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ABSTRACT

Knowledge of the genetic relatedness between individuals is important in many research areas in
quantitative genetics, conservation genetics, forensics, evolution, and ecology. In the absence of pedigree
records, relatedness can be estimated from genetic marker data using a number of estimators. These
estimators, however, make the critical assumption of a large random mating population without genetic
structures. The assumption is frequently violated in the real world where geographic/social structures or
nonrandom mating usually lead to genetic structures. In this study, I investigated two approaches to the
estimation of relatedness between a pair of individuals from a subpopulation due to recent common
ancestors (i.e., relatedness is defined and measured with the current focal subpopulation as reference).
The indirect approach uses the allele frequencies of the entire population with and without accounting
for the population structure, and the direct approach uses the allele frequencies of the current focal
subpopulation. I found by simulations that currently widely applied relatedness estimators are upwardly
biased under the indirect approach, but can be modified to become unbiased and more accurate by using
Wright’s F5, to account for population structures. However, the modified unbiased estimators under the
indirect approach are clearly inferior to the unmodified original estimators under the direct approach,

even when small samples are used in estimating both allele frequencies and relatedness.

NOWING the degree of relatedness between
individuals is essential in many research areas in
quantitative genetics, conservation genetics, forensics,
evolution, and ecology (RitLanp 1996; LyncH and
RITLAND 1999; WEIR et al. 2006). The expected value of
relatedness between two individuals (e.g, 0.5 for
parent—offspring in a large random mating population)
can be easily calculated from their pedigree records.
When pedigree is unavailable, incomplete, or unreli-
able, genetic marker information can be used instead
to obtain an estimate of the realized value of relatedness,
using a number of estimators developed for this
purpose (e.g., LyNcH 1988; QUELLER and GOODNIGHT
1989; L1 et al. 1993; RiTLAND 1996; LYNCcH and RITLAND
1999; WaNG 2002; MiLL1GAN 2003). When the assump-
tions are met, these estimators yield unbiased estimates
of the expected relatedness calculated from pedigrees.
Recently, these estimators were compared for accuracy
extensively, using both simulated and empirical data
sets (e.g., LyNcH and RiTLAND 1999; VAN DE CASTEELE
et al. 2001; WANG 2002; M1LLIGAN 2003; CSILLERY et al.
2006; ANDERSON and WEIR 2007).

The current marker-based methods make the critical
assumption of a large random mating population,
which implies the absence of close inbreeding (due to
mating between closely related individuals, such as
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siblings) and pervasive inbreeding (due to genetic drift
from the finite size or structure of a population).
Unfortunately, most real populations are small and
genetically structured, and matings are usually confined
to individuals in a small area or a social group. Thus
both forms of inbreeding may exist, leading to a
background level of relatedness that can be quantified
by Wright’s I;. For human populations, F, values ~0.1
have been reported in some cases (e.g., HINDs et al. 2005;
WEIR et al. 2005), although typical values for within-
continent populations are much smaller. Furthermore,
consanguineous marriages are found commonly in
some countries or communities (e.g., BITTLES et al.
1991; KHoUury and Massap 2005) . For plant and animal
populations, Iy, values are often higher (e.g., MARSHALL
and RitranDp 2002) and more extreme forms of close
inbreeding, such as selfing, could be present.

In asubdivided population, relatedness can be defined
and measured with respect to either the entire popula-
tion or just the focal subpopulation from which individ-
uals are drawn for relatedness estimation (see below). For
the same pair of individuals, relatedness is always higher
when the reference is the entire population than that
when the reference is the focal subpopulation. Which
reference is more appropriate depends on the particular
applications of relatedness estimates.

In some contexts, a researcher may be interested in the
total relatedness due to coalescences in both the recent
and the remote past. An example in conservation is to
find the set of individuals as breeders that have the
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minimum average relatedness among them (BALLOU
and Lacy 1995) and to determine the best mating
pairs that are the least related and thus result in the
highest average heterozygosity of the next generation
(CapaLLERO and Toro 2000). For a given relationship
defined within a certain number of generations in the
past, pervasive or close inbreeding that occurred in the
more remote past will lead to an increased relatedness
beyond that expected without inbreeding. Ignoring
inbreeding effectively moves the reference point forward
in time, resulting in an underestimation of relatedness. In
practice, inbreeding is ignored when relatedness is
estimated using the current allele frequencies of a sub-
population and assuming the absence of identity-by-
descent (IBD) between genes at a locus within individuals.
At present, there are no moment estimators of related-
ness that can account for inbreeding, but a likelihood
method based on the estimation of the nine condensed
IBD coefficients (JAcQUARD 1972) was proposed (WANG
2007) to infer relatedness in populations with inbreeding.

In some other contexts, a researcher may be interested
in the relatedness due to coalescences in the immediate
past few generations, and that due to coalescences in the
remote past is irrelevant. This is true when one wants to
sort the pairs of individuals into a few simple relationship
categories (such as fullsibs, halfssibs, parent-offspring,
and unrelated) from the relatedness estimates. An ex-
ample is the study of extrapair paternity, where one is
interested in knowing whether a social father of an
offspring is in fact the biological father (ANDERSON and
WEIR 2007). Similarly, in inferring the female mating
system, one is interested in knowing whether the off-
spring from a mother are full-sibs and if not, how many
halfsibships (fathers) the offspring fall into. In such
cases, background relatedness acts as a noise and needs
to be filtered out.

In a structured population, two approaches can be
adopted to estimate the relatedness due to recent coa-
lescences (i.e., using the focal subpopulation as reference
for IBD). The direct approach is to take the focal
subpopulation as reference by using its allele frequencies
in relatedness inference. The indirect approach is to take
the entire population as reference by using the popula-
tion allele frequencies in relatedness inference and
correct for the population structure statistically using
I, The latter approach, adopted by ANDERSON and WEIR
(2007), is deemed essential when the allele frequencies
of the subpopulation from which the focal sample of
individuals is taken are unavailable or cannot be accu-
rately estimated due to small sample sizes.

In this investigation, I focus on the estimation of
relatedness due to recent coalescences in a structured
population, using both approaches. Under a genetic
model in the indirect approach, ANDERSON and WEIR
(2007) developed and implemented a reduced-likelihood
method that accounts for pervasive inbreeding (popula-
tion structure) but not close inbreeding. They also derived

the expectations of several moment estimators in the sim-
ple cases of a locus with two alleles or with multiple
equifrequency alleles. In this study, I extend Anderson
and Weir’s work to develop and implement a likelihood
method that estimates all of the nine condensed IBD
coefficients between two individuals in a genetically
structured population. The method can therefore pro-
vide unbiased estimates of relatedness in the presence of
both pervasive and close inbreeding, and it reduces to
that of Anderson and Weir when close inbreeding is
absent by assuming a large subpopulation with random
mating. I also derive the expectations of several moment
estimators in the general case of an arbitrary allele-
frequency distribution, which lead to unbiased moment
estimators in the presence of pervasive inbreeding. I
compared the direct and indirect approaches for differ-
ent estimators by simulations and found that in realistic
situations the direct approach is not only simpler but also
more accurate than the indirect approach.

THEORY AND METHODS

In this section, I outline JACQUARD’s (1972) nine
condensed IBD coefficients that fully describe the
relationship among the four genes possessed by two
diploid individuals at a locus. I then describe briefly
Anderson and Weir’s model of relatedness in a struc-
tured population. On the basis of this model, I show that
a full-likelihood method can be developed and imple-
mented to estimate all of the nine condensed IBD
coefficients in a population with pervasive and close
inbreeding. I also show that, strictly under Anderson
and Weir’s model, unbiased moment estimators can be
derived to account for pervasive inbreeding. Finally, I
describe the simulations that are used to compare the
performances of different estimators in both the direct
and the indirect approaches.

Identity-by-descent between alleles and relatedness
between individuals: A set of two or more alleles at a
locus are IBD if they are identical copies of the same
ancestral allele. IBD (and IBD-based parameters such as
relatedness, inbreeding, and coancestry coefficients) is
defined and measured implicitly relative to a particular
reference population in which all alleles are designated
as nonidentical by descent. Therefore, the IBD status of
a set of alleles changes with an alteration of the ref-
erence. Alleles non-identical-by-descent may become
IBD when the reference moves backward in time or
shifts to a larger geographic range and vice versa. The
relative nature of IBD (and its derived parameters) is
irrelevant for some applications (such as correlation
analyses in which IBD is correlated with other quanti-
ties) but is important for other applications (such as
distinguishing genealogical relationships).

Traditionally in a pedigree analysis, IBD is defined
with respect to a specific focal pedigree. Alleles are
either IBD from a common ancestor within the pedi-
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gree or non-IBD if they trace back to distinct founders of
the pedigree, where founders are typically assumed to
be random draws from a large gene pool and are thus
both noninbred and unrelated. In the absence of a
pedigree, IBD can be defined with respect to areference
population x generations in the past, for some spec-
ified x. Alleles are either IBD if they are from a com-
mon ancestor found within the x generations or non-IBD
otherwise. In marker-based inferences of IBD, it is the
population whose allele frequencies are used in the
inference that acts as the reference (RrrLAND 1996). By
definition, two alleles taken at random from the refer-
ence population are non-IBD. When the reference is a
large random mating population, we arrive at the familiar
probabilities of IBD sharing patterns between family
members. For example, parent and offspring share one
allele IBD at a probability of 1, and full-sibs share one
allele and two alleles IBD at probabilities of § and §,
respectively. In both cases, the coancestry coefficient is
}r In practice, the allele frequencies in a population
are usually unknown but are estimated from a sample
of individuals taken from the population. In such a
case, more precisely it is this sample of individuals
that actually acts as the reference. When the sample is
sufficiently large and taken at random from the pop-
ulation, the population- and sample-based references
are similar, as the population is well represented by the
sample. Otherwise, they can be very different. Consider
a simple example. Suppose a sample of full siblings is
taken from a single family in a population and is used to
estimate allele frequencies that are then used for IBD
(relatedness) inferences. By definition, two alleles taken
at random (without replacement) from the sample are
non-IBD, and the average relatedness between individ-
uals within the sample should be zero. Indeed, when the
sample allele frequencies are used, different estimators
yield relatedness estimates between individuals in the
sample that are on average zero or very close to zero.
Difterent from the first two definitions of IBD based on
pedigrees or generations that both have a clear time
cutoff point beyond which all alleles are assumed non-
IBD, the population- or sample-based definition does
not specify explicitly this time horizon. By this defini-
tion, two individuals having many remote common
ancestors may be more related than two individuals
having few recent common ancestors. This is true with
the pedigree- or generation-based definitions only when
both remote and recent ancestors fall within the time
horizon. Removing the artificial time limit from the IBD
definition is an advantage of the population- or sample-
based definition as it avoids potential biases brought
about by the artificial cutoff point. In the present study,
the reference in the direct approach is either the current
focal subpopulation or a sample taken at random
from it, and the reference in the indirect approach is
either the current entire population or a sample taken
at random from it.

A set of two or more alleles at a locus is identical-in-state
(IIS) if they all have the same phenotype. For example,
they have the same base type for a SNP or the same
number of repeat units for a microsatellite. Barring the
rare events of mutations in the short timescale in the
definition of IBD above, alleles IBD are always IIS.
However, alleles IIS are not necessarily IBD, although
they are more likely to be IBD than alleles that are not IIS.
IBD is invisible, but can be inferred probabilistically from
IIS. For example, for a father—-mother—offspring trio with
genotypes AjAo—AoAo—AAg, the two A; alleles are IBD
with probability 1, and the Ay allele in the child is IBD
with each Ay allele in the mother with a probability of 0.5.

Traditionally, relatedness is defined and estimated
for a large random mating population without close
and pervasive inbreeding (e.g., LyNcH and RITLAND
1999). In such a simplified situation, alleles within an
individual are always non-IBD while alleles between
individuals may or may not be IBD. To accommodate
inbreeding, however, the IBD status of alleles both
within and between individuals needs to be considered.
Among the two genes from individual X and two genes
from individual ¥, 15 mutually exclusive and exhaustive
IBD modes exist (JACQUARD 1972). When paternal and
maternal genes are not distinguished, the 15 IBD modes
reduce to 9 condensed identity modes (JACQUARD 1972;
Ly~ncH and WaLsH 1998) as defined in Figure 1. The
relationships among the four alleles are determined by
the probabilities of the 9 IBD modes, A = {Ay, Ao, ...,
Ao}, where A, is the probability of IBD mode D; (i =1,
2,...,9). The relationship between Xand Yis also fully
described by A. X and Y are more related when they
share more alleles IBD (e.g., D7 vs. Dg) and/or share
alleles IBD at a higher probability. A widely used
parameter that combines A; values to measure the total
degree of relatedness between X and Y is the coan-
cestry coefficient, 0 xy; which is the probability that two
alleles at a locus, one taken at random from X and
one from Y, are IBD. By definition,

1 1
eXy:A1+§(A3+A5+A7)+ZA8. (1)

An equivalent parameter is the relatedness coefficient,
rxy = 20y, as adopted in the literature (e.g., LyNCH and
RiTtLAND 1999). Note, however, ryy as defined above can
be >1 when there is inbreeding. The inbreeding co-
efficient of X (or V), which is the probability that the two
alleles of X (or Y) are IBD, can also be calculated from A,

FX:A1+A2+A3+A4,
Fy =A; + Ao + Ay + Ag. (2)

When both X and Y are noninbred, an assumption
made by most moment and likelihood estimators of
relatedness, then only three IBD modes are possible,
D7, Dg, and Dy. In this simple case, A; + Ag + Ag =1 and
A;j=0fori=1,2,...,6.
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F1cure 1.—Identity-by-descent modes of the four genes at a
locus of two diploid individuals. Each group of four dots repre-
sents an IBD mode, with the top pair of dots representing the two
genes in individual X and the bottom pair of dots representing
the two genes in individual Y. Genes connected by lines are IBD.

Corresponding to each of the nine IBD modes D, (i =
1,2,...,9) among the four alleles of Xand ¥, there is an
IIS mode S, S;is defined similarly to D; in Figure 1,
except that the alleles connected by a line are IIS rather
than IBD. All relatedness estimators infer rxy directly
(likelihood methods) or indirectly (moment methods)
from §; together with other information such as allele
frequencies.

Relatedness in structured populations: Traditional
relatedness models assume that individuals are sampled
from a large random mating population. Recently,
ANDERSON and WEIR (2007) proposed a model that
assumes that individuals come from one of the sub-
populations of a population whose allele frequencies
are known. Two individuals from a subpopulation are
related, relative to two individuals taken at random from
the entire population, because of the pervasive in-
breeding that leads to the differentiation of the sub-
population from other subpopulations (or from the
ancestral population) and because of any close in-
breeding or recent coalescences within the subpopula-
tion. Anderson and Weir are interested in estimating the
relatedness due to recent coalescences. The relatedness
due to pervasive inbreeding or population structure
can be filtered out by using the focal subpopulation as
reference, realized by estimating relatedness from the
allele frequencies of the focal subpopulation (direct
approach). Alternatively, this can also be achieved by
using the allele frequencies of the entire population
and accounting for pervasive inbreeding by F; (in-
direct approach). The latter approach, adopted by
Anderson and Weir, is deemed desirable when the
allele frequencies of the subpopulation are unavailable
or cannot be estimated reliably because of small sample
sizes.

Let us consider a marker with n codominant alleles,
A = {A, Ay, ..., A}, whose frequencies in the entire
population are p = {p, po, . . ., p,,}. The genotypes of two
individuals from a subpopulation must fall into one of
the nine IIS modes. The probability of each IIS mode,
given p, A, and the differentiation of the subpopulation
from the ancestral population (denoted by 6 from here

on for simplicity), was derived by Anderson and Weir as
listed in Table 1. When 6 = 0, allele frequencies in the
subpopulation are equal to those in the ancestral pop-
ulation, and the genotype pair probabilities listed in
Table 1 reduce to those in a large random mating pop-
ulation as derived before (MiLLiGAN 2003).
Likelihood estimator: The probability of observing a
particular IIS mode, S;, for two individuals at a single
locus, given their IBD coefficients A and the allele
frequencies, is equal to the likelihood of A,

=)

L(A) = Pr(S;|A) = Z (S:| Dy)A (3)

In (3), Pr(S;|D;) is listed in Table 1, A = {A}, Ao, ..., Ao}
are the parameters being estimated, and 0 is treated as
a known constant. In practice, 6 can be estimated from
allele-frequency data using methods, such as that of
WEIR and COCKERHAM (1984), that assume unrelated
and noninbred individuals. More desirably, a likelihood
method that jointly estimates 6 and pairwise relatedness
could be more accurate for both. Such a method is not
available yet and is out of the scope of this study. For
multiple loci in linkage equilibrium, the likelihood is
simply the product of the single-locus likelihoods.
Given a set of markers with known allele frequencies
in the entire population and the value of parameter 0,
the maximume-likelihood estimates of A for two individ-
uals conditional on their observed IIS modes can be
obtained by maximizing function (3) over the legiti-
mate parameter space (i.e., A]- =0forj=1,2,...,9,
subject to constraint Z?:l A; = 1). Relatedness between
the two individuals is then calculated by (1) using the
estimated A-values. It is impossible to solve (3) analyt-
ically. I use Powell’s quadratically convergent method
(PrESS et al. 1996) with slight modifications to solve this
nine-dimentional constrained maximization problem.
This method is chosen because it is derivative free
and simple to implement. Yet, tests using numerous
simulated and empirical data sets indicate that the
method converges reliably, with different initial values
and different initial searching directions of A leading to
the same maximum-likelihood estimates. Hereafter, this
estimator is referred as the full-likelihood estimator as it
estimates the full set of nine IBD coefficients between
two individuals. It is denoted as rq, and rq ) when
population structure is ignored (assuming 6 = 0) and
taken into account (assuming 6 > 0), respectively.
When the subpopulation from which individuals are
sampled is large and at random mating, then A =0 for
7=1,2,..., 6. In such a case, as was con51dered by
Anderson and Weir, only three IBD coefficients, A;, Ag,
and Ag, need to be obtained from (8) while the rest are
constrained to be zero. Hereafter, this is referred as the
reduced-likelihood estimator, denoted as 7., and 7, )
when population structure is ignored (assuming 6 = 0)
and taken into account (assuming 0 > 0), respectively.
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TABLE 1

Probability of identity-in-state modes S; given identity-by-descent modes D;

891

IBD modes
IIS mode Allelic state D1 DQ Dg D4 D5 DG D7 Dg Dg
S AALAA, Mio  MioMiy — MioMy Mio My Mig - MMy Mo Miy Mg MioMin - Mio M) M2 Mo My Mig M3
' T foo ) /i 2 /i /o /i /2 [
Mo Mo Mo Mo M1 M0 Mi1 Mo Mo My Mo Mjy
So AAA ]_Aj 0o —= 0 ORI 0 St 0 0 P S
S J2 e /s
. mio Mjo 2miomi Mmjo Mo Mi1 Mjo 2miomi mio Mo
Ss AALAA; 0 0 0 0 0 —_— _—
’ 7 fi [ J2 [
2miom; 2mi0mi1 M
Sy AALAA, 0 0 0 M 0 0 0 0 w
2 3
Mo Mjo 2mio ma Mmjo Mo Mi1 Mjo 2miomi mg Mmjo
S5 AALAA; 0 0 0 0 0 _— _
/ i S S Ve
2m 0 Mjo My 2mioma m;
Ss AALAA, 0 0 0 0 0 < Mio Mo Mko 0 0 2 Mo My Mjo Mo
f 2 f 3
s, At'A/',AéAi 0 0 0 0 0 0 QmiOij Mio mjo(mil + mjl) dmiomi Mjo Mj1
’ ’ f 1 f 2 f 3
i0 M dmiomy m
S AAAA, 0 0 0 0 0 0 0 Mo Mjo Mko Ao My Mjo Mo
e fs
So AMAAA, 00 0 0 0 0 0 w
3

Alleles with different subscripts are distinct. Parameters f; = [['_,(1 + (j — 1)) and m; = (1 + 0)p, + ;6.

Moment estimators: Current moment estimators
are biased when applied to individuals sampled from
a subpopulation and when the allele frequencies of
the entire population are used in the estimation, as
shown by ANDERSON and WEIR (2007). They derived
analytical functions of the biases of several moment
estimators in the special cases of a biallelic locus and a
locus with equi-frequency alleles. Below I study the
biases of these moment estimators in the general case
of a locus with an arbitrary number and frequency
distribution of alleles. This allows me to derive un-
biased moment estimators of relatedness in a struc-
tured population.

Estimator by QUELLER and GoopNicur (1989): One of
the earliest and most commonly used moment estima-
tor is that published by QUELLER and GOODNIGHT
(1989). There are a number of variants to this estimator,
and I choose to use the symmetric one obtained by
averaging the estimates using each of the two individ-
uals as reference. For individuals X and Y with
genotypes {a, b} and {c, d}, respectively, at a locus, the
estimator is

Buc T840+ dpc + 80 — 2(pa + po)
41+ 84 — pa— p»)
Buc T84 + 8y + 80 — 2(pe + pa)
4148, — pc— pa)
where alleles A;, Ao, ..., A, are denoted by a, b, ¢, dto

avoid subscripts, and 8 is the Kronecker delta variable
(8; =1if i=jand §; = 0 otherwise).

F=

;4

In the APPENDIX, I show that the expectation of (4) is

L 1-0 20
EV}<1+9>T+1+9’ 5)
where E is the expectation operator and ris the true
relatedness between X and Y. As can be seen, (4) is
unbiased only when 6 = 0, which is true if the
individuals come from a large random mating popula-
tion (or subpopulation) and the allele frequencies of
the population (subpopulation) are used in the esti-
mation. Otherwise, (4) is upwardly biased. The more
differentiated the subpopulations are, the larger the
biases.
Replacing the left side of (5) by the original estimator
(4) and solving for % I obtain an unbiased estimator in
the presence of population structure,

L (140), 20
rs_(le)r—ly (6)

where 7is given by (4). The unbiased estimator can
be regarded as the original estimator corrected for the
population structure or the misspecification of allele
frequencies, using the differentiation parameter 6. It is
unbiased regardless of the value of 6. When 6 = 0, it
reduces to the original estimator.

For multiple loci, the Queller and Goodnight estima-
tors, (4) and (6), are calculated by averaging the single-
locus estimates, following the literature (e.g., MILLIGAN
2003; ANDERSON and WEIR 2007). For simplicity, here-
after estimators (4) and (6) are denoted as roc and
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roG(s), Tespectively, where subscript “s” indicates struc-
tured populations.

Estimator by Lyncu (1988) and Li et al. (1993): Another
widely applied moment estimator is based on a similarity
index Syy defined as the arithmetic average fraction of
alleles at alocus in a reference individual (either Xor V') for
which there is another allele in the other individual (either
Yor X) thatisidentical in state (LyNncH 1988; L1 e al. 1993).
Thus, Sxy = 1 for genotype pairs { A;A; A;A;} or {A A, AjA,
Sxy = 0.75 for genotype pairs {AA,; AZ-A]-}, Sxy = 0.5 for
genotype pairs { A;Aj A;A.}, and Sxy = 0 for genotype pairs
{AA;, ApAyl. For a single locus, the estimator is

Sxy — So
1-S,

F= (7)
where Sy = 2as — as (with a,, =", p7* for m = 2, 3)
is the expected similarity index for unrelated individ-
uals in a large random mating population. In a struc-
tured population, the average similarity index for
individuals X and Y with relatedness r can be derived
(see APPENDIX) as

E[Sxy] (8)
_ So+8(2—S0) +(1—-6)(1—S)r  6(1—6)(as—as)(1—7)
N 1+86 1+86 ’

where S is as defined in (7). When 6 = 0, (8) reduces to
E[Sxy] = 7(1 — So) + So as derived before (e.g., LI et al.
1993). Equation 8 indicates that two individuals taken
from a subpopulation are similar in genotypes because
of 8 (common ancestry) as well as r (relatedness) and S
(chances). Inserting (8) into (7) yields the expected
value of (7):

20+ (1—0)r  6(1—0)(ay—as)(1— 1)

Elf] = 1+6 (140)(1 - Sp) )

Equation 9 shows that (7) is unbiased only when 6 = 0.
Otherwise, it is upwardly biased, giving relatedness estimates
larger than the true value. Unlike the Queller and Good-
night estimator, however, the extent of the bias depends not
only on parameters of 6 and 7 but also on the marker allele-
frequency distributions that determine @ and as. For the
special case of equiHrequency alleles, (9) reduces to

g = 0 L=0)r 00 -0 -1)

1+6 (1+6)(n—1)"

which is identical to Equation Al16 of ANDERSON and
WEIR (2007), noting that ryy = 20xy.
An unbiased estimator can be derived from (9), which is

(1+0)(1 - Sxy)
(1=6)(1—(2—6)ag + (1 —6)as)’

K=1-— (10)
For simplicity, hereafter estimators (7) and (10) are
denoted as 1y, and ryy ), respectively.

Estimator by Rittanp (1996): An estimator derived in
RiTLAND (1996) and L1 and HorviTz (1953) is

. 2 ~S;
Tn—ll(;ﬁ>1]’ (11)

where S, the similarity for allele i between individuals
Xand Y, takes a value of 0 (if Xand Y do not share any
iallele), 0.25 (if both Xand Yhave a single ¢allele), 0.5 (if
one individual has two and the other individual has one
allele), and 1 (if both Xand Y have two i alleles).

As shown in the APPENDIX, the expected value of (11) is

E[f] =20+ (1 — 0)r. (12)

Like other moment estimators shown above, therefore,
estimator (11) is unbiased only when 6 = 0. Otherwise, itis
upwardly biased. An unbiased estimator accounting for
the population structure can be obtained from (12) as

(13)

where 7 is the original estimator given by (11). For
simplicity hereafter, estimators (11) and (13) are
denoted as g and rg(), respectively.

Estimator by LyncH and RitLanp (1999): The estimator
of relatedness between individuals X and Y with geno-
types {a, b} and {c, d}, respectively, is

Pa(®sc + 84a) + pu(Bac +84a) — 4paps
2(1+8um)(pa+ o) — 8paps
N Dpe(Bda T 8m) + pa(dca +84) — 4pcpa
2(1+8.)(pe + pa) —8pepa

f:

(14)

where the delta variables are defined as in (4). For mul-
tiple loci, the overall estimate is obtained by weighting
single-locus estimates, using the weights of Lynch and
Ritland (their Equation 7a).

In a structured population, it is shown in the
APPENDIX that (14) has the same expectation as rga.
Therefore, the bias is given by (5) and the unbiased
estimator is given by (6), where 7is calculated by (14)
instead of (4). From here on, the multilocus symmetri-
cal estimator of LyncH and RitraND (1999) is denoted
as rpg and rgg) for unstructured and structured
populations, respectively.

Estimator by Wanc (2002): WANG (2002) proposed an
estimator that uses the similarity index of Lynch (1988)
and L1 e al. (1993) to estimate both A; and Ag and thus ~
He classified genotype pairs into four exclusive similar-
ity categories, with categories 1, 2, 3, and 4 containing
genotype pairs that have similarity index values [as
defined in (7) above] of 1, 0.75, 0.5, and 0, respectively.
The genotype data of individuals X and Y are summa-
rized into a set of four indicator variables, P;, fori=1, 2,
3, and 4. If the genotype pair of X and Y falls into
category i, then P; = 1and P; = Oforj=1,2,3,4and j#
i. The relatedness estimator turns out to be the same as
that of LyncH (1988) and L1 et al. (1993) for the case of
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TABLE 2
A list of the estimators compared in this study

Estimator Allowing for Allowing for Plotting
abbreviation Source Equation  population structure  close inbreeding  symbol
T, This study (3) No Yes ¢
TeL(s) This study (3) Yes Yes .
i ANDERSON and WEIR (2007) (3) No No *
Tris) ANDERSON and WEIR (2007) (3) Yes No *
roG QUELLER and GOODNIGHT (1989) (4) No No A
rQG(s) This study (6) Yes No A
rLL LyncH (1988); L1 et al. (1993) (7) No No Ag
TLL(s) This study (10) Yes No bAq
R L1 and Horvrtz (1953); RitLAND (1996) (11) No Yes O
TR(s) This study (13) Yes Yes O
YLR LyncH and RiTranp (1999) (14) No No &
TLR(s) This study (6) Yes No &
rw Wane (2002) (15) No No A
Tw(s) This study (16) Yes No A

The original source and equation (in this article) are listed in columns 2 and 3, respectively.

biallelic loci (WANG 2002). For loci with three or more
alleles, the estimator is

c1 — 1P — 9Py — ¢3Ps

F=1-—

: (15)
Cl — C1€1 — (269 — (3¢€3

where constants ¢; = 2bges + 2bses + eges((ea + e3)es +
4eges + (1 — 1 +2e5)(es T e5)), co = bi(ba + eses(es +
€)), ¢3=>0b1(bs+ eses(este5)), e =2a3— as, e =
4(as — as), and e5 = 4(as — a3 — 2as + 2a,), in which
by=1—e; —2e5, bo = (1 —e; — e3)esey, by = (1 — e —
es)eses, e = 2(as — 3as + 2a4), e5 = as — 2a3 + a4, and
¢6 =1 —Tas + 4a3 + 10as — 8ay.

In a structured population, the expectation of (15) is
a complicated function of the moments of allele-
frequency distribution (a,, m = 2 ~ 4), r and Ag, as
shown in the appENDIX. This relatedness estimator is
unbiased when 0 = 0, but is upwardly biased when 0 >
0, like the other moment estimators. Furthermore, the
extent of bias depends not only on 6, but also on Ag
(arPENDIX). However, the coefficient of Ag in the
expectation is always very small (<0.05). Therefore an
almost unbiased estimator when 6 > 0 can be derived by
ignoring the term of Ag,

Tt

(1+60)(1+20)(c; — 1Py — caPs — ¢c3Ps3)
(1=0)(c1 — crdy — cody — csds)
(16)

A=

where three constants additional to those in (15) are
dy = er(1—0)°—40(1+0)+0(4+50)ay + 20(1 — 0)as,
do = eo(1 —0)° + 80%(1 — ay) + 120(1 — 8) (ay — as),
andds = (1 —0)(es + 06(4 — ¢5 — 12a9 + 8as)). Hereafter,
(15) and (16) are denoted as ry and rys) for unstructured
and structured populations, respectively.

For easy reference, the abbreviations, original sour-
ces, equations (in this article), some properties, and

plotting symbols of the estimators compared in the
present study are listed in Table 2.

Simulations: Simulations were conducted to check
and compare the accuracies of different estimators in
various circumstances. In the first set of simulations, I
assumed both the allele frequencies of the entire
population and the parameter 8 were known and were
used in estimating the relatedness between individuals
taken from within a subpopulation. The simulation
began with the generation of allele frequencies of the
entire population, assuming an equal allele frequency

(pi=1/n for i = 1, 2,..., n), a uniform Dirichlet
frequency distribution, or a triangular frequency dis-
tribution [p, =i/t for i = 1, 2,..., n, where

t = n(n+1)/2]. The allele frequencies of a subpopula-
tion were generated from the Dirichlet distribution
using the parameter 0 and the allele frequencies of the
entire population, as described in WEIR (2003). The
genotypes of two individuals with a given relationship,
parent—offspring (PO), fullsib (FS), halfsib (HS), and
unrelated (UR), are then generated at each of a number
of marker loci using the allele frequencies of the sub-
population. The individual genotypes, together with the
allele frequencies of the entire population and the known
parameter 0, were then used as data in estimating
relatedness by various estimators. The factors considered
in this set of simulations are the level of differentiation (8)
and the number of markers, each having either 10 or 2
alleles to mimic microsatellites and SNPs, respectively.
The second set of simulations was conducted simi-
larly, except for the relationships and the factors
considered. Instead of the four relationships (UR, PO,
FS, and HS) without close inbreeding, I considered full-
sibs from parents who are themselves full-sibs (FSFS).
The IBD coefficients for this relationship are
A={g, L 4 L 4 1 6 1 2

5,@,5,5,5,5,5,5,5},andthe true related-
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F1GURE 2.—Bias and MSE of relatedness estimates for unrelated (UR), parent-offspring (PO), full-sib (FS), and half-sib (HS)
individuals drawn from a subpopulation, as a function of the differentiation (0) of the subpopulation from the ancestral popu-
lation. Relatedness was estimated assuming either a large random mating population (6 = 0, rows 1 and 3) or a structured pop-
ulation with known 6-value (rows 2 and 4). In both cases, the allele frequencies in the entire population are assumed known and
used in the estimation. Ten markers, each having 10 alleles with frequencies in a uniform Dirichlet distribution, are used for
estimating relatedness. The symbols in the plot are listed in Table 2, which are as follows: A, ry and rw(s); W, oL and rop);
0, TLR and TLR(s)> D, TR and TR(s)> A, QG and TQG(s)» and *, Tyl and TrL(s)-

ness between and inbreeding coefficient of individuals latedness between the focal individuals. The indirect
are é—z and i, respectively. The factor considered in this approach is to use the samples from each subpopula-
set of simulations is the number of markers, each having tion to estimate the allele frequencies of the entire
10 alleles with frequencies in a subpopulation drawn population and parameter 0, which are then used in
from the Dirichlet distribution given 6, which is fixed at estimating relatedness as shown in simulation set 1. In
0.1. Relatedness was estimated by the moment estima- both approaches, allele frequencies can be estimated by
tors and the likelihood estimator with and without close simple allele counting, assuming all sampled individuals
inbreeding taken into account, using the allele frequen- are unrelated. Parameter 6 in the indirect approach can
cies of the entire population and the known parameter 0 be estimated by several methods, such as that of WEIR and
to account for pervasive inbreeding. CockerHAM (1984). In this set of simulations, however, I

The third set of simulations dealt with the more use the simulated parameter value of 0 in relatedness
realistic situation where allele frequencies are unknown. estimation to obtain the maximally achievable accuracy
What one has is a sample of individuals (i.e., multilocus for this approach. Simulations were conducted similarly
genotypes) from each of one or more subpopulations. In to those in the first set, except for allelefrequency
such a situation, two approaches can be adopted in estimation (as briefed above) and the factors considered.
estimating the relatedness between two (focal) individu- I considered UR and FS relationships and different
als taken from within a (focal) subpopulation. The direct sample sizes and different numbers of subpopulations
approach is to estimate the allele frequencies of the focal that were sampled. A fixed value of 8 = 0.1 was used in
subpopulation, using the sample from it. The estimated simulations and was used in relatedness estimations in the

allele frequencies are then used in estimating the re- indirect approach.
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Ficure 3.—MSE of relatedness estimates for unrelated (UR) and full-sib (FS) individuals drawn from a subpopulation, as a
function of the number of markers used in the estimation. The subpopulations are differentiated with a parameter value of 6 =
0.1. Relatedness was estimated assuming either a large random mating population (6 = 0, columns 1 and 3) or a structured pop-
ulation with known 6-value (columns 2 and 4). In both cases, the allele frequencies in the entire population are assumed known
and used in the estimation. For microsatellites and SNPs, each marker has 10 and 2 alleles, respectively, whose frequencies in the
entire population are drawn from a uniform Dirichlet distribution. The plotting symbols for the different estimators are listed in
Table 2. For SNPs, the estimator of WANG (2002) and that of LyncH (1988) and L1 et al. (1993) are identical and thus only the
latter is shown.

In each set of the simulations described above, k = The MSE of each estimator increases with an in-
100,000 replicates were conducted for each set of pa- creasing value of 6, when a large random mating
rameters. The performance of an estimator was mea- population is assumed (0 = 0). This is true for all four
sured by the mean of the k replicate estimates, which relationships considered. rg has the highest MSE while
informs the bias when it was compared with the true the likelihood estimator (r,1,) has usually the lowest or
simulated value of relatedness. The overall perfor- close to the lowest MSE. When population structure is
mance was measured by mean squared error (MSE), taken into account, the MSE is reduced for all estima-
calculated as (1/k) 3% (7, — r)*, where #, is the estimate tors, except for ry(s) in the cases of PO and FS pairs. The
in replicate ¢ (1 ~ k), and ris the simulated value of reduction in MSE is expected as the bias component
relatedness. Likelihood estimates are constrained to the in MSE is removed when population structure is
legitimate range of [0, 1], while moment estimates are accounted for. The reason that rg(s) has a larger MSE
not. For a fair comparison in MSE between moment than rg is that the former has an increased variance over
and likelihood estimators, moment estimates are trun- the latter. On the basis of MSE, r,1 ), rw(s), TL1(s), and
cated to force into the range of [0, 1] before calculating roGs) have the best performance across the four
MSEs. relationships and the range of 0 values considered.

Among the six estimators compared, rg and rg(s) are
the least accurate as measured by MSE when 0 is

RESULTS substantial. This is because this estimator is sensitive to

Consequences of ignoring population structure: The rare alleles that could lead to extreme estimates. Under
bias and MSE of different estimators with and without the uniform Dirichlet distribution, some alleles at a
population structure taken into account are compared 10-allele locus may have low frequencies. Both rg and
in Figure 2. It is clear from Figure 2 that all estimators Tr(s) become increasingly sensitive to rare alleles with an
are upwardly biased when they assume a large random increasing 6. This is because, for a given allele with a
mating population (6 = 0) but are applied to a struc- low frequency in the entire population, the probability
tured population (6 > 0). The extent of bias increases that it has a substantial frequency in the focal sub-
roughly linearly with an increasing value of 6. The population and thus appears in the genotypes of the
highest bias occurs to estimator rg, while the other focal individuals increases with 6. The advantage of
estimators (including r,1,) have a similar degree of bias. this estimator over others in the case of unrelated or
When population structure is taken into account, all loosely related individuals in a large random mating
moment estimators become unbiased irrespective of the population (6 = 0), as demonstrated before (e.g.,
value of 0. The likelihood estimator, 7,1s), has a small WANG 2002), is lost when it is applied to a structured

upward bias because itis constrained to be nonnegative. population (6 > 0).
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Similar results to those shown in Figure 2 are obtained
for an equal or a triangular allele-frequency distribu-
tion. The main difference is that rg and rg) do not
perform as poorly in comparison with the other es-
timators when 0 is substantial.

Effect of type and number of markers: Figure 3
compares the MSEs among estimators when a variable
number of microsatellites and SNPs are used in re-
latedness estimation. Confirming the results in Figure
2, accounting for population structure leads to a
decrease in MSE for both microsatellites and SNPs
and for all estimators except for that of RITLAND
(1996). When population structure is ignored, MSE
tends to attenuate with an increasing number of
markers. This is because MSE is increasingly domi-
nated by the bias rather than sampling errors of the
estimators with an increasing number of markers.
Because of the misspecification of the relatedness
model, more markers lead to just a smaller sampling
variance but have no effect on the bias. Therefore,
using unbiased estimators is especially important now
that more and more markers are routinely genotyped
at ease and used in relatedness analyses.

Figure 3 also shows that a microsatellite gives much
more information than a SNP. However, given a sufficient
number of SNPs, they can still yield accurate relatedness
estimates. For SNPs that have two alleles per locus, several
moment estimators have peculiar and undesirable prop-
erties as discussed in the literature (e.g., LyNcH and
RrTLAND 1999; WANG 2002). This is especially obvious for
roc and rogs), which become undefined if the reference
individual is a heterozygote. Although rg¢s) performs
well for microsatellites, it no longer falls into the top
performance group of estimators for SNPs.

When population structure is accounted for, the best
estimators are 7, (s), Tw(s), and rys) regardless of the
actual relatedness (UR or FS) and the marker types and
numbers. The likelihood estimator, 7,1, is not obvi-
ously more accurate than the best moment estimators,
even when hundreds of markers are used.

Close inbreeding: Figure 4 compares the bias and
accuracy of moment and likelihood estimators for

320

closely inbred individuals (FSFS) taken from a sub-
population, as obtained from the second set of simu-
lations. As can be seen, 7y is the only one of the
moment estimators that provides unbiased estimates of
relatedness for closely inbred individuals (WANG 2007).
The remaining four moment estimators are downward
biased, and the bias is constant irrespective of the
number of loci. When close inbreeding is unaccounted
for, the likelihood estimator, r,s), is even more biased
than moment estimators. However, when close in-
breeding is taken into account, the likelihood estima-
tor, rg sy, quickly becomes unbiased with an increasing
number of markers. Although unbiased, rg(s) is the least
accurate estimator, except when the number of markers
is extremely large. This is because, as discussed before,
rr(s) is very sensitive to rare alleles and could yield
extreme estimates. Its high MSE is dominated by its high
sampling variance. The likelihood estimator is the most
inaccurate when close inbreeding isignored [7,(s)], but
becomes the most accurate when close inbreeding is
accounted for [ry )] and the markers are numerous.
With just a few markers (say, =20), rqs) is outper-
formed by the best moment estimators [rws), 7Li(s), and
roG(sy]. This is because the full-likelihood model is
overparameterized and thus is data hungry. Only with
sufficient marker information does it give satisfactory
estimation of the full set of nine IBD coefficients and
thus accurate estimation of inbreeding and related-
ness coefficients. This implies that, in the absence of
sufficient marker information in practice, inbreeding
is better ignored in estimating relatedness. The esti-
mates thus obtained may be slightly biased, but are
more accurate than the unbiased estimates obtained by
using the full-likelihood method that takes inbreeding
into account.

Comparison of two approaches: Figure 5 compares
the bias and accuracy of different estimators when allele
frequencies are unknown but estimated from samples,
as obtained from the third set of simulations. As can
be seen, three moment estimators, 7y, r.L, and 7og,
quickly become unbiased with an increasing sample size
for both FS and UR relationships when the direct
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F1cure 5.—Bias and MSE of relatedness estimates for unrelated (UR) and full-sib (FS) individuals drawn from a subpopulation,
as a function of sample size (number of individuals) used in estimating allele frequencies. The subpopulations are differentiated
with a parameter value of 8 = 0.1. Relatedness was estimated using the estimated allele frequencies of either the focal subpop-
ulation (the direct approach, first row) or the entire population together with the parameter value of 6 = 0.1 (the indirect ap-
proach, second row). In the latter case, allele frequencies were estimated from samples from 10 subpopulations. Ten markers,
each having 10 alleles with frequencies in a uniform Dirichlet distribution, are used for estimating relatedness. The plotting sym-

bols for the different estimators are listed in Table 2.

approach was adopted. In contrast, all estimators are
biased for both relationships when the indirect approach
was adopted. In general, the direct approach is less biased
than the indirect approach for each estimator, except
when RITLAND’s (1996) estimator is used for FS. For the
overall accuracy measured by MSE, the direct approach
is always better than the indirect approach for all
estimators and relationships considered. For UR, MSE
increases with an increasing sample size for all estima-
tors in both approaches. This is counterintuitive and
occurs because MSE is calculated from relatedness
estimates that are truncated to the range of [0, 1]. The
proportion of negative estimates increases with a
decreasing sample size. The truncation in both likeli-
hood (automatic) and moment (artificial) estimators
leads to a decrease in sampling variance and thus a
reduction in MSE. Because truncation is more fre-
quentwith asmaller sample size, MSE increases with an
increasing sample size.

Overall, the direct approach is clearly less biased and
more accurate than the indirect approach. This is true
even when the simulated parameter value of 0 is used in
the indirect approach. In reality, however, 0 is unknown
and has to be estimated from samples. Using estimated
rather than true values of 0 is expected to make the
indirect approach even worse. The main cause of the

inaccuracy of the indirect approach is that allele fre-
quencies of the entire population are difficult to es-
timate. The more differentiated a population is, the
more subpopulations need to be sampled to estimate its
allele frequencies accurately. Figure 6 illustrates the
effect of the number of subpopulations that are sam-
pled to estimate population allele frequencies in the
indirect approach. A sample of 80 individuals was taken
from each of a number of subpopulations in a popula-
tion with a differentiation parameter value of 6 = 0.1
and was used to estimate the population allele frequen-
cies. The estimated population allele frequencies to-
gether with the parameter value of 6 = 0.1 are then used
to estimate relatedness by different estimators, using 10
markers each having 10 alleles with a uniform Dirichlet
frequency distribution. Figure 6 shows that all estima-
tors, except for 7, (s in the case of UR, become less
biased with an increasing number of sampled subpopu-
lations. All estimators become more accurate for FS but
less accurate for UR with an increasing number of
sampled subpopulations. The counterintuitive result
with UR is again caused by truncation. MSE always
decreases with an increasing number of sampled sub-
populations for all five moment estimators, when it is
calculated from the original relatedness estimates with-
out truncation (data not shown).
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FIGURE 6.—Bias and MSE of relatedness esti-
mates for unrelated (UR) and full-sib (FS) indi-
viduals drawn from a subpopulation, as a
function of the number of subpopulations sam-
pled in estimating population allele frequencies.
The subpopulations are differentiated with a pa-
rameter value of 6 = 0.1. Relatedness was esti-
mated using the estimated allele frequencies of
the entire population together with the parame-
ter value of 6 = 0.1. Ten markers, each having 10
alleles with frequencies in a uniform Dirichlet
distribution, are used for estimating relatedness.
The symbols in the plot are listed in Table 2.

DISCUSSION

The coefficients of inbreeding of and relatedness
between individuals have an implicit reference popula-
tion in which they are defined as zero (Rousser 2002).
In other words, genes at a locus, whether they are found
within or between diploid individuals, are expected to
be nonidentical by descent in the reference population.
Without this initial condition as reference, it is impos-
sible to measure IBD between genes and thus related-
ness between individuals. Therefore, the magnitudes of
both inbreeding and relatedness coefficients change
with a shift in the reference. For a single isolated
population, the relatedness between two individuals
increases when the reference moves backward in gen-
erations (time). For a subdivided (or structured)
population, the relatedness between two individuals in
a subpopulation increases as the reference moves back-
ward in time and/or moves from the focal subpopula-
tion to alarger number of subpopulations. In practice, it
is the population whose allele frequencies are used in
estimating relatedness that acts as the reference. When
the same sample is used in estimating both allele
frequencies and relatedness, therefore, the average
relatedness across all possible pairs of individuals in
the sample is expected to be close to zero.

In the real world, the assumption of a large random
mating population made by most estimators is rarely
satisfied. In a structured population, the relatedness
between two individuals within a subpopulation can be

measured with respect to the focal subpopulation or the
entire population. The former gauges the relatedness due
to recent coalescences that occurred within the subpop-
ulation, while the latter gauges the total relatedness due to
both recent and ancient coalescences that occurred within
the entire population. In this investigation, I focused on
the former, since most applications of relatedness are
found in fine-scale genetic studies of populations in the
immediate or short timescale.

Following the model of ANDERsON and WEIR (2007), I
studied the estimation of relatedness of two individuals
within a subpopulation and with respect to it. The
estimation was made using the allele frequencies of the
entire population and the differentiation among sub-
populations, 6. Confirming the model of ANDERSON
and WEIR (2007), I found that all current estimators
assuming a large random mating population are up-
wardly biased when applied to a structured population.
The extent of the bias depends on 0 and the estimator
(Figure 1). I derived the expectations of different
moment relatedness estimators for a marker with an
arbitrary allele-frequency distribution, which led to
modified moment estimators that are unbiased for a
structured population. Simulations confirm that these
modified moment estimators are not only unbiased
regardless of 6, but also more accurate than the original
estimators for all pairwise relationships considered
(Figures 1 and 2). The likelihood estimator is upwardly
biased for unrelated or slightly related individuals even
when population structure is taken into account. This



Relatedness Estimation 899

is because the estimator is constrained to the range of
[0, 17, and the true relatedness is at or close to the lower
bound of the range. Simulations indicate that its
accuracy is close to but never substantially higher than
that of the best moment estimator for all pairwise
relationships. This is true even when hundreds of SSRs
or SNPs are used, confirming previous studies (e.g.,
LyNcH and RitLanDd 1999; WanG 2002). It could be-
come the most accurate estimator when many markers
of very different information content are used.

An advantage of the likelihood method is its flexibil-
ity. As shown in this study, the likelihood method can
be made to estimate the full set of nine IBD coefficients
(and thus the inbreeding coefficients of and relatedness
between individuals) by accounting for both population
structure (pervasive inbreeding) and close inbreeding.
In contrast, among the available moment estimators
only that of RitLAND (1996) can accommodate both
types of inbreeding. Unfortunately, this estimator is very
sensitive to rare alleles. Although it is among the top
estimators for unrelated or slightly related individuals
when 0 is small, it performs poorly for close relation-
ships such as sibship and parentage or for highly
differentiated populations. My simulations in Figure 4
show that with close inbreeding, all estimators that
ignore inbreeding become downwardly biased, while
estimators that allow for inbreeding are either always
unbiased [moment estimator, rg()] or quickly becom-
ing unbiased with an increasing amount of marker
information [likelihood estimator, rq s)]. In terms of
accuracy, rg sy becomes the best only when a sufficient
number of markers are used in the analysis. Otherwise,
it is less accurate than estimators that ignore close
inbreeding. This is because the full-likelihood model
has to estimate six more parameters than the reduced
(noninbreeding) model. The results imply that, in
practical situations where <15 SSRs are available, it is
better to ignore close inbreeding even if it is present.

An alternative and direct approach to estimating the
relatedness between individuals from a subpopulation
with respect to it is to use the allele frequencies of the
focal subpopulation. In the common case of unknown
allele frequencies, they can be estimated from the same
sample that is analyzed for relatedness. Indeed, simu-
lations show clearly that this direct approach is more
accurate than the indirect one that uses the entire
population as the reference and accounts for popula-
tion structure by using 6. This is true even when the size
of the sample from the focal subpopulation is small
(~40 individuals) and the true value of 0 is used in the
indirect approach (Figure 5). Estimating the allele
frequencies of the entire population is much more
difficult than estimating that of a single subpopulation,
because sampling errors occur both between and within
subpopulations in the former but just within a subpopu-
lation in the latter. Therefore, a large number of individ-
uals from each of a large number of subpopulations must

be sampled to obtain accurate allelefrequency estimates
of the population (Figures 5 and 6). The sampling of
subpopulations is expected to have an especially large
impact when the population is highly differentiated. In
the real world, a population may have a cryptic structure,
may have a continuous geographic distribution, or may
have subpopulations with different sizes and extents of
differentiation. These complexities make the estimation
of allele frequencies of the entire population difficult in
practice. It is even more difficult to accurately estimate £,
because it depends also on factors other than population
structure. Highly polymorphic microsatellites usually lead
to a much lower estimate of F, than the biallelic marker
SNPs, for example (HEDRICK 1999).
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APPENDIX

Here I consider the biases of several moment estimators when they are applied to estimating the relatedness of two individuals
taken from a large random mating subpopulation of the population whose allele frequencies are used in the estimation. The
biases are caused by the population structure, or the background relatedness 6, which is ignored by these estimators. Since the
subpopulation is assumed large and with random mating, only three IBD coefficients, 6+, 0s, and 0y, are relevant.

Estimator by QUELLER and GOODNIGHT (1989): The expected value of estimator (4) can be derived by considering
all possible genotype combinations at a locus of two individuals from a subpopulation and averaging their relatedness
as calculated by (4). The genotype pairs are in nine IIS modes, as listed in the nine rows of Table 1. For each IIS mode,
only three IBD modes D;, Dg, and Dy, listed in the last three columns of Table 1, need to be considered. Denoting the
estimated relatedness between Xand Y with genotypes {A,-Aj} and {A,A;} as 7[i], k], its expected value is
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where ¢, = 1 —§,, in which the Kronecker delta variable 8,, = 1 if a = band §,, = 0 otherwise. Term ¢ on the right
side of (A1) corresponds to lISmode i (i=1,2,...,9). Inserting f; = [[{_,(1 + (j — 1)6), m; = (1 + 8)p; + j6,and (4)
into (Al) and after some tedious algebra, I obtain (5), which is identical to that derived by ANDERSON and WEIR
(2007) for the special case of equi-frequency alleles.

Estimator by LyNcH (1988) and L et al. (1993): Using Table 1, the expected similarity index between individuals X
and Y taken from a subpopulation is derived as
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Terms 1, 2, 3, and 4 on the right side of (A2) correspond to IIS modes S, S5 + S5, S7, and Sg, respectively. It leads to (8)
when f; = [T/_,(1+ (j — 1)6) and m;; = (1 + 0)p, + j0 are inserted and is simplified after some tedious algebra.

Estimator by RITLAND (1996): This estimator was not considered by ANDERSON and WEIR (2007). Similar to the
estimator by QUELLER and GOODNIGHT (1989), the expected value of this estimator is given by (Al), where 7[ij, k|
denotes the relatedness estimated by (11) [rather than by (4)] between X and Y with genotypes {A;A} and {A;Aj.
With the same simplifying procedure, the expectation reduces to (12).

Estimator by LyNcH and RiTtLAND (1999): The expected value of the Lynch and Ritland estimator is given by (Al),
where 7[i], kl] denotes the relatedness estimated by (14) between Xand Ywith genotypes {A;A} and {A,Ajl. After some
tedious algebra, the expectation reduces to (5), the same as the Queller and Goodnight estimator.

Estimator by WANG (2002): The similarity index between the genotypes of individuals X and Y falls into four
exclusive categories, with categories 1, 2, 3, and 4 containing genotype pairs that have similarity index values of 1, 0.75,
0.5, and 0, respectively. The expected frequency of category i (i =1, 2, 3), E[P;], is derived from Table 1:
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Replacing P;in (15) by its expected value E[P;] derived above for i = 1, 2, and 3, I obtained (after some algebra) the
expected relatedness

1-6
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where v = (1-— 6’1)2(8364 +eoed) — (1 —e1)((eseq — eze(,) — 2e9ese5(es + e5)) + eaesei(ea + e3). Inserting Ag =1 — A,
—Ag into (A3), it can be rearranged as functions of r= A; + Ag/2 and Ag. This means that, when 6 > 0, the expectation of
the Wang estimator varies with Ag as well as the true relatedness » However, the coefficient of Ag is always very small and can
be ignored to obtain an almost unbiased estimator, (16).



