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Abstract The heritability of a quantitative trait is a
key parameter to quantify the genetic variation present
in a population. Although estimates of heritability re-
quire accurate information on the genetic relationship
among individuals, pedigree data is generally lacking in
natural populations. Nowadays, the increasing avail-
ability of DNA markers is making possible the esti-
mation of coancestries from neutral molecular
information. In 1996, K. Ritland developed an
approach to estimate heritability from the regression of
the phenotypic similarity on the marker-based coan-
cestry. We carried out simulations to analyze the
accuracy of the estimates of heritability obtained by
this method using information from a variable number
of neutral codominant markers. Because the main
application of the estimator is on populations with no
family structure, such as natural populations, its accu-
racy was tested under this scenario. However, the
method was also investigated under other scenarios, in
order to test the influence of different factors (family
structure, assortative mating and phenotypic selection)
on the precision. Our results suggest that the main
factor causing a directional bias in the estimated
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heritability is the presence of phenotypic selection, and
that very noisy estimates are obtained in the absence of
a familiar structure and for small population sizes. The
estimated heritabilities from marker-based coances-
tries showed lower accuracy than the estimated herit-
abilities from genealogical coancestries. However, a
large amount of bias occurred even in the most
favourable situation where genealogical coancestries
are known. The results also indicate that the molecular
markers are more suitable to infer coancestry than
inbreeding.

Keywords Molecular markers - Kinship - Coancestry -
Quantitative trait - Inbreeding

Introduction

The knowledge of the genetic architecture of pheno-
typic traits provides information on the ability of a
population to evolve under natural and artificial
selection. The amount of genetic variability for quan-
titative traits, usually summarised by the heritability
(the ratio of the additive genetic variance to the phe-
notypic variance), is a central quantitative genetic
parameter of importance in evolutionary, conservation
and animal and plant breeding contexts (Falconer and
Mackay 1996; Frankham etal. 2002). However,
obtaining estimates of heritability from natural or un-
managed populations is not an easy task. One of the
main problems is that the conventional techniques
available to estimate variance and covariance compo-
nents require accurate information on the genetic
relationship among individuals. This is accomplished
when pedigree information of the population under
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study is available, but for most natural and captive
populations, genealogical information is absent (Lynch
and Walsh 1998). Only in special cases, pedigrees can
be determined from data of mating activities, but this
usually requires long-term intensive observation (see
Merild et al. 2001; Garant et al. 2004) and still may not
be entirely reliable.

Throughout the most recent years, the extensive
development and application of highly polymorphic
molecular markers (especially microsatellites) has
proven highly valuable, particularly in the population
and conservation genetics fields (Avise 1994; Frank-
ham et al. 2002). Such markers have been used in
parentage analyses, providing a high power to infer
paternities (Avise et al. 2002; Blouin 2003). Accord-
ingly, several coancestry estimators have been devel-
oped to measure pairwise coancestries using the
molecular information provided by different types of
markers, particularly the codominant microsatellites.
Most of them were described and compared by Lynch
and Ritland (1999), Wang (2002), Toro et al. (2002)
and Oliehoek et al. (2006). Other type of relatedness
estimators involving an explicit pedigree reconstruc-
tion have also been developed (Butler et al. 2004;
Wang 2004; Fernandez and Toro 2006).

Once techniques to estimate coancestry from
molecular information are being routinely applied, the
next movement is to obtain estimates of evolutionary
related parameters, including quantitative genetic
characteristics as the heritability. Ritland (1996a; 2000)
suggested an approach to quantify additive genetic
variance from the covariance between pairwise relat-
edness estimated from molecular markers and pheno-
typic similarity. The estimator is justified because in a
simple setting of independent families the pairwise
intraclass correlation, defined as the correlation aver-
aged over all possible pairs of observations, is an esti-
mator of the heritability (Kempthorne 1957; Donner
and Kovall 1980). This method seems easily applicable
and appealing, as it is based on the determination of
this simple relationship between phenotype and geno-
type. The approach, obviously, does not require spec-
ification of an explicit pedigree or prior knowledge of
population structure (Garant and Kruuk 2005). In the
original procedure, coancestry was calculated using a
method of moments estimator (Ritland 1996b).

Alternatively, if prior information is available on
population structure, likelihood-based procedures may
be implemented, in which pairs are placed into a pre-
determined population structure according to the
probability of observing their genotype and phenotype
(Mousseau et al. 1998; Thomas et al. 2000, 2002).
A third approach involves an explicit reconstruction of
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groups of a certain coancestry, which can then be used
as pedigree information in a standard quantitative
genetic analysis. This method is usually performed
using Markov chain Monte Carlo (MCMC) procedures
to reconstruct sibships within a single generation
(Thomas and Hill 2000; Thomas et al. 2002; Blouin
2003).

Ritland’s method (1996a, 2000) was well suited for
studies of plants, given that they are sedentary and
show passive dispersal. It was first applied on a wild
population of yellow monkeyflowers (Mimulus gutta-
tus) by Ritland and Ritland (1996). In this study, there
was available data on 10 quantitative characters and 10
polymorphic allozymic loci showing that, for many
characters, the marker-based estimates of heritability
were higher than the non-marker estimates, and
sometimes outside the parameter space (> 1). In con-
trast, a recent study on the same species failed to find
significant heritabilities for similar characters (Van
Kleunen and Ritland 2004). Despite its great intuitive
appeal, an unexpectedly reduced number of cases
applying this method have been published either on
plant or animal populations. Most representative
examples are in Oncorhynchus tshawytscha (Mousseau
et al. 1998), Ovis aries (Thomas et al. 2002), and
Oncorhynchus mykiss (Wilson et al. 2003). Klaper
et al. (2001), estimating the heritability of phenolic
compounds in a population of Quercus laevis, showed
that the method failed to estimate heritability because
of the low and rather uniform coancestry among indi-
viduals. A substantial actual variance in coancestry
seems to be required for the method to be successful,
implying a broad range of relation degrees. This is
something problematic in studies of natural popula-
tions, suggesting that the limited number of experi-
mental applications of this method could be probably
attributed to the low actual variance of coancestry
found in most sampled populations (Garant and Kruuk
2005). This could also contribute to the reduced accu-
racy and unreliable parameter estimation reported in
the published empirical studies (Mousseau et al. 1998;
Klaper et al. 2001; Thomas et al. 2002; Wilson et al.
2003).

In this paper, we present a simulation study to
evaluate the accuracy and behaviour of the narrow
sense heritability estimated by the Ritland’s regression
method considering different population scenarios.
These include different numbers of neutral codominant
molecular markers available, different population
structures and management population regimes (pres-
ence or absence of selection). As a collateral result, the
accuracy of the estimates of coancestry based on
molecular markers is also tested in order to infer
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whether it has implications on the performance of the
heritability estimator in some scenarios.

Method and simulations
Genealogical coancestry

The coancestry coefficient between individuals i and j
(f4.5) is defined as the probability that an allele ran-
domly drawn from individual i is identical by descent
(IBD) to another allele randomly drawn from indi-
vidual j at the same autosomal locus (Malécot 1948),
and it is calculated from pedigrees.

Marker-based coancestry

Accordingly, it is also possible to define the molecular
coancestry applying the Malécot’s (1948) definition to
the marker loci. Thus, the molecular coancestry be-
tween individuals i and j (fjs;;) is the probability that
two alleles taken at random, one from each individual,
are equal (identical by state, /BS). This probability can
be calculated separately for each allele / at each locus k
(fm.ijk1), comparing each allele of individual i with those
of individual j, and adding up to obtain fy .
Throughout k& markers, the molecular coancestry can
be obtained as the arithmetic mean over marker loci.

From the above molecular coancestry values, dif-
ferent estimators have been proposed to infer the
genealogical coancestries. In the present study, we will
use the estimator originally proposed by Ritland
(1996b) because, to our knowledge, it is the only one
for which a correction for its actual variance is de-
scribed. This estimator, that will be called marker-
based coancestry henceforth, is obtained from

ZL ny i —pl
s k £l Pl

o )

where L is the number of marker loci, ny is the number
of alleles at the locus k, py; is the frequency of allele / at
locus k in the base population, and (n,~1) is the
weighting factor for each locus. Usually, the allele
frequencies of the base population are not available,
and then the current population allele frequencies are
to be used. This estimator assumes that the correlation
among the estimates of different loci is zero.

3

Heritability estimation procedure

The basis of the estimator proposed by Ritland (1996a;
2000) is as follows. The phenotypic similarity for a

given quantitative trait X between individuals i and j
(i # j)is calculated as

L, X=X -X)
ij — 02 )
X

where X; is the phenotypic value for individual i, and X
and ¢% are the mean and variance of the phenotypic
trait X in the population. If shared phenotypes are
determined by shared genes and environments, Z;; may
also be expressed as

Zi/‘ = Zf,']‘hz +r.+ €ij,

where f; is the genealogical coancestry, r. is a
correlation due to shared environments, and e; is the
residual error. As the above equation shows a linear
relation, estimates of heritability can be obtained from
a regression approach wusing the coancestries
(genealogical coancestries or marker-based
coancestries) and the phenotypic similarities of pairs
of individuals. When relationships are estimated from
markers (fr) the estimates of heritability are obtained
from

. coV(Zifr)
Mol — PN
2 x var(fr)

where cov(Z, fr) is the covariance between the phe-
notypic similarity and the estimated marker-based
coancestry, and var(fg) is the actual variance of the
estimated coancestries (described in detail by Ritland
1996a, 2000). The measure of this variance is critical,
because usually there is a mixture of different rela-
tives, such as full sibs, half sibs, first cousins, etc.,
along with unrelated individuals. The marker-based
coancestry estimators usually exhibit a high sampling
variance (Van de Casteele et al. 2001; Rodriguez-
Ramilo et al. 2006), thus implying a downwardly
biased estimated heritability by the Ritland’s method.
Therefore, it is important to use the actual variance to
reduce this bias.

Simulations
Trait under study

A quantitative trait was simulated to be controlled by
120 biallelic loci. The initial allele frequencies were
p = q = 0.5, and the genotypes were generated in
Hardy-Weinberg and linkage equilibrium. For each
locus, the corresponding genotypic values of the
genotypes AA, Aa and aa were 5.0, 3.5 and 2.0,
respectively, and individual genotypic values were
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obtained from the sum over loci. The individual phe-
notypic value was obtained adding, to the genotypic
value, an environmental deviation sampled from a
normal distribution with mean zero and a variance
such that the initial trait heritability was h* = 0.1 or
0.5.

Markers

Ten, 20 or 100 neutral codominant marker loci were
simulated. At each marker locus there were initially six
alleles at equal frequencies, with genotypes generated
in Hardy—-Weinberg and linkage equilibrium. Free
recombination was assumed along the whole genome.

Population structure

Two population sizes (N = 50 or 500) with equal
numbers of males and females were considered. Pop-
ulation size was constant along 10 non-overlapping
generations in two possible scenarios (see Fig. 1). In
the first scenario, the population was not structured in
families, contributions of parents to progeny were free,
and mating was at random. In the second scenario, the
population included a family structure, where 5 or 50
full-sib families (for N = 50 or 500, respectively) were
obtained through equal contributions of parents to the
next generation (10 offspring per family). The parents
of each family were chosen at random or selected
according to their phenotypic value (the male and fe-
male per family with the largest phenotypic value). The
mating procedure in the second scenario, where the
population had a family structure, was random or
assortative. In this latter case, random selected males
and females were sorted according to their genealogi-
cal coancestry and mated in sequence, with the

N=50
! N=500 |
NO FAMILY STRUCTURE FAMILY STRUCTURE
Random contributions 5-50 families

Random mating 10 offspring / family

PHENOTYPIC SELECTION
of parents

RANDOM SELECTION
of parents

Random mating of
selected individuals

Assortative mating attending
to f, to increase its variance

Random mating of
selected individuals

Fig. 1 Procedure followed to design the different population
scenarios where the heritability was evaluated. f,: genealogical
coancestry
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objective of increasing the variance of genealogical
coancestries between individuals.

Measured parameters

In order to assess the accuracy and bias of the herita-
bility estimator, several parameters were evaluated in
each analyzed population: (1) the true heritability
(h%1ue), obtained from the simulations as the ratio of
additive genetic variance to the phenotypic variance at
the particular generation and scenario considered; (2)
the regression heritability estimated from the genea-
logical coancestries (hj.q); and (3) the regression her-
itability estimated from the marker-based coancestries
(hiflol)'

The indicators of accuracy used were (1) the bias,
i.e. the difference between the genealogical (hpeq) or
marker-based heritability (h%), and the true herita-
bility (hfue); and (2) the squared error, the squared
difference between hp.q or hio and hrye, i.€. (h%ed—
h%me)2 and analogously for K310 Each parameter was
evaluated after 1 and 10 generations (short and long-
term evaluations, respectively). The number of simu-
lation runs in each situation was always 100.

A full-factorial ANOV A was carried out using SPSS
12.0 to test the significance between factors. This in-
cluded number of marker loci (10, 20 or 100), initial
trait heritability (0.1 or 0.5), type of coancestry
(genealogical or marker-based), population size (50 or
500), generation (1 or 10), selection system (random or
phenotypic), population structure (structured or not)
and mating regime (random or assortative).

The coefficient of determination and the regression
coefficient of the genealogical coancestry on the mar-
ker-based coancestry were also analysed. These
parameters were calculated for the coancestries be-
tween pairs of individuals and for the self-coancestries
(coancestry of one individual with itself) separately,
since the latter is a measure of the inbreeding coeffi-
cient (F) of the individual (F; = 2f;~1).

Results

The results of the full factorial ANOVA for the bias
and the squared error are given in Table 1. The
interaction factors between the sources of variation are
not shown in the table for clarity. The number of
markers, the type of coancestry and the mating regime
factors were non-significant for the bias, whereas the
generation, and the selection and mating regime
factors were non-significant for the squared error. All
other factors showed significant effects.
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Table 1 Main factors of the full factorial ANOVA carried out
for the bias and the squared error of heritability estimates

Factors df SS MS F p
Bias

Markers 2 0.326 0.163 1.347 0.260
Heritability 1 2.457 2.457 20.283 0.000
Coancestry 1 0.005 0.005 0.038 0.846
Population size 1 3.409 3.409 28.145 0.000
Generation 1 3.119 3.119 25.752 0.000
Selection 1 7.785 7.785 64.272 0.000
Structure 1 0.587 0.587 4.846 0.028
Mating 1 0.023 0.023 0.188 0.665
Error 19014 2303.158 0.121

Total 19200 2392.069

Squared error

Markers 2 25.235 12.618  89.053 0.000
Heritability 1 11.224 11224 79.218 0.000
Coancestry 1 53.280 53280  376.038  0.000
Population size 1 64.063 64.063  452.141  0.000
Generation 1 0.219 0.219 1.548 0.213
Selection 1 0.047 0.047 0.335 0.563
Structure 1 142.090  142.090 1002.841 0.000
Mating 1 0.024 0.024 0.171 0.680
Error 19014 2694.045 0.142

Total 19200 3697.977

The average bias and the average squared error of
the estimated heritabilities for the diverse population
scenarios considered are shown in Tables 2 and 3,
respectively, and the distributions of the biases for the
different factors are illustrated in Fig. 2. A clear con-
sistent downward bias in the estimates of heritability is

Table 2 Average bias of the estimated heritabilities (x10?)

observed under phenotypic selection and high initial
trait heritability, irrespective of the heritability esti-
mator, the population size or the generation number
(Table 2). This bias is also apparent in the box plot
corresponding to the selection factor in Fig. 2. Other
significant average upward biases refer to the case for
hpea, N = 50, generation 10 and random selection,
particularly for high initial trait heritability, as well as
for M3, with 20 markers and generation 10 in
unstructured populations (Table 2). These average
biases are responsible for the significance of the bias
for different factors in the ANOVA of Table 1. Nev-
ertheless, there is not a clear overall tendency for a
positive or negative sign of the biases, except for the
aforementioned phenotypic selection factor (see
Fig. 2).

The largest noises in the estimates were detected for
unstructured populations and reduced populations si-
zes (Table 3 and Fig. 2). In addition, a high initial trait
heritability, a reduced number of molecular markers,
and marker-based estimated heritabilities implied
more variable estimates than a low initial heritability, a
larger number of markers and genealogical estimated
heritabilities, respectively. The generation number,
and the selection and mating regimes did not affect the
variance of the bias, as evidenced by the lack of sig-
nificance in the ANOVA results of Table 1. Note that
the variance of the biases obtained from the marker-
based estimated heritabilities was larger than those
from pedigree-based heritabilities, as expected, but

Scenario N 50 500
Structure NO YES NO YES
Selection Random Random Random Phenotype Random Random Random Phenotype
Mating Random Random Assortative Random Random Random Assortative Random
Generation Markers hz h%’cd h%/lol h%cd hi/lol hlz’cd hi/[nl h%’cd hi/lol h%’cd hﬁ/lol h%’cd hlz\/lol h%’cd hﬁ/lol hlz’cd h%’[ol
1 10 0.1 2 -7 0 0 0 -1 0 1 1 1 0 2 0 2 -1 2
0.5 -1 -16 2 3 -1 -4 -10* -10¥ 0 4 2 4 0 4 —11* -12%*
20 0.1 3 14 2 2 1 1 -1 -1 -1 -9 1 0 1 2 0 0
0.5 3 11 2 3 0 1 -14* -13* -1 -5 1 1 0 2 —11* —12%*
100 0.1 3 5 3 3 1 1 -1 -1 -1 -3 0 1 0 0 0 0
0.5 3 9 3 2 4 3 -14* -13* -2 3 1 2 0 1 -10% -11%*
10 10 0.1 2 0 8 3 4 1 9% 6 1 8 1 0 1 1 0 0
0.5 1 8 21 2 15% -1 -1 5 1 12 2 1 1 2 —14% —14*
20 0.1 10 21* 3* -1 6 2 2 3 0 1 1 0 -1 -1 0 0
0.5 11 28 18+ -7 18* 3 3 -10% 2 7 3 1 -5 3  -12% -12%
100 0.1 2 3 1 -5 2 0 4 0 0 2 1 1 0 0 -1 -1
0.5 -1 4 18* 27 13 -1 1mnm 3 -1 3 2 1 -1 0 —12% -13*%

N: population size; h* simulated initial trait heritability; h3.q: estimated heritability from genealogical coancestry; hio: estimated
heritability from marker-based coancestry; * statistically significant difference between the estimated heritability and the true one

(Meue) (p < 0.03)
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Table 3 Average squared error of the estimated heritabilities (x107)

Scenario N 50 500
Structure NO YES NO YES
Selection Random Random Random Phenotype Random Random Random Phenotype
Mating Random Random Assortative Random Random Random Assortative Random
Generation Markers hz hl%ed hlzvlol h%ed hi/Iol h%ed h%/[ol hl%ed hi/lol h%ed hi/lol h%ed h%/lol h%’ed hIZVIol h%ed h%/[ol
1 10 0.1 16 72 3 5 4 5 4 6 2 78 0 1 0 2 0 2
0.5 20 94 9 15 13 16 9 1 3 89 1 4 1 5 2 5
20 0.1 26 94 4 4 3 4 4 4 2 38 0 1 0 1 0 1
0.5 28 69 11 12 8 8 9 10 3 61 1 3 1 3 2 3
100 0.1 18 26 4 4 4 4 4 4 2 8 0 1 0 0 0 0
0.5 8 26 11 11 10 10 10 10 1 10 1 1 1 1 2 2
10 10 0.1 13 68 10 9 9 7 10 16 1 38 0 1 1 1 0 1
0.5 25 8 31 20 35 18 20 19 2 68 2 4 5 8 3 4
20 0.1 21 73 8 5 9 6 7 5 1 16 0 1 0 1 0 1
0.5 24 77 31 16 32 19 19 12 2 22 2 3 3 4 2 3
100 0.1 22 32 6 1 7 4 1 5 1 6 0 0 0 0 0 0
0.5 27 38 28 14 27 13 28 12 2 8 2 2 4 4 2 3

N: population size; h* simulated initial trait heritability; hp.q: estimated heritability from genealogical coancestry; hi,: estimated

heritability from marker-based coancestry

these latter had also a substantial amount of bias (Fig.
2). Thus, the biases are not only due to the errors in the
estimates of marker-based coancestries but also to the
regression method itself applied on true (genealogical)
coancestries. Note also that an increasing number of
markers improved the estimation, but the benefits were
not too large (see Fig. 2).

The slope of the regression of the genealogical
coancestry (or inbreeding) on the marker-based coan-
cestry (or inbreeding) estimate is shown in Fig. 3. The
expected value of the regression coefficient for a per-
fect estimator should be one. The observed values for
inbreeding were lower than those for coancestry. The
regression coefficient was, in general, small but in-
creased with an increase in the number of molecular
markers. This increase was more pronounced in pop-
ulations with a family structure and assortative mating.
The coefficient of determination showed the same
behaviour as the regression coefficient and therefore is
not shown.

Discussion

In the last years there has been a growing interest in
the estimation of genetic parameters (such as the her-
itability and genetic correlations) in populations where
pedigree information is not available and must be
estimated from molecular markers. One of the marker-
based methods to infer quantitative inheritance was
the regression method proposed by Ritland (1996a,
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2000). This method has been applied in a reduced
number of experimental studies (Ritland and Ritland
1996; Mousseau et al. 1998; Klaper et al. 2001; Thomas
et al. 2002; Wilson et al. 2003) providing unreliable
heritability estimates. Other proposed marker-based
approaches implement likelihood-based procedures
(Mousseau et al. 1998; Thomas et al. 2000, 2002) and
techniques involving an explicit reconstruction of sib-
ling groups were also developed (Thomas and Hill
2000; Thomas et al. 2002; Blouin 2003). However, it
remains unclear the most suitable way of exploiting the
information obtained from molecular markers to
achieve reliable estimates of evolutionary related
parameters (see Garant and Kruuk 2005 for a review).

We carried out simulations to evaluate the popula-
tion characteristics which influence the bias and accu-
racy of the marker-based method proposed by Ritland
(1996a, 2000). Our simulation results suggest that the
analyzed regression method supply unreliable herita-
bility estimates in most evaluated scenarios, specially
in non structured populations (like natural ones) where
the utilisation of the method would be more appealing.
The poor performance depends both on the accuracy
of the estimation of the relationship between individ-
uals and on the accuracy of the regression approach
itself. The latter was tested by implementing the
method with the coancestries calculated from the
pedigree (Hpeq), which would imply the most favour-
able situation for the estimation method. However,
biased estimates were found even when using these
genealogical coancestries.
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Fig. 2 Distribution of the
bias of the studied factors.
The thick line within the
boxes denotes the median.
The boxes height represents
the range between the 25th
and 75th percentiles of the
bias distribution across
scenarios. The vertical bars
include all cases with biases
up to 1.5 times the
interquartile range. This
allows us to see whether or
not the bias distribution is
centred around zero as well as
the range of biases across
scenarios. All available
information, except selection
data, was applied to analyse
the number of markers, initial
trait heritability, type of
coancestry, population size
and generation factors. For
the selection factor analysis,
only data from structured
populations and random
mating were evaluated. In the
structure factor analysis, only
data from random selection
and random mating were
used. For the mating factor
analysis, only information
from structured populations
and random selection was
examined

The most determining factor in the performance of
the heritability estimator appears to be the selection
regime. As a consequence of the presence of selection
on phenotype, neutral and selective variation could
follow different pathways. This is in agreement with
the lack of significance for the interaction factor in the
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ANOVA between the number of molecular markers
and the selection regime (data not shown). A second
consequence of the selection on phenotype could be
the reduction in the phenotypic similarity variance. As
a result, the expected covariance between the pheno-
typic resemblance and the relationship tends to zero,
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Fig. 3 Slope of the regression Coancestry Inbreeding
of the genealogical coancestry 1.0 1.0
(or inbreeding) on the
marker-based coancestry (or °
inbreeding). Generation 10, = 08 = 08
500 individuals 2 b 2
£ 06 £ o6
8 . 8
& 5
‘s 0.4 ‘5 0.4
g A g
g ° g
@« 0.2 A T 0.2 PY
°
0.0 1 0.0 -1 1 2

No structure Structure

Random mating Random mating Assortative mating

inducing biased heritability estimates. This result was
also observed in the estimated heritabilities from
genealogical coancestries. The reason could be that the
genealogical coancestry, as the marker-based coan-
cestry, refers to neutral loci variation by definition
(Malécot 1948).

The second factor explaining the differences in the
accuracy of the heritability estimator is the population
structure. The influence of this element may be due to
the reduced values for the variance of coancestry ob-
served in non-structured populations (Csilléry et al.
2006), leading to low accuracy levels. Possibly, the poor
reliability of the heritability estimates obtained in the
empirical studies (Ritland and Ritland 1996; Mousseau
et al. 1998; Klaper et al. 2001; Thomas et al. 2002;
Wilson et al. 2003) could be due to the lack of a family
structure and/or the low numbers of markers used.
Notwithstanding, small structured populations also
showed reduced values for the variance of coancestry
in the long-term evaluation, as the reduced number of
individuals effectively contributing with progeny led to
populations with uniformly and highly related indi-
viduals.

Assortative mating according to the genealogical
coancestry was carried out in our simulations in order
to increase the mean variance of the genealogical
coancestry. For example, in populations with a family
structure, N = 500, 10 molecular markers and a sim-
ulated initial trait heritability 4> = 0.10, the genea-
logical coancestry variance took values up to 0.0013 at
generation 10 for random mating, but under assortative
mating the values were increased up to 0.0027 at the
same generation. However, this increase in the vari-
ance of the genealogical coancestries had little effect,
as the estimated heritabilities under assortative mating
revealed similar biases and squared errors of estimates
(see Fig. 2).
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In general, estimates from hiio showed lower
accuracy than h3eq, as deduced from the higher
average squared error detected for hi1o. Note, how-
ever, that a large amount of bias was also observed in
the most favourable situation where the genealogical
coancestry is known (i.e. using hp.q). This illustrates
the deficiencies of the regression method irrespective
of the problems in the estimation of the coancestries.
However, in cases of reduced variation in genealogi-
cal coancestry, molecular information could be useful
to discriminate between individuals equally related in
genealogical terms but sharing different proportions
of alleles. Consequently, in small structured popula-
tions with randomly selected parents estimates were
better when using marker-based coancestries in a
long-term evaluation. There are other aspects that
contribute to the improvement of the accuracy of
h31o. The use of a considerable number of molecular
markers and larger population sizes could improve
moderately the precision of the estimator (see Fig. 2;
Thomas et al. 2000).

The method proposed by Ritland (1996a, 2000) re-
quires the use of the actual variance of the estimated
marker-based coancestry, because the marker-based
coancestry estimators exhibit a high sampling variance
(Van de Casteele et al. 2001; Rodriguez-Ramilo et al.
2006). For example, in populations with a family
structure, N = 500, 10 molecular markers and a sim-
ulated initial trait heritability 4* = 0.10 in a long-term
evaluation, h%3ue = Ao = 0.10. However, if the
sampling variance from molecular markers were con-
sidered, a substantial reduction in the estimated heri-
tability would be obtained, increasing the bias of the
heritability estimator (h%,[c,l = 0.02). Garant and Kruuk
(2005) already pointed out that an actual variance for
the coancestry is fundamental to apply the regression
method.
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Although it has been suggested that the knowledge
of the population structure to apply the heritability
estimator analyzed is not necessary (Garant and Kruuk
2005), our simulation results indicate that this aspect
(beside other factors) improves the performance of the
heritability estimator. Obviously, when pedigrees are
available, reliable heritability values can be estimated
by an animal model with a restricted maximum-likeli-
hood estimation procedure (e.g. VCE: Groeneveld and
Garcia-Cortés 1998; Lynch and Walsh 1998) instead of
the regression method. Moreover, the regression
procedure examines relationship at a pairwise level.
A restricted maximum-likelihood based estimator
accounts for higher order relationship groups from
known genealogical coancestries. The animal model
takes into account both the inbreeding and the selec-
tion, although it requires including all information used
to make selection decisions (Fernando and Gianola
1990). Therefore, it is expected that the discrepancies
between A ye and k3.4 in small structured populations
or in phenotypically selected populations will decrease
if an animal model is considered. A more sophisticated
statistical approach where molecular coancestry esti-
mates are integrated in the animal model could be
valuable (Thomas and Hill 2000).

As a collateral result of this simulations study, it has
been analysed the behaviour of the marker-based
coancestry estimator implemented (Ritland 1996b) in
order to infer the genealogical coancestry. In general,
there is not a good agreement between the genealogi-
cal and the marker-based coancestry, and the marker-
based estimator considered is likely to be more suitable
to infer coancestry than inbreeding. The regression
coefficient increased with the number of molecular
markers, but always below unity. This fact could have
several consequences. For example, the amount of
genetic diversity will be probably overestimated when
selecting least-related individuals on the basis of the
estimated coancestry from molecular information
(Oliehoek et al. 2006). Our results showed that using
marker-based coancestries in structured populations
would be more adequate than in panmitic populations
(Oliehoek et al. 2006). This latter situation is common
in populations of species in need of conservation and,
the former circumstance frequently corresponds to
domestic species that usually are kept in herds. Nev-
ertheless, the regression and correlation parameters
between the genealogical and marker-based coances-
tries could not be the optimal criterion to test the
quality of a coancestry estimator. As suggested by
Fernandez and Toro (2006) and Oliehoek et al. (2006),
a better criterion would be the particular performance
of each estimator when coancestries are used for a

particular purpose, for example, the optimal methods
of genetic management when different estimators are
used.
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