based relationship metrics and374

other metrics, indicating they provide some independent information from pedigree size. Again375

groups of related metrics were all highly correlated within each other; the sibship size metrics,376

the inbreeding metrics, and the A matrix based metrics (Figure 2). The relatedness metrics377

were also negatively correlated to the pedigree size metrics. Such correlation is expected since378

when pedigrees get bigger, for every single new close relationship, you add a disproportion-379

ate number of 0s. The number of grandparents metrics were all highly correlated with the380

inbreeding metrics and pedigree depth; this is also to be expected - inbreeding can only be381

detected with grandparents (as otherwise the relatedness of parents is unknown), and similarly382

the grandparents and the number of detected inbreeding events will increase with pedigree383

depth.384
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Figure 2: Correlations between pedigree metrics (See table 1 for abbreviations). Colour represents the strength
and direction of the correlation, and the size of squares additionally reflects correlation strength. The boxes
overlaying the correlation plot represent and illustrative clustering analysis using the R package corrplot (Wei
& Simko, 2021), which captures a similar grouping of metrics as shown in different colours in Figure 1a.

3.3 Predictive power for precision in ĥ2
385

The sample size of the pedigree alone (e.g. total records) was a good predictor of precision386

in ĥ2 (Figure 3a, S3). This might be expected to some extent, given the variation in pedigree387

size across pedigrees used in wild studies. The best predictor from the pedantics metrics was388

the number of maternities (Figures 3, S3). This metric essentially reflects the number of389
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individuals that are ’linked’ into the pedigree. In this regard, the number of individuals with390

at least one parent might better capture this. We note that in this sample of pedigrees, the391

number of maternities is extremely highly correlated with the number of individuals with at392

least one parent (r=0.998), most likely because in many of these systems, if only one parent393

is known it is much more likely to be the mother, as most commonly observed systems have394

maternal care, meaning the mother is more likely to be identified. As there is an asymptotic395

relationship between maternities and expected SE of ĥ2, when considering the number of396

maternities on an untransformed scale, we can see that there is only a small change in SE397

after around 2000 maternities (Figure 3b), compared to the rapid drop in precision for pedigree398

sizes below that size (although note that this will be very dependent on the underlying effect399

size, and the distribution of the data). These relationships are quantitatively similar when400

calculated with a h2 of 0.1 and 0.5 (Figure S4).401
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Figure 3: a) Strength of the relationship between the pedantics metrics and the expected standard error of

ĥ2 (based on simulations with an h2 of 0.3), across 53 wild pedigrees. Adjusted R2 values are coloured based
on the strength of the relationship. b) Relationship between the expected standard error and the number of
maternities. Red line shows the model prediction from a simple linear model. For clarity, the X axis is limited
to 10,000, and so the figure does not show the pedigree with >20,000 maternities.

The second analytical approximation of the expected standard error of ĥ2 (SE
(2)

ĥ2
, equation402

2; Visscher & Goddard, 2015) was an almost perfect predictor of the precision in ĥ2 in a simple403
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animal model (Figure 4b), regardless of the h2 (Figure S5). It is therefore robust to the404

structure and low sample sizes of wild pedigrees. This approximation also has the advantage405

that it predicts the actual SE (see comparison with 1:1 line in Figure 4b). As expected, the406

first analytical approximation (SE
(1)

ĥ2
, equation 1; Visscher et al., 2014) was a much poorer407

predictor of precision in ĥ2, both in terms of R2 but also in terms of the deviation from 1:1408

line (Figure 4a), consistently underestimating SE, especially at low sample sizes. Indeed the409

predictive power of this metric (measured as R2) was lower than the number of maternities.410

This was consistent as h2 changed (Figure S5) with predictions being slightly stronger at lower411

h2.412
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Figure 4: Relationship between the two analytical approximations of the SE of ĥ2 and the expected standard

error of ĥ2 based on simulations, across 53 wild pedigrees. SE
(2)

ĥ2
and the simulations were run with an h2 of

0.3. The black line represents the 1:1 relationship.

3.3.1 Minimum detectable effect size413

Similarly, the number of maternities was highly predictive of the minimum detectable ĥ2
414

(Figure 5). Interestingly, the number of records was far less predictive of the minimum415

detectable effect size than for precision.416
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Figure 5: a) Strength of the relationship between the pedantics metrics and the minimum detectable effect
size, across 53 wild pedigrees. Adjusted R2 values are coloured based on the strength of the relationship. b)
Relationship between the minimum detectable effect size and the number of maternities. Red line shows the
model prediction from a simple linear model. For clarity, the X axis is limited to 10,000, and so the figure
does not show the pedigree with >20,000 maternities.

3.3.2 Reporting metrics for phenotyped individuals417

When we have phenotypic data for a subset of individuals in the pedigree but use metrics418

based on the whole pedigree (even after pruning), the metrics’ ability to predict precision419

of ĥ2 breaks down (blue points in Figure 6), particularly in smaller pedigrees. Using the420

number of phenotyped individuals (orange points), rather than the number of individuals in421

the pedigree (blue points), provides a similar relationship between the metric and precision to422

when the data is available for all individuals in the pedigree (black points). This demonstrates423

that when not all individuals in the pedigree have a phenotype, the metrics referring to the424

whole pedigree (even when pruned) will not always capture the expected precision of ĥ2,425

especially when the pedigree is small. It also suggests that, for a typical wild pedigree, the426

number of phenotyped individuals alone provides a very crude measure of precision of ĥ2.427

Note that in this scenario, all individuals with a phenotype also have a parent in the pedigree,428

so the number of phenotyped individuals is very close to the number of individuals with a429

parent. This would look very different if many individuals with a phenotype were founders, as430
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then this number would not link closely to the number of individuals that are linked into the431

pedigree/have a parent or close relative.432
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Figure 6: How well a) the number of individuals (records) and b) SE
(2)

ĥ2
predict the the expected SE of ĥ2

based on two scenarios, 1) when all individuals in the pedigree have a phenotype (black points; similar to
simulations in previous section), and 2) when only a subset of individuals have a phenotype, where expected

SE of ĥ2 was compared with both metrics for the full pedigree (blue points), and metrics from the phenotyped
individuals only (orange points). h2 = 0.3 in all the simulations. Black line in b) is the 1:1 line.

3.3.3 GRMs433

When comparing pedigrees with GRMs, we can see that the number of records in a GRM434

is much less predictive of the expected standard error of ĥ2 (Figure 7a), with much more435

variation in the standard error for a given size of GRM than pedigree. For example, taking436

only pedigrees/GRMs with between 400 and 600 records (five pedigrees, three GRMs), the437

expected SE of the pedigrees varied between 0.081 and 0.165 (twofold variation), whereas438

the GRMs varied between 0.058 and 0.344 (nearly sixfold variation). Generally, the GRMs439

have slightly lower SE, compared with pedigrees, which we might expect in systems with440

similar sampling to pedigree based systems, as the GRMs are dense matrices with information441

about the realised relatedness of all individuals, compared to the sparse pedigree based A442

matrix. This benefit is much greater in absolute terms at smaller sample sizes, and becomes443
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negligible at large sample sizes (note the axes in Figure 7a are on the log scale). However,444

the stickleback GRM (with very few related individuals) has a much higher standard error445

for its size, as does the Roe deer GRM from a mark-recapture system, although to a lesser446

extent. These disparities reflect the importance of sampling strategy on the precision in ĥ2
447

from a GRM. Unsurprisingly, SE
(2)

ĥ2
is also a very good predictor of SE with the GRMs, as448

with pedigrees (Figure 7b).449
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Figure 7: Relationship between the expected standard error of ĥ2 based on simulations with a) number of
records (N) and b) approximate standard error based on the Visscher & Goddard 2015. Expected standard

error and SE
(2)

ĥ2
are based on a h2 of 0.3. Values generated from pedigrees are in black and GRMs are in

colour. Black line in b) is the 1:1 line.

3.4 Predictive power for bias in ĥ2
450

The mean maternal (to a lesser extent paternal) sibship size was the metric most strongly451

related to the size of the bias (Figure 8). This is perhaps unsurprising because high maternal452

sibship size means that a large amount of information is coming from maternal sibling com-453

parisons compared to parent-offspring comparisons, and the former are confounded with the454

maternal effects. Furthermore, in larger maternal sibships, more individuals share the same455

confounding maternal effects, than when sibships are smaller. More generally, this serves to456

demonstrate that these pedigree metrics can provide information about the risk of different457
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biases.458
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Figure 8: a) Strength of the relationship between the pedantics metrics and the bias in ĥ2 (based on simulations
with h2 = 0.1 and m2 = 0.2), across 53 wild pedigrees. R2 values are coloured based on the strength of the
relationship. b) Relationship between the expected standard error and the number of maternities. Red line
shows the model prediction from a simple linear model.

4 Discussion459

Here we show that, in typical pedigrees found in long-term studies of wild populations, the size460

of the pedigree is highly predictive of the precision of ĥ2. Although we think of wild pedigrees461

as being highly variable, they are typically based on studies of close family units, meaning that462

there are large numbers of highly related individuals (parent-offspring and siblings; r=0.25-463

0.5), which are the most informative for estimating h2. It is likely that wild pedigrees vary most464

in the relative proportion of more distant relationship, which matter much less for estimating465

h2 precisely. We also highlight a direct analytical approximation of the sampling variance of466

ĥ2 (SE
(2)

ĥ2
) based on the relatedness (A) matrix, which has been seldom used in studies of wild467

populations. This analytical approximation almost perfectly predicts the sampling variance of468

ĥ2, it can be used for both pedigrees and genomic relatedness matrices (GRMs), and remains469

accurate at low sample sizes. Whilst Morrissey & Wilson (2010) correctly point out that the470
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pruned pedigree is most relevant when presenting appropriate pedigree metrics, we further471

demonstrate that when not all individuals have a phenotype, the metrics are more relevant472

in the context of the individuals with phenotypes rather than the whole pedigree (even when473

pruned). Finally, we demonstrate that these pedigree metrics can be especially useful to assess474

the risk of bias in ĥ2, as differences in pedigree structure likely reflect variation in key sources475

of confounding effects from unmodelled parameters.476

4.1 Using pedigree metrics as an indicator of precision477

Similar to a post-hoc power analysis, presenting metrics for the purpose of representing the478

expected precision of ĥ2 from a given pedigree is largely redundant after the analysis of479

interest has been conducted, as the analysis already provides an estimate of the uncertainty480

(e.g. the SE of the estimate). This means that assessing the expected precision of ĥ2 is481

mainly useful pre-analysis, as part of planning the study or analyses. It is important to note482

that the results we present here are based on the expected standard error for a h2 of 0.3, from483

a model with a simple random effect structure, and Gaussian error distribution. Using more484

complex distributions will strongly affect the standard errors of variance components in mixed485

models (e.g. Pick et al., 2023), and so any rule of thumb taken here should not be directly486

extrapolated to more complex models.487

There are several additional reasons these metrics may be useful post-hoc. First, when488

power is low, we are unlikely to find statistical support for small effect sizes. A metric related489

to power and precision is the minimum detectable effect size (also referred to as the critical490

effect size), which tells us what effect size would be detectable as statistically significant for a491

given pedigree. Such a metric can be useful post-hoc as it allows statistically “non-significant”492

results to be put into context of what could be detected with the pedigree at hand. Here we493

show that there is also a tight correspondence between the number of maternities and the494

minimum detectable ĥ2, which may allow future studies to assess the minimum detectable495

effect without doing simulations, and equally allow us to assess this in published literature496
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where simulations are not an option. As with precision, the minimum detectable effect is also497

useful for planning studies, with the similar caveat that the specific patterns we present here498

are only relevant for the models we explored. Second, low power can also lead to systematic499

upward biases in variance estimation in mixed models (Pick et al., 2023). This bias has a500

tight relationship with precision, and so these metrics may allow us to assess the risk of that501

bias in future work without doing simulations, and assess it in already published studies.502

4.2 Presenting metrics as indicators of risk of bias503

Perhaps most importantly, as well as telling us about precision, these metrics will likely tell504

us about the risk of bias in ĥ2 from different confounding sources. Estimating h2 in wild505

populations is difficult, as there are many confounding factors. Often these are not accounted506

for, either because they are unknown or unmeasurable. Often, different types of individuals507

encounter different confounding effects, and so the structure of a pedigree may tell us about508

the risk of bias. Here, we show that the mean maternal sibship size is a strong predictor of509

the bias from unmodelled maternal effects. This common environment is often (although not510

ubiquitously) accounted for and so may not be so much of a problem. However, there are511

many other sources of confounding effects that may not be commonly accounted for, and the512

other pedigree metrics typically reported may be descriptive of these biases. We therefore,513

advocate for continuing to publish these metrics alongside estimates of VA and h2 (for example514

as a supplementary table), as they may be useful for future synthesis work, especially when515

the respective pedigrees have not been archived (see next section). Future work focussing on516

how these metrics relate to different biases would be extremely useful.517

A handful of other studies have also shown metrics that describe biases. For example,518

Kruuk & Hadfield (2007) showed that bias in ĥ2 from unmodelled common environment519

effects is affected by both dispersal and pedigree depth in two pedigree structures (passerine520

bird and ungulate), but note that pedigree depth and pedigree size were confounded in this521

study. The impact of pedigree depth found may therefore relate to the maternal sibship size522
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effect we show here; with overlapping generations, as the number of years monitored increased523

(pedigree depth), the maternal sibship size will also increase (as females will have offspring524

over multiple years). Pick et al. (2025b) also investigated biases from unmodelled maternal525

genetic effects and found that the proportion of non-sibling maternal links (individual related526

via their mothers that are not siblings, e.g. cousins whose mothers are sisters) predicts the risk527

of bias from unmodelled maternal genetic effects, as the covariance between these individual528

is in part due to maternal genetic variation. In both cases, the risk of bias can be assessed by529

knowing the relative number of individuals who share confounding effects.530

Dominance is another obvious source of confounding variation that may be predicted531

by pedigree structure. Dominance variance contributes to the covariance between both full532

siblings and double first cousin (e.g. Lynch & Walsh, 1998; Wolak & Keller, 2014) (the latter533

likely being rare in natural populations)/ Consequently, not modelling dominance variance can534

inflate ĥ2 (Class & Brommer, 2020b), although we are not aware of simulation studies that535

explore how the bias is affected by pedigree structure, but presumably the proportion of full536

siblings compared to other informative relationships that do not share dominance variance will537

be key to predicting risk of bias.538

4.3 Reporting practices539

Our data show that pedigrees have only begun to be made available in recent years, and there540

is still a high proportion of quantitative genetic studies that do not archive a pedigree alongside541

their study. The importance of these pedigrees as a resource cannot be understated. Not only542

do they allow for data re-use, full analytical transparency and computational reproducibility543

(Pick et al., 2026), but it may be that we do not currently report a metric that we will find544

to be useful with future work. For example, Pick et al. (2025b) show that the proportion of545

non-sibling maternal links predicts the risk of bias in VA estimates from unmodelled maternal546

genetic effects, but this is not a metric that we commonly report. With a pedigree available,547

this metric can be calculated, and the risk of bias assessed. We therefore advocate that a548

28



pruned pedigree should be archived alongside a given study, as this will allow biases to be fully549

assessed. Currently only a minority of studies do this (Figure 1c), despite many journals in550

ecology and evolution mandating data deposition. We understand maintainers of long-term551

studies may have reservations about this (e.g. Mills et al., 2015), but note that a pruned552

pedigree can be used for little else than reproducing the study in question (for example,553

it cannot be used to calculate lifetime reproductive success because not all individuals are554

contained within it, only those that provide informative links). We also note that there is555

an increasing trend in archiving (inverse) A matrices derived from pedigrees (Figure 1c).556

Although these allow for computational reproducibility, they cannot be used to calculate any557

relationship-based metrics, limiting their future utility.558

4.4 Genomic Relatedness Matrices559

Given the increase in the availability of genomic data from many wild populations, there has560

been an increasing use of GRMs for quantitative genetic studies. This approach, in theory,561

allows researchers to go to any population, record phenotypes and take genetic samples, and562

then estimate h2 with no further information (Frentiu et al., 2008). In systems where a high563

proportion of individuals of known relatedness are phenotyped, GRMs can also provide gains564

in precision for the same number of phenotype individuals, due to the high resolution of re-565

latedness information, although in absolute terms this gain reduces quickly as pedigree size566

increases. GRMs can also be useful in systems where pedigrees are available, but there is567

high pedigree error due to extra-pair paternities. Here, we show the analytical approxima-568

tion of Visscher & Goddard (2015, SE
(2)

ĥ2
) can be effectively used to predict precision from569

any relatedness matrix; both those derived from pedigrees and GRMs. However, the strong570

relationship between the number of phenotyped individuals and sampling variance does not571

necessarily hold for systems where genotyped individuals may represent a small, random sam-572

ple of a population. Therefore, although we may be able to make rule of thumb suggestions573

about sample size in pedigree based studies, this will be much more problematic in studies574
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based on GRMs made from less structured population sampling (as in the case with the stick-575

leback GRM presented here; Figure 7), without prior knowledge of the resulting relatedness576

structure. When planning a GRM based study, it is therefore important to consider sam-577

pling design, and to try and maximise sets of related individuals (for example by capturing578

individuals at close proximity of each other).579

Whilst GRMs offer a lot of promise for being able to estimate h2 in the wild without580

needing long-term individual based studies, we should take caution with a simple GRM ap-581

proach. Without a pedigree and detailed population monitoring, we do not know the specific582

relationships among individuals, which allows to either correct for many common confounders583

(e.g. common environment effects), or infer the risk of bias. Such studies, therefore, come584

with a clear caveat that ĥ2 may well be inflated, and we cannot assess the degree to which585

this might occur. Methods have been developed in human genetic to deal with this; for ex-586

ample, additionally fitting a restricted GRM capturing closer family relationships to remove587

confounders such as maternal effects and dominance, with relationship below a certain thresh-588

old set to 0 (Zaitlen et al., 2013). To our knowledge, this method has currently only had589

limited application in wild populations (James et al., 2024; Strickland et al., 2024). There are590

several important caveats to this methods. First, it appears to be sensitive to the particular591

threshold used (James et al., 2024; Strickland et al., 2024). Second, its applicability at small592

sample sizes is not well known; James et al. (2024) used 8500 individuals and human studies593

use many more. Finally, this method removes part of the heritable variation that may be of594

direct interest to evolutionary biologists; for example, whilst ĥ2 may be unbiased, this method595

removes maternal genetic effects, which are important to quantify evolutionary potential. We596

note that we might expect less biases in ĥ2 from shared environments in scenarios where a597

large population is being randomly sampled (such as the stickleback population here).598
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4.5 Use of these metrics outside of estimating h2
599

Our focus here has been entirely on the estimation of h2. Although this is perhaps the most600

commonly estimated quantitative genetic parameter using pedigree information, many other601

parameters can also be estimated using such information. The pedigree metrics considered602

here will undoubtedly provide information about the estimation of these other parameters.603

Perhaps the most obvious additional parameter is dominance variance, although the metrics604

that best predict this would need to be identified. Whilst this has not been explicitly tested,605

it seems a safe assumption that the analytical approximation provided by Visscher & Goddard606

(2015, here referred to as SE
(2)

ĥ2
) would also work as an approximation of the SE for estimates607

of dominance variance, as this modelled in the same way, using a dominance matrix instead of608

a relatedness matrix as a covariance structure for a set of random effects. Indeed, this metric609

should work to provide an approximation of the SE for any variance estimates derived from610

a covariance matrix included in a similar way in a mixed model (e.g. accounting for spatial611

autocorrelation, home-range overlap, social similarity Thomson et al., 2018).612

Similarly, these metrics may also provide information about the precision of genetic corre-613

lation estimates from multi-response animal models. Whilst these parameters are estimated614

with much more uncertainty, and their precision additionally depends on the heritability of615

both traits, we would expect that metrics presented here would scale in a similar way with the616

precision of genetic correlation estimates as with the SE of ĥ2. In other words, the precision of617

genetic correlation estimates likely scales closely with the number of individuals with a known618

parent in the pedigree. This is because, as with the precision of h2 estimates, their estimation619

comes down to how well individual breeding values can be estimated, and the information620

available to do this. This may be further complicated by not all individuals having phenotypes621

for both traits, with between sex covariances being the extreme example in which no individual622

expresses both phenotypes. Visscher et al. (2014) provide an approximation of the sampling623

variance of genetic correlation estimates based on the variance in relatedness, sample size and624

heritabilities of the two traits. As with their approximation of the sampling variance of ĥ2
625
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(SE
(1)

ĥ2
), this is designed for GRMs generated from unrelated samples, and is less accurate at626

the small sample sizes we expect in natural populations (Visscher et al., 2014). No extension627

of second approximation of sampling variance of ĥ2 (SE
(2)

ĥ2
; Visscher & Goddard, 2015) to628

genetic correlations has yet been made. It would be interesting for future work to explore how629

all these metrics may relate to precision in these more complex models.630
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Box 1: A Roadmap for Pedigree reporting
Planning a Study

• Ideally, perform simulations with your pedigree to assess precision and risk of bias in ĥ2.

• If simulation is not an option:

– The analytical approximation of Visscher & Goddard (2015) provides a good esti-

mate of the expected SE of ĥ2 for simple models. With more complex models and
distributions the SE will be larger, but this will give a lower bound.

– The number of individuals with a known parent will also give a reasonable approx-
imation of expected SE of ĥ2.

– Metrics associated with known biases can be used to identify the risk of bias when
certain confounding factors are not modelled.

• Metrics may give information about other parameters, such as dominance variance, but
more work is needed. The analytical approximation of Visscher & Goddard (2015) likely
predicts the expected SE of variance estimates associated with any covariance structure.

• Compute metrics and analytical approximations on the phenotyped individuals, not the
whole (pruned) pedigree.

Good reporting practices

• Archive the pruned pedigree alongside the data.

– This allows any new metric to be calculated post-hoc.

– It allows for simulations to assess risk of bias or minimum detectable effect size.

• Relatedness matrices allow the models to be re-run, but do not provide the information
about how individuals are related that is needed to assess risk of bias. Pruned pedigrees
should therefore be archived over relatedness matrices.

• Pedigree metrics should be reported alongside the study (for example in the Supple-
ments), as they provide an indication of risk of bias from unmodelled confounders.

Assessing previously published papers

• Metrics can tell you about risk of bias from unmodelled confounding effects, and may
allow you to assess the minimum detectable effect size.

Future simulations studies

• Future studies examining biases in ĥ2 (and other parameters) should take pedigree
structure into account, and identify metrics that describe risk of bias.

• Future studies could explore how well these metrics and approximations predict sampling
variance in more complex models and for more parameters, e.g., dominance variance,
genetic correlations etc.

631
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4.6 Conclusions632

Due to the way that we typically collect data in wild populations, the precision of ĥ2 is633

very highly correlated with the number of maternities (which, in these systems, strongly634

represents the number of individuals with at least one parent). We further highlight an635

analytical approximation of the sampling variance of ĥ2, that works extremely well with wild636

pedigrees and GRMs, and may provide an alternative to simulation based power analysis for637

simple animal models. Other commonly reported pedigree metrics provide little additional638

information about the precision of ĥ2. However, we recommend that researchers continue to639

present detailed metrics as they can likely tell us about risk of bias for ĥ2. Generally, more work640

needs to be done to link bias in ĥ2 to pedigree structure. Archiving pruned pedigree alongside641

every study will allow us maximum flexibility in the future to assess risk of bias. Although642

GRMs offer a powerful way of estimating quantitative genetic parameters in wild populations,643

care needs to be taken when additional information about the potential confounding factors644

is missing.645
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M.E., Wanless, S., Westneat, D.F., Wilson, A.J. & Zedrosser, A. (2015) Archiving Primary806

Data: Solutions for Long-Term Studies. Trends in Ecology & Evolution, 30, 581–589.807

https://dx.doi.org/10.1016/j.tree.2015.07.006.808

Morrissey, M.B., Wilson, A.J., Pemberton, J.M. & Ferguson, M.M. (2007) A framework809

for power and sensitivity analyses for quantitative genetic studies of natural populations,810

and case studies in Soay sheep (Ovis aries). Journal of Evolutionary Biology, 20, 2309–811

2321. eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1111/j.1420-9101.2007.01412.x,812

https://dx.doi.org/10.1111/j.1420-9101.2007.01412.x.813

Morrissey, M.B., Walling, C.A., Wilson, A.J., Pemberton, J.M., Clutton-Brock, T.H. & Kruuk,814

L.E.B. (2022) Data from: Genetic analysis of life-history constraint and evolution in a wild815

ungulate population. Artwork Size: 28821 bytes Pages: 28821 bytes.816

Morrissey, M.B. & Wilson, A.J. (2010) pedantics: an r package for pedigree-based genetic817

simulation and pedigree manipulation, characterization and viewing. Molecular Ecology818

Resources, 10, 711–719. eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1111/j.1755-819

0998.2009.02817.x, https://dx.doi.org/10.1111/j.1755-0998.2009.02817.x.820

Munds, R.A., Cooper, E., Janiak, M.C., Lam, L.G., DeCasien, A., Baumann Surratt, S.,821

Montague, M., Martinez, M., Kawamura, S., Higham, J.P. & Melin, A.D. (2022) Rhesus822

macaque cone ratio heritability. Artwork Size: 614670 bytes Pages: 614670 bytes.823

41



Nakagawa, S., Ivimey-Cook, E.R., Grainger, M.J., O’Dea, R.E., Burke, S., Drobniak, S.M.,824

Gould, E., Macartney, E.L., Martinig, A.R., Morrison, K., Paquet, M., Pick, J.L., Pottier,825

P., Ricolfi, L., Wilkinson, D.P., Willcox, A., Williams, C., Wilson, L.A.B., Windecker, S.M.,826

Yang, Y. & Lagisz, M. (2023) Method Reporting with Initials for Transparency (MeRIT)827

promotes more granularity and accountability for author contributions. Nature Communica-828

tions, 14, 1788. Publisher: Nature Publishing Group, https://dx.doi.org/10.1038/s41467-829

023-37039-1.830

Nicolaus, M., Piault, R., Ubels, R., Tinbergen, J.M. & Dingemanse, N.J. (2016) Data from:831

The correlation between colouration and exploration behaviour varies across hierarchical832

levels in a wild passerine bird. Artwork Size: 705265 bytes Pages: 705265 bytes.833

Olsson, M., Lindsay, W., Bererhi, B., Ljungström, G. & Erik, W. (2023) Pedigree and phe-834

notypic variables used for estimation of heritability of sand lizard badge size and condition.835

Artwork Size: 390502 bytes Pages: 390502 bytes.836

Pemberton, J.M., Kruuk, L.E.B. & Clutton-Brock, T. (2022) The Unusual Value of Long-Term837

Studies of Individuals: The Example of the Isle of Rum Red Deer Project. Annual Review of838

Ecology, Evolution, and Systematics, 53, 327–351. https://dx.doi.org/10.1146/annurev-839

ecolsys-012722-024041.840

Perrier, C., Delahaie, B. & Charmantier, A. (2018) Heritability estimates from genomewide re-841

latedness matrices in wild populations: Application to a passerine, using a small sample size.842

Molecular Ecology Resources, 18, 838–853. https://dx.doi.org/10.1111/1755-0998.12886.843

Petelle, M.B., Martin, J.G.A. & Blumstein, D.T. (2015) Data from: Heritability and genetic844

correlations of personality traits in a wild population of yellow-bellied marmots (Marmota845

flaviventris). Artwork Size: 785128 bytes Pages: 785128 bytes.846

Pick, J.L., Allegue, H., Ajoy, Y.G.A., Class, B., Dochtermann, N.A., Ivimey-Cook, E.R.,847
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Figure S1: Changes in the reporting of different metrics over time. Red point represent up until 2010 when
pedantics was published, and blue represents after 2010.
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S2 Pedigrees
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Figure S2: Size and taxa of the 53 pedigrees used in the study. Individual boxplots show the range of sample
sizes within each taxa (coloured boxes) and species (grey boxes). Numbers in brackets show how many
pedigrees there were per species.
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S3 Metrics and precision
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Figure S3: Relationship between expected standard error of ĥ2 (based on simulations, where h2 = 0.3) and different descriptive pedigree metrics, across 53 wild
pedigrees. Note that axes are on the log scale.
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S3.1 Sensitivity Analyses

To assess that the relationships between the different metrics and expected standard error

of ĥ2 are not dependent on the heritability we used in our simulations, we additionally ran

simulations with heritabilities of 0.1 and 0.5.
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Figure S4: R2 of regression of expected SE of ĥ2 (from simulations) and pedigree metrics, across varying
simulated h2

We also assessed how well SE
(1)

ĥ2
and SE

(2)

ĥ2
predicted across varying h2.
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Figure S5: Relationship between the two analytical approximations of the SE of ĥ2 (SE
(1)

ĥ2
and SE

(2)

ĥ2
) and

the expected standard error of ĥ2 based on simulations, across 53 wild pedigrees. SE
(2)

ĥ2
and the simulations

were run with across three h2s: 0.1, 0.3 and 0.5. The black line represents the 1:1 relationship.7



S4 Metrics and minimum detectable effect
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Figure S6: Relationship between minimum detectable effect (based on simulations) and different descriptive pedigree metrics, across 53 wild pedigrees. Note that
axes are on the log scale.
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S5 GRMs
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Figure S7: Comparison between SE
(2)

ĥ2
calculated with raw GRMs and SE

(2)

ĥ2
calculated from GRMs that

have been made positive definite (adjusted). The difference here comes from the raw GRMs have negative
eigenvalues, which inflates the variance in the eigenvalues, whereas the adjustment to make them positive
definite caps the eigenvalue at 0.
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Figure S8: Relationship between the bias in ĥ2 from unmodelled maternal effects, based on simulations with h2 = 0.1 and m2 = 0.2, and different descriptive
pedigree metrics, across 53 wild pedigrees.Note that axes are on the log scale.
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