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Until recently, the estimation of the heritability of a trait has required knowledge of the pedigree
within a population. In natural populations such knowledge is often unknown. Two techniques have
been developed which use marker information to estimate heritabilities without reference to the exact
nature of the relationships: a regression-based estimator that regresses phenotypic similarity for a pair
of individuals against an estimate of their relationship and a likelihood-based estimator that
maximizes the probability of the genotypic and phenotypic data given a known population structure.
Computer simulation was used to compare the behaviour of these estimators. Bias in estimates
of heritability decreased with increasing marker information, decreasing simulated heritability,
increasing relatedness and increasing sample size. The techniques displayed reasonable tolerance to
the percentage of missing data. The regression-based technique shows least average bias, but largest
variance over simulations. Likelihood-based techniques show larger average bias, but smaller
variances over estimates. A modi®ed form of the likelihood technique, requiring fewer initial
assumptions about population parameters, is presented. The modi®ed form shows less bias in its
estimates of heritability than the likelihood technique originally proposed.
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Introduction

A primary goal of many genetic studies is the estima-
tion of variance components associated with individual
traits and of covariance terms between traits. Herit-
ability, the proportion of variation in a trait that is
contributed by average e�ects of genes, may be calcu-
lated from variance components. The heritability of a
trait gives an indication of the ability of a population to
respond to selection, and thus, the potential of that
population to evolve (Lande, 1982; Mousseau & Ro�,
1987; Falconer & Mackay, 1996; Lande & Shannon,
1996).
Estimates of variance components and heritability are

well documented in the ®eld of animal breeding, where
this information is used in the development of selection
regimes to improve economically important traits
(Falconer & Mackay, 1996; Lynch & Walsh, 1998).
A requirement for estimating variance components is
knowledge of the relationship structure of the popula-
tion. Classically, relationships are calculated from

known pedigrees (Jacquard, 1974; Falconer & Mackay,
1996; Lynch & Walsh, 1998).
In natural populations, variance components are

also of considerable interest for evolutionary studies
(Lande, 1982; Boag, 1983; Lande & Shannon, 1996)
and, increasingly, for conservation purposes (Storfer,
1996). In natural populations, however, information
on relationships may be unreliable or unavailable.
Molecular marker information [restriction fragment
length polymorphism (RFLP), minisatellites, microsat-
ellites, RAPDs, etc.] from the population of interest
provides a means of circumventing this problem, by
allowing estimation of relationships on a pair-wise
basis (Thompson, 1975; Ritland, 1996a; Queller &
Goodnight, 19891 ), without the need for pedigree
reconstruction. These estimates of relationships may
be combined with phenotypic information gathered
from the same individuals, allowing inferences to be
made about variance components (Ritland, 1996b;
Mousseau et al., 1998).
Two methods that allow the estimation of variance

components and, more speci®cally, the heritability of
a trait in natural populations without reference to
the exact pedigree have previously been described*Correspondence. E-mail: sthomas@srv0.bio.ed.ac.uk
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(Ritland, 1996b; Lynch & Walsh, 1998; Mousseau
et al., 1998). Molecular data are used to infer
relationships between individuals on a pair-wise basis,
because this provides the least complex level at which
relationships may be estimated, while still allowing a
population to be partitioned into di�erent relationship
classes. Estimates of pair-wise relationships are then
combined with a pair-wise measure of phenotypic
information. This combination may be through re-
gression-based procedures (Ritland, 1996b; Lynch &
Walsh, 1998), in which a measure of the pair's pheno-
typic similarity is regressed against their estimated
relationship. Alternatively, likelihood-based procedures
(Mousseau et al., 1998) may be used, in which pairs
are placed into relationship classes of predetermined
structure, according to the probability of observing
their genotype and phenotype.

To date there has been no formal comparison of the
properties of these techniques. The objectives of this
study are: (i) to compare the techniques using a full-sib
family structure, to determine biases in estimates of
heritability; (ii) to examine the sampling variance of the
estimators; and (iii) to present modi®cations to the
maximum likelihood-based procedure that make more
e�cient use of the data and to include these re®nements
in the comparison.

Methods

The two techniques are designed for use on a sample
where l marker loci are scored for allele type (denoted i)
and phenotypic information ( y) has been measured on
the trait of interest.

Method 1: the regression-based procedure

A number of methods for calculating estimates of pair-
wise relatedness are available (Lynch & Ritland, 1999).
Here we use the correlation-based procedure derived by
Ritland (1996a) which shows similar sampling variances
to other techniques under the simulated conditions
investigated (Lynch & Ritland, 1999). The correlation
procedure equates the observed identity of alleles
between a pair with the expected identity calculated
using the allele frequencies and the relationship of the
pair. Rearrangement then yields an estimator for the
relationship. Ritland (1996a) calculated a weighted
average over loci and alleles giving an estimator e�cient
at low levels of relatedness:

r̂ �
X

l
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�
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; �1�

where nl denotes the number of alleles at locus l, Sjl is the
observed probability of sampling two identical alleles of
type j, one from each individual, and Pjl is the allele
frequency of allele j at locus l, calculated omitting the
individuals under consideration.

Ritland's method relies on the estimation of the
`actual' variance of r̂, because mean r̂ given by the
estimator is close to zero; relationship estimates from
this estimator are not bounded between zero (unrelated)
and half (identical twin) (Ritland, 1996a). The `actual'
variance is calculated on the assumption that each locus
provides an independent estimate of the relationship.
An ANOVAANOVA is used to eliminate the within-individual
variance in relationship from the total variance in
relationship, thereby yielding an estimate of the `actual'
variance of relatedness between individuals in the
population.

The phenotypic similarity for a trait is calculated for
all possible pairs:

Zi � � yi �y�� y0i �y�� �
=r̂2; �2�

where: Zi is the measure of the phenotypic similarity
between pair i; yi and y0i are the trait values for pair i; �y is
the mean of the trait and r̂2 its variance, each estimated
from the sample. Zi may also be expressed as:

Zi � 2rih2 � ei; �3�

where ei is the residual error term, and h2 the heritabil-
ity. Regression theory then yields an estimator for the
trait heritability:

ĥ2 � CZR=2VR; �4�

where CZR is the covariance of the relatedness and
phenotypic similarity and VR is the estimate of the
`actual' variance of relatedness for the population.

Method 2: the likelihood-based estimators

Mousseau et al. (1998) described a likelihood-based
procedure applicable in situations where some prior
knowledge of population structure is known. In the case
of a population comprising only full-sib families this
prior knowledge would be the probability that a pair of
individuals randomly selected from the population are
full-sibs.

There are seven possible genotype patterns observable
at a single locus from a pair of diploid individuals. The
likelihood of observing these patterns given the rela-
tionship between the pair may be calculated for a given
relationship (Thompson, 1975). These patterns are given
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in Table 1, with examples of the likelihood for each
pattern for three di�erent classes of relationship. These
likelihood patterns are multiplied across loci to give the
total likelihood of the observed molecular data in a pair
given a particular relationship.
The phenotypic information also provides informa-

tion on the likelihood of the relationship, because the
distribution of some function of a pair's phenotypes will
be dependent on the level of the relationship between the
pair. The three types of information, the prior informa-
tion, the molecular information and the phenotypic
information, are combined to give the joint likelihood of
the observed data:

L �
Y

i

X
r

armijrzyi;y0ijr

 !
; �5�

where L is the total likelihood for the population, i
indexes a particular pair, r indexes a particular class of
relationship (e.g. full-sib, half-sib, unrelated), ar is the
prior probability of a random pair sharing relationship
r, mi|r is the likelihood of the molecular data of pair i
given relationship r and zyi;y0ijr

is the probability density
of the phenotypic data for pair i given relationship r and
the population parameters. A function that combines
the phenotypic data of a pair is required to allow the
probability of the observed phenotypes, given a partic-
ular pair-wise relationship, to be calculated.

Assuming that the trait under consideration is nor-
mally distributed, then any linear function of a pair's
phenotypes is also normally distributed. A number of
di�erent linear functions may be de®ned, and their
expected distributions, in terms of the within-family
(Vw) and between-family (Vb) variance, for given rela-
tionship classes derived. Three functions, termed meth-
ods 2a, 2b and 2c, are de®ned in Table 2. The variance
of the expected distributions is dependent on the
relationship between the pair, because the phenotypic
correlation between any given pair is dependent only
upon their relationship, assuming no environmental
correlation.
Each function requires that di�erent numbers of

population parameters be estimated prior to the likeli-
hood calculation (Table 2). Method 2a, proposed by
Mousseau et al. (1998), is equivalent to the sum of the
normalized trait values and requires the greatest number
of parameter estimates prior to calculation. Methods 2b
and 2c use the sum and di�erence of the observed trait
values, respectively, and are modi®ed forms of the
likelihood technique that require fewer parameters to be
estimated prior to calculation. It is desirable to have
fewer parameters requiring estimation prior to calcula-
tion as they lead to bias in subsequent estimates of the
variance. Method 2a estimates heritability directly,
whereas methods 2b and 2c use the formula:

ĥ2 � 2V̂b=�V̂w � V̂b�: �6�

Table 1 The relative likelihoods for the seven possible pair-wise genotypes
observable in diploid individuals in unrelated, half-sib and full-sib pairs, with i, j,
k and l denoting mutually exclusive alleles

Pair-wise
genotype Unrelated Half-sib Full-sib

AiAi ±AiAi 4p2
i 2pi (1� pi) (1 � pi)

2

AiAi ±AiAj 4pi 1� 2pi 1 � pi
AiAi ±AjAj 4 2 1
AiAj ±AiAj 8pi pj pi � pj � 4pi pj 1 � pi � pj � 2pi pj
AiAi ±AjAk 4 2 1
AiAj±AiAk 8pi 1 � 4pi 1 � 2pi
AiAj ±AkAl 4 2 1

Table 2 Summary table showing the linear functions used in the likelihood procedure, the parameters required prior to
estimation and expected distributions of unrelated and full-sib pairs. N(0, 2 + h2) denotes a normal distribution with mean
0 and variance 2 + h2

Function Parameters Distribution (unrelated) Distribution (full-sib)

Method 2a �yi � y0i 2�y�=r̂ a, �y and r̂ N(0, 2) N(0, 2 + h2)
Method 2b yi � y0i 2�y a and �y N(0, 2Vw + 2Vb) N(0, 2Vw + 4Vb)
Method 2c yi y0i a N(0, 2Vw + 2Vb) N(0, 2Vw)
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Maximization of likelihood eqn (5) using standard
iterative procedures (e.g. the Newton±Raphson algo-
rithm; Edwards, 1972; Weir, 1996) yields the maximum
likelihood estimates for the variance components of the
distributions associated with the linear function used
(Table 2). Further functions may be de®ned which
combine a pair's phenotypic information; for example
both phenotype sum and di�erence can be combined
into the one estimator, because these are uncorrelated in
both full-sib and unrelated pairs. However, this would
require that the same population parameters as method
2b be estimated prior to calculation.

Bias in pair-wise techniques with full pedigree
information

Variance components were estimated using correct
pedigree information (i.e. known relationships) using
the pair-wise techniques and restricted maximum like-
lihood (REMLREML; Lynch & Walsh, 1998). REMLREML accommo-
dates unbalanced population structures, optimally
weighting unequally sized families through the use of a
relationship matrix, and thereby making e�cient use of
the available information. REMLREML estimates were used as
reference values for the best available parameter esti-
mate for a particular population. Pair-wise parameter
estimates were compared against the REMLREML estimates.
Balanced and unbalanced family structures were exam-
ined.

The balanced case In the balanced case REMLREML yields the
ANOVAANOVA estimates for variance components and is unbi-
ased. When correct pedigree information is used in
method 1, the covariance of phenotypic similarity with
relationship and the actual variance of the relatedness
are calculated without bias. Heritability estimates are
identical to the restricted maximum likelihood-derived
estimate, as families are the same size and are equally
weighted in the calculation. With complete pedigree
information the likelihood techniques become equiva-
lent to an ANOVAANOVA that uses the mean square of the linear
functions to estimate the appropriate sums of the
variance components for full-sib and for unrelated pairs
(Table 2). This equivalence can be used to show that
methods 2a and 2b are biased, whereas method 2c yields
the REMLREML-derived estimate.

For method 2b the bias a�ects only the estimate of
Vw, which has an expected value less than the REMLREML-
derived estimate of Vw by:

�2=nf ��Vw � nVb�; �7�

where n is the family size and f is the number of families.
Estimates of heritability are therefore upwardly biased

(eqn 6). This bias is a result of using the estimate of the
sample mean in the likelihood calculation, and is
removed if the actual population mean is known and
used.

The estimate of heritability from method 2a is less in
expectation than the REMLREML-derived estimate of herit-
ability by:

4 1
nf 1
� �

Vw � 2 nf n 2
f 2

� �
Vb

�nf 1�Vw � n� f 1�Vb

2Vb

Vw � Vb
: �8�

Again the bias is a result of using estimates of
population parameters in the likelihood calculation
and disappears if the true population mean and variance
are used. In methods 2a and 2b the bias decreases with
larger sample sizes.

The unbalanced case REMLREML estimates of variance com-
ponents weight families according to the phenotypic
correlation between the o�spring rather than the family
size (Falconer & Mackay, 1996). Because the weights
given to each family depend upon the estimates of the
parameters made, REMLREML techniques yield slightly biased
estimates of variance components in the unbalanced
case.

In both regression-based and likelihood-based proce-
dures pairs are given equal weighting and, as a result,
families are weighted by size, not by the phenotypic
correlation. Variance component estimates therefore
di�er from the REMLREML-derived estimates and have higher
sampling error.

Incomplete pedigree information When the exact nature
of the relationships is unknown, marker-based estimates
of relationships must be used. The use of inferred
relationships in these estimators may cause bias, intro-
duced through estimating relationships. This source of
bias is di�cult to assess analytically and so simulation is
required.

Simulations

Phenotypic data for full-sib data sets were generated
using the in®nitesimal model (Bulmer, 1980). The
phenotypic mean was set to 0, with a variance of 1.
An individual's phenotype was simulated as:

Yij � ��ai1 � ai2�=2� �N�0; �r2
A=2�� �N�0; r2

E� �9�

where Yij is the phenotypic value of sib j in family i, and
ai1 and ai2 are the uncorrelated additive genetic values of
the parents of family i [simulated as N(0, h2)]. Because
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the total variance was equal to 1, h2 was equal to the
additive genetic variance.
Populations were simulated with 5, 10 and 20 equally

frequent alleles at each of 2, 4, 6, 10, 15, 20 and 30 loci.
Heritabilities were simulated at ®ve levels: 0, 0.25, 0.5,
0.75 and 1.0. Four full-sib family structures containing
150 individuals were simulated: 15 families of size 10, 30
families of size ®ve, 75 families of size two and an
unbalanced structure that followed a Poisson distribu-
tion with a mean family size of ®ve. Simulations were
repeated 1000 times for each set of starting parameters.
Simulations were also run where family size remained at
10, but the number of families in the population was
varied.
Simulations were run in which various percentages of

marker information were simulated as missing, to
investigate the case where some loci are not scored for
genotype. Loci were selected at random from a gener-
ated data set and classed as missing. Locus-speci®c
weights for the method of moments relationship esti-
mator were altered so that weights summed to one.
Simulations where half-sib families were used in place of
full-sib families were also run.
In all cases estimates of heritability were compared

against the REMLREML estimates of heritability, which were
calculated using the simulated pedigree (i.e. using actual
relationships). Four statistics were calculated for each
set of simulations: the deviation of each pair-wise
estimate from the REMLREML estimate; the sampling variance
over simulations; the bias of the pair-wise estimate from
the simulated parameter; and the mean squared error.
Mean squared error is equal to the sampling variance
plus the squared mean bias.

Results

Marker information

In general, the estimates approached the REMLREML-derived
estimate as marker information increased. This trend is
observable for both an increase in the number of marker
loci (Fig. 1a) or an increase in allele number per locus
(not shown). In method 1, the regression-based estima-
tor yielded estimates that are, on average, greater than
the REMLREML-derived estimates across the range of locus
numbers. As marker information increases, the likeli-
hood-based estimates approach the deviation predicted
by theory (eqns 7 and 8).
The relative importance of phenotypic information in

the likelihood techniques has a large e�ect at lower
numbers of marker loci. With few marker loci, the
posterior probabilities of the relationships become more
dependent on the phenotypic information, whereas with
larger numbers of loci the dependency is less strong.

At lower marker numbers, the phenotypic information
causes a slight upward bias in the heritability estimates
because a pair that is phenotypically similar will also
have a higher probability of being classed as full-sibs;
this includes pairs that are not actually full-sibs.
With small numbers of markers (<5) and small

numbers of alleles per locus (<10) di�erent relationship
classes cannot be distinguished, resulting in a decrease in
the proportion of the variance assigned to additive
genetic e�ects. Hence there is a downturn in the
likelihood estimates at very low marker information
(Fig. 1a). Similar graphs are obtained when the plots of
mean deviation against marker number are made under
di�erent family structures, heritabilities and allele num-
bers (results not shown).

Fig. 1 (a) The mean di�erence between pair-wise heritability
estimates and restricted maximum likelihood (REMLREML)-derived
estimates for the four estimators, in relation to the number of

marker loci used to calculate relationships. Simulated herit-
ability was 0.25, number of alleles per locus was 10, family
structure was 15 full-sib families of size 10. Method 2a showed
a large negative bias of 0.21 with two simulated loci. (b) The

sampling variance of heritability estimates in relation to the
number of marker loci. Simulated parameters as for (a). The
dotted line denotes the sampling variance for the REMLREML-derived

estimates.
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As marker information increases, the sampling vari-
ance of the heritability estimates decreases, approaching
the sampling variance for REMLREML estimates (Fig. 1b). As
might be expected, method 1 shows the largest samp-
ling variances because additional information about
population structure (the prior probability that a pair
are full-sibs) is only used in the likelihood estimators.
The sampling variance of method 2b is larger than that
of method 2c. Method 2c approaches the sampling
variance of the REMLREML-derived estimates because both
yield unbiased estimates of the same two population
parameters (Vw and Vb) in the balanced case. The
method 2a heritability estimates are smaller than the
REMLREML-derived estimates (eqn 8); it is therefore expected
that their sampling variance will fall below that of the
REMLREML-derived estimate as marker information increases.
With increased numbers of alleles per locus, relation-
ships are also more accurately estimated, resulting in
increased accuracy of variance component estimation
(results not shown).

Because REMLREML gives unbiased estimates of variance
components in the balanced case, average bias is very
close to average di�erence. The square of the average
bias is small compared to the sampling variance, so the
mean squared error is dominated by the sampling
variance. Thus deviations in estimates from the true
parameter value are more likely to be a result of
sampling rather than of bias in the technique.

The simulated heritability

Method 2a yields smaller estimates of heritability than
the REMLREML-derived estimates (Fig. 2a). The magnitude of
the mean di�erence decreases as simulated herit-
ability increases. The remaining three estimates do not
di�er, on average, from the REMLREML-derived estimates at
zero heritability, but have increasingly positive di�er-
ence as simulated heritability increases (Fig. 2a). This
trend is especially marked for method 2b. The sampling
variance of the estimates of heritability increases with
simulated heritability for all the techniques (Fig. 2b),
with the exception of method 2c, where sampling
variance falls relative to the variance of the REMLREML-
derived estimates as simulated heritability increases.
Because bias is small relative to the sampling variance,
the mean squared error is again dominated by the
sampling variance.

Missing data

The techniques showed little change in bias or mean
di�erence, even with a high percentage (40%) of
genotypes not scored. Sampling variance increased in

an approximately linear manner with increasing per-
centage of missing data. With 40% of the loci unscored
the sampling variances were approximately double those
of the sampling variances for data sets with the same
simulated parameters and no unscored loci.

The sample size

The mean di�erence between pair-wise estimates and
REMLREML-derived estimates decreases as sample size increases
(Fig. 3a). Sampling variance also decreases with
increased sample size. The sampling variance for REMLREML-
derived estimates falls in proportion to the inverse of the
sample size (Fig. 3b), as does that for the likelihood-
based estimators. The sampling variance of the regres-
sion-based estimator, however, falls at a slower rate,
re¯ecting an ine�cient use of the data and the importance
of having a su�ciently large variance of relatedness
in this technique. An increase in the sample size, while

Fig. 2 (a) The mean di�erence of pair-wise heritability esti-
mates from restricted maximum likelihood (REMLREML)-derived
estimates in relation to the simulated heritability. Number of

loci was 10, number of alleles per locus was 10 and family
structure was 15 full-sib families of size 10. (b) The sampling
variance of heritability estimates in relation to the simulated
heritability. Parameters as for (a). The dotted line denotes the

REMLREML estimate.
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maintaining the same o�spring number per family,
results in a linear increase in the number of pairs that
are full-sibs, but a quadratic increase in the number that
are unrelated, so the variance of relatedness in the
population decreases. As population structure is assumed
known prior to estimation using the maximum likelihood
techniques, this fall in the true variance of relatedness is
not so important. Again mean squared error is domina-
ted by the sampling variance, indicating that the source
of error is through sampling rather than bias.

Population structure

Di�erent population structures also give rise to di�erent
variances in the relationships. Average di�erence is little
a�ected by change in the simulated variance of rela-
tionship (Fig. 4a), except in situations where the vari-
ance of relationship was low, e.g. with 75 families of size
two. The higher the variance of relationship in the
simulated population the lower the sampling variance

and the smaller the bias of the estimate (Fig. 4b). With
the family structure 75 by two, giving the smallest
variance of relationship, the regression-based estimator
(method 1) performed considerably worse than the
likelihood-based estimators, having a sampling variance
of 0.4. Estimates in populations with random family size
showed slightly larger mean di�erence and sampling
variances than those of populations with balanced
families of the same mean size (Fig. 4a,b).

Half-sib families

The mean di�erence between pair-wise and REMLREML

estimates increased at each level of marker information
when using half-sib families in place of full-sib families
(Figs 1a and 5a). This may be caused by the decreased
ability to resolve between half-sib pairs and unrelated

Fig. 3 (a) The mean di�erence of the pair-wise heritability
estimates from the restricted maximum likelihood (REMLREML)-
derived estimates with di�erent sample sizes. Number of loci

was 10, allele number per locus 10, family size was 10 and
simulated heritability 0.25. (b) The sampling variance of
heritability estimates with di�erent sample sizes. Simulated

parameters as for (a). The dotted line denotes the REMLREML

estimate.

Fig. 4 (a) The mean di�erence of the pair-wise heritability

estimates from the restricted maximum likelihood (REMLREML)-
derived estimates with di�erent population structures. Number
of loci was 10, allele number per locus 10, and simulated

heritability 0.25. Random family structure signi®es those
simulations run with family sizes following a Poisson distri-
bution with mean ®ve. (b) The sampling variance of herit-

ability estimates with di�erent population structures.
Simulated parameters as for (a). The variance was 0.4 for
method 1 with the 75 families of size two.
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pairs compared with full-sib pairs and unrelated pairs in
the case of the likelihood-based procedures (Thompson,
1975; Blouin et al., 1996). In the regression-based
technique this bias increase is caused by the reduction
(by a factor of one-quarter) in the actual variance of the
relationship. Additional increase in bias comes through
the calculation of heritability in methods 2b and 2c,
where bias in estimates of Vb is multiplied by 4, rather
than 2. The likelihood-based procedures follow the
same trend as Fig. 1(a), although shifted to the right,
indicating a relatively lower precision even with larger
amounts of marker information. Method 1 shows least
bias over the range of simulated marker numbers, except
at the highest levels of marker information, where
method 2c shows least bias.

With a half-sib family structure compared to a full-sib
structure there is increased sampling variance over that
of the REMLREML-based estimates in the estimates of herit-
ability (Fig. 5b). Again this re¯ects the lower actual
variance of relationship, and the poorer ability to
distinguish between more distant levels of relationship.

Discussion and conclusions

In all cases the average deviation of the marker-based
estimators from the REMLREML estimate is very close to the
average bias, because the REMLREML estimates are unbiased
(with balanced families), or nearly so. In most cases the
sampling variance was much larger than the square of the
mean bias, indicating that errors in estimation are likely
to be mainly through sampling rather than through bias.

Method 1, the regression-based method, shows least
average bias in its estimates over the range of the tests;
however, this must be set against the higher variance of
estimates. Method 2c, the likelihood-based technique
that uses the phenotypic di�erences within pairs to
calculate variance components, performs best out of the
likelihood-based procedures, presumably because fewer
assumptions about population parameters are required
prior to calculation. At higher levels of marker infor-
mation, method 2c shows less bias than the regression-
based technique (Figs 1a and 5a). Simulations, run
where both the sum and the di�erence of phenotype of
pairs were combined into one estimator, indicate that
there is little further information to be gained over the
di�erence or over the sum, alone. This is despite the sum
and the di�erence being uncorrelated for both full-sib
and unrelated pairs. Results indicated that estimates
made were more biased than the estimator using the
di�erence only (because more population parameters
require estimation prior to analyses), but yielded slightly
lower sample variances at larger sample sizes.

All the methods share a number of basic properties.
For accurate results they require that adequate amounts

of marker information be used in the estimation of
relationships. They also require that a su�ciently large
variance of relationship be present in the population
under investigation. With extremely low variance in
relationship (0.014 in the example of 75 full-sib families
of size two) the regression-based estimator was consid-
erably worse than the likelihood-based estimators. This
is because there are fewer full-sib pairs in the population
and therefore less information is available from which to
draw inferences about the distribution of the full-sib
phenotypic information. The likelihood procedures also
performed worse under these conditions, for similar
reasons, however, because these techniques require the
use of prior information on the population structure,
this lack of information has less e�ect on the estimates.
In this study, small population sizes were simulated in
order to re¯ect the small sample sizes often available
from natural populations. The properties of all the

Fig. 5 (a) The mean di�erence of the pair-wise heritability

estimates from the restricted maximum likelihood (REMLREML)-
derived estimates in relation to the number of marker loci.
Simulated heritability was 0.25, allele number per locus was 10,
and family structure was 15 half-sib families of size 10. (b) The

sampling variance of heritability estimates in relation to the
number of marker loci. Simulated parameters as for (a). The
dotted line denotes the variance for the REMLREML-derived esti-

mates.
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estimators are improved with respect to the level of
bias and the sampling properties of the estimates when
larger sample sizes are used. Sampling variances fell in
proportion to the inverse of sample size for the
likelihood-based estimators and at a slower rate for
the regression-based estimator, indicating the import-
ance of the variance of the relationship and a less
e�cient method.
The likelihood techniques that require prior estimates

of population parameters other than the probability that
a randomly selected pair are full-sibs show bias caused
by the inclusion of these sample estimates. This bias is
removed if the actual parameter values are included in
place of estimates from the sample. Additionally, in all
of the likelihood techniques there is upwards bias arising
from the inclusion of phenotypic information in the
likelihood calculation because a pair that is phenotyp-
ically similar has a higher probability of being classed as
full-sibs.
The two types of method are designed for use under

slightly di�erent circumstances. The regression-based
technique, which requires assumptions about the popu-
lation mean and variance, may be used when little
information is available on family sizes or relationship
structure. The likelihood-based techniques can be used
only when such information is available. The cost of the
increased generality of the regression-based procedure is
an increase in the sampling variance of estimates.
It is evident from these results that these techniques

may only be used in natural populations with su�cient
marker information and suitable population structure;
for example, in a natural population comprising small
half-sib families, a much larger sample of individuals
than 150 from the population would be required, with a
larger amount of marker data, before variance compo-
nents could be estimated with useful accuracy.
Natural populations contain more than two classes

of relatives and techniques must be applicable to such
heterogeneous populations. The regression-based esti-
mator uses a method of moments procedure to estimate
the relationships and therefore does not require exten-
sion to deal with combinations of relationships, pro-
vided there is su�cient variation in actual relatedness
within the population. The likelihood-based procedure
requires the calculation of the likelihood that a pair falls
into each of the relationship classes under consideration,
given the marker and the phenotypic information. The
law of invariance means that distributions for pheno-
typic information may be maximized with respect to the
additive genetic (Va) and environmental (Ve) variance
components rather than the within-family and between-
family variances, because this allows increased general-
ity in the relationship classes under consideration;
for example, the expected distributions of the di�er-

ence between unrelated pairs may be rewritten as
N(0, 2Va + 2Ve), half-sib pairs as N(0, 1.5Va + 2Ve)
and full-sib andparent±o�springpairs asN(0,Va + 2Ve).
However, for both types of technique the ability to
distinguish between more distant relationship classes
falls rapidly with the increase in relationship distance
(Thompson, 1975; Blouin et al., 1996). This results in
poorer estimates of variance components in populations
with low variance in relatedness.
An additional consideration concerns how known

relationships may be incorporated into each model, e.g.
mother±o�spring pairs might be known. In the regres-
sion-based technique, known and unknown relation-
ships may be used together in the estimator provided
that some means of scaling the estimated relationships is
adopted so that they are in line with known relation-
ships. This may be accomplished by equating relation-
ship estimates of known pairs against the known
relationship. Accommodating known relationships into
the likelihood techniques is achieved more simply, by
setting the likelihood for the known relationship class
for a pair to one and the likelihood for the other
relationship classes to zero. A further bene®t of the
likelihood techniques is that it is simple to update the
likelihood of a particular relationship by knowledge of
another relationship; for example, if mother±o�spring
pairs are known, the origin of one of the alleles at each
locus within an individual is accounted for and so
estimates of the relationship through the father may be
based on the remaining allele. In practice, errors in
genotyping must be accounted for if this technique is to
be adopted in a practical situation (Marshall et al.,
1998).
A ®nal consideration is how the simple model

investigated here may be extended to incorporate other
factors (assumed zero in these simulations). In natural
populations many random e�ects (e.g. maternal e�ects)
as well as ®xed e�ects (e.g. sex, or year of birth) may
have considerable in¯uence on quantitative traits and
these additional e�ects must be included in the model
to allow estimation of the variance components; for
example, a signi®cant year e�ect on bill depth was noted
in Darwin's Finches (Geospiza), caused by larger parents
in certain years (Boag, 1983). Of particular note is
the between-family environmental e�ect. This would
increase the similarity of individuals within a family,
increasing estimates of heritability. Because the methods
investigated here are based on pair-wise computations
rather than on individuals it is harder to incorporate
these e�ects into the model. One solution to this
problem might be to use the relationship estimation
procedures to construct an estimated relationship matrix
that might be used in the REMLREML procedure. This would
allow inclusion of additional e�ects into the model in
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the traditional manner, and might improve estimation
of parameters in a heterogeneous population through
accommodation, at least in part, of appropriate
weightings for families. However, the result of using
an estimated relationship matrix, assumed known in
conventional studies, on the accuracy of estimates of
variance components is unclear.
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