Relatedness

Two individuals are related if
they have a recent common
ancestor, where ‘recent’

can be variously defined

as outlined under IBD
(identity-by-descent).
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Is it still useful?

Relatedness in the post-genomic era:

Doug Speed'’ and David J. Balding'?

Traditional measures of relatedness, which are based
on probabilities of IBD (identity-by-descent) from
common ancestors within a pedigree, depend on the
choice of pedigree. However, in natural populations
there is no complete pedigree or any optimal pedigree
that could form the basis of a canonical definition of
relatedness. Moreover, the random nature of recom-
bination during meiosis means that expected genome
sharing specified by IBD probabilities is an imprecise
guide to actual genome sharing: human half-siblings
are expected to share half of each chromosome that
they received from their common parent, but the 95%
credible interval for their actual amount shared ranges
from 37% to 63% (see below). More recent approaches
use genetic markers either to estimate IBD probabili-
ties in an unobserved pedigree, of which founders are
assumed to be unrelated, or to identify shared genomic
regions that are unaffected by recombination since
their most recent common ancestor (MRCA). These
approaches also suffer from difficulties (see below).
Although the problems in defining and measuring
relatedness have been appreciated by some authors',
no better approach has gained widespread accept-
ance, and the implications of different approaches for
applications are rarely noted.

Genome-wide single-nucleotide polymorphism
(SNP) data now allow us to measure realized genome
sharing with great accuracy and without reference
to pedigree-based concepts, but this advance brings

Abstract | Relatedness is a fundamental concept in genetics but is surprisingly hard to
define in arigorous yet useful way. Traditional relatedness coefficients specify expected
genome sharing between individuals in pedigrees, but actual genome sharing can differ
considerably from these expected values, which in any case vary according to the
pedigree that happens to be available. Nowadays, we can measure genome sharing
directly from genome-wide single-nucleotide polymorphism (SNP) data; however,
there are many such measures in current use, and we lack good criteria for choosing
among them. Here, we review SNP-based measures of relatedness and criteria for
comparing them. We discuss how useful pedigree-based concepts remain today and
highlight opportunities for further advances in quantitative genetics, with a focus on
heritability estimation and phenotype prediction.

new problems. First, two haploid human genomes are
typically identical at >99.9% of sites owing to shared
inheritance from common ancestors. However,
sequence identity across SNPs is much lower. SNP-
based measures of genome similarity will depend sen-
sitively on the minor allele fractions (MAFs) of the
SNP set, which reflect both choice of SNP genotyping
technology and the quality control procedures used.
Even when the SNP set is fixed, there remain many
ways to measure the similarity of genomes, and we
lack criteria to choose among them. The usual statisti-
cal criteria of bias and precision of an estimator are less
useful for natural populations because of the lack of an
interpretable relatedness parameter to be the target of
estimation (see below).

In this Review, we argue that IBD-based concepts
of relatedness are now of limited value in genetics.
Many previous uses can now be replaced by models
and analyses that are based directly on actual genome
similarity, although much work remains to be done to
define concepts and to evaluate measures of genome
similarity in the post-pedigree era. We begin with a
recap and critique of pedigree-based relatedness, but
our main focus is on SNP-based measures. Therefore,
we complement a previous review that focused on
pedigree-based relatedness®. We also discuss how
relatedness can be defined in terms of genome-wide
distributions of time since the MRCA (TMRCA). This
seems to provide the most promising route to a
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IBD

(Identity-by-descent; also
identical-by-descent). The
phenomenon whereby two
individuals share a genomic
region as a result of inheritance
from a recent common
ancestor, where ‘recent’ can
mean from an ancestor in a
given pedigree, or with no
intervening mutation event
or with no intervening
recombination event.

Pedigree
A set of individuals connected
by parent—child relationships.

Most recent common
ancestor

(MRCA). Although the
ancestries of two alleles may
both pass through the same
individual, they pass through
different alleles with
probability 0.5, in which
case that individual is not
the MRCA of the alleles.

Time since the MRCA
(TMRCA,; in generations).

If the times back to a common
ancestor differ between two
individuals, then the average
isused.

Heritability

The proportion of phenotypic
variation that can be attributed
to any genetic variation
(broad-sense heritability) or

to additive genetic variation
(narrow-sense heritability (h?)).

Lineage paths

Sequences of parent—child
steps linking individuals with
length equal to the number
of steps.

Coancestry

(6). A kinship coefficient
defined as the probability that
two homologous alleles, one
drawn from each of two
individuals, are IBD
(identical-by-descent).

Inbreeding coefficients
The coancestries of the two
parents of an individual.

Box 1 | Defining and measuring pedigree-based relatedness

Relatedness is popularly understood in terms of the
shortest lineage path (or paths) linking two individuals;
for example, cousins are linked by two lineage paths each
of length four. However, pairs of individuals are linked by
many lineage paths. Coefficients that incorporate all
lineage paths within a specified pedigree have been
developed since the 1940s2%%¢, The kinship coefficient
(or coancestry) of individuals B and C is the probability
that two homologous alleles, one drawn from each of two
individuals, are IBD (identical-by-descent). It can be
computed as follows.

06,0 =3 LA

A 29A+1

(13)
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.

C

In this equation, the sum is over every most recent common ancestor (A) of B and C in the pedigree (‘most recent’
means that no descendant of A is also a common ancestor of B and C), g, is the number of parent—child links in the
lineage path linking B and C via A, and f, is the inbreeding coefficient of A, which equals the coancestry of its parents.

In the pedigree shown (see the figure), assuming unrelated founders, half-siblings B and C have one common
ancestor Awith g, =2, s0 6(B,C)=1/2°=1/8. Cousins B and D have two common ancestors E and F, withg,=g,=4,

50 6(B,D)=2x(1/2°)=1/16. If in fact E and F were related with 6(E,F)=1/20, then f, =1/20 and 6(B,C) = (1 + 1/20)/2° = 21/160.

0 (B,C) can be interpreted as the expected IBD fraction for two alleles at a locus, one each from B and C. There are 15
possible IBD states for the four alleles of B and C, which reduce to 9 if we regard each individual’s two alleles as

unordered®, and reduce further to 3 (IBD=0,1 or 2) if f,=f =

¢=P[IBD=1] and A=P[IBD=2].
_ E[IBD] _ ¢ A

4 4 2

0

(14)

0 (REF. 88). O can then be expressed as follows, where

If A>0, then the relationship is bilineal and can help to assess the contribution of dominance to the genetic architecture
of traits. Full siblings have A=0.25 and so they have matching genotypes owing to the shared parents at ~25% of the
genome. The variance in the IBD fraction® can also be useful in distinguishing between relatives: in an outbred pedigree
(f=0 for all X), half-siblings, uncle-niece and grandparent-grandchild all have ¢=1/2 and A=0, but uncle-niece have two
common ancestors each with g, =3, which implies more but shorter regions shared IBD and therefore a lower variance
than for the other two relationships (which have one common ancestor with g, = 2). Early work on the distribution of
lengths of IBD regions is referred to as the theory of junctions®.

satisfactory conceptual definition of relatedness, but
its practical usefulness has not yet been well explored.
Finally, we review the use of relatedness in heritability
estimation and phenotype prediction to capture the
polygenic contribution to a complex trait, and discuss
some implications of moving from pedigree-based to
SNP-based measures of relatedness.

Throughout this Review, we refer to two sets of
simulations that both use the Decode Genetic Map®,
which specifies male and female recombination rates
over 2,667 Mb across the 22 autosomes. For simula-
tions of Type A, we generate sequence data for pairs
of individuals with one or two recent common ances-
tors, and examine the fraction of DNA that the two
individuals share IBD from the ancestor (or ances-
tors). For Type B simulations, we generate sequence
data from a Wright-Fisher population of 5,000 males
and 5,000 females simulated over 50 generations from
unrelated founders. The mating pattern is modified
so that the probabilities for a female to have 0, 1, 2 or
>2 children are 0.22, 0.20, 0.26 and 0.31, respectively,
which is similar to Australian census data’; if two indi-
viduals have the same mother, then the probability that
they have the same father is ~0.62 (see Supplementary
information S1 (box)).

Pedigree-based relatedness

The classical theory of kinship coefficients based on
lineage paths in pedigrees (BOX 1) provides a mathemati-
cally beautiful structure that has historically been use-
ful, but its weaknesses are apparent. Pedigree founders
are typically assumed to be unrelated, but this is only
realistic in certain settings, such as some designed breed-
ing programmes or an isolated population created by a
specific founding event. All pairs of individuals with no
common ancestor in the pedigree have coancestry (6)
of zero, but in practice they can have important differ-
ences in genome similarity. To overcome these problems,
it may seem desirable to seek ever-larger pedigrees but,
if we continue to add additional ancestors to an existing
pedigree, then the co-ancestries of the original pedigree
members will continue to increase and will eventually
converge to one, which would be useless in practice.
The lack of a complete or an ideal pedigree means that
the choice of pedigree and hence any resulting kinship
values are arbitrary to some extent. Similarly, pedigree-
based inbreeding coefficients are of limited value: they also
converge to one as the pedigree information increases
and therefore make sense only with respect to a trunca-
tion of the pedigree, for example, at G generations before
present®’. Even then, interpretability remains a problem

34 [JANUARY 2015 [ VOLUME 16

www.nature.com/reviews/genetics

© 2014 Macmillan Publishers Limited. All rights reserved


http://www.nature.com/nrg/journal/v16/n1/full/nrg3821.html#supplementary-information
http://www.nature.com/nrg/journal/v16/n1/full/nrg3821.html#supplementary-information

because generations are typically not well defined (mul-
tiple lineage paths to a common ancestor can have differ-
ent lengths) and G is arbitrary, yet shared DNA is treated
very differently if the sharing originates in, for example,
generation (G- 1) rather than generation (G+1).

TABLE 1 shows the variability of " — the realized IBD
fraction from the specified common ancestors in a Type
A simulation — about its expected value 6. Indeed, dif-
ferences in ' can be exploited to estimate narrow-sense
heritability (h?) using pairs of individuals with the same
0, such as siblings'®"' or even unrelated individuals (§=0)
(REF. 12). This contrasts with traditional h* estimates that
require pairs of individuals with different 6, such as
monozygotic and dizygotic twin pairs'. The table also
reports P[0’ > 0], the probability of any IBD from the
specified common ancestors. For example, two children
with a common great-grandmother (G=3; A=1) will
each have substantial genome-sharing IBD with her but
could, in effect, not be related to each other. Although
they are expected to share ~100 Mb IBD over ~7 regions,
there is a probability of 0.005 that they share no DNA
from her, despite the pedigree relationship. The values
for P[0’>0] in this case are similar to those in a previ-
ous report' that assumed a sex-averaged human genetic
map of 33 Morgans; we used 40.7 Morgans for women
and 22.9 Morgans for men®. For a genome of length
L Morgans and when A =1, we have the approximation’
P[0">0] =1 -exp(-(2G-1)L/2*~"). Supplementary
information S2 (box) illustrates, using a simple simula-
tion, the relationship between the number of pedigree
ancestors and ancestors that actually transmitted DNA
to the current generation.

FIGURE 1 demonstrates the potential impact of using
0 (expected IBD) rather than 6’ (realized IBD) for h*
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estimation (see below). Using a Type B simulation,
we generated phenotypes with pairwise correlations
between the genetic contributions to each phenotype
equal to 0’ over all 50 generations (G=50) of the simu-
lation, and using this information when estimating h?
gives the best possible inferences (red). Inferences are
less precise if we only have available ¢’ based on G=10
(green) or G=5 (blue), and worse again when instead
using 0 based on G=5, which corresponds to a complete
5-generation pedigree (purple). Precision deteriorates
as close relatives are progressively excluded from the
analysis, particularly when using 0. However, reason-
able estimation remains possible using 6" even when
only distantly related individuals are considered.

Relatedness with unobserved pedigree
When no pedigree information is available, allelic
correlations at genotyped markers have been used to
estimate the pedigree-based coancestry. Many models
of population genetics*'® incorporate the following
expression for the probability that two homologous
alleles are both of type a (p_ ), where p_is the probability
that one sampled allele is of type a.

puuzepu+(1_9)P§ (1)

This equation is based on the idea that, with prob-
ability 0, the two alleles have the same source and so
effectively reflect only one observed allele, which is a
with probability p . Otherwise, the two alleles are inde-
pendent and are both a with probability p>. Defining
U-=1 if the first allele is a, otherwise U,=0, and simi-
larly U, for the second allele, we have E[U,]=E[U,] =p ,
Var[U,] = Var[U,]=p (1-p,) and E[UU,]=p

aa®

Table 1 | Properties of genomic regions shared IBD by two individuals from G generations in the past

Relationship G A 6=E[0]
Sibling 1 2 0.25=(1/2)*
Half-sibling 1 1 0.125=(1/2)
First cousin 2 2 0.062=(1/2)*
Half-cousin 2 1 0.031=(1/2)°
Second cousin 3 2 0.016=(1/2)°
Half—‘second 3 1 0.008=(1/2)"
cousin
Third cousin 4 2 0.004=(1/2)®
Half-third cousin 4 1 0.002=(1/2)°

5 1 (1/2)"

6 1 (1/2)"

8 1 (1/2)V

10 1 (1/2)*

95% Cl of 0’ P[6' >0] E[#SR] # (SD)
(0.204, 0.296) 1.000 85.9 31.1(35.2)
(0.092,0.158) 1.000 42.9 31.1(35.2)*
(0.038,0.089) 1.000 375 17.8(21.5)
(0.012,0.055) 1.000 18.8 17.8 (21.5)*
(0.004,0.031) 1.000 13.3 12.5(15.4)
(0.001, 0.020) 0.995 6.7 12.5(15.4)*
(0.000, 0.012) 0.970 4.3 9.6(12.0)
(0.000, 0.008) 0.834 2.2 9.6 (12.0)*
(0.000, 0.004) 0.431 0.7 7.9(9.9)
(0.000,0.001) 0.160 0.2 6.6 (8.4)
(0.000, 0.000) 0.015 0.0 5.1(6.5)
(0.000, 0.000) 0.001 0.0 4.1(5.3)

Cl, credible interval; SR, shared region. We consider only IBD (identity-by-descent) sharing that results from the direct lineage path
of length G from each ancestor to each individual. A denotes the number of common ancestors: if A= 2, then these ancestors are
mates, and the two individuals descend from distinct offspring of this union. 8’ is the realized IBD genomic fraction from the
indicated common ancestors, for which we show the expected (E) value (which is equal to the coancestry (6)), the equal-tailed 95%
Cland P[@' > 0], the probability that the two individuals share any genomic region IBD from those ancestors. Also shown are the
average number of SRs and, conditional on SR >0, the expected region length in megabase pairs () and its standard deviation
(SD). Estimates are based on 10° Type A simulations (see Supplementary information S1 (box)). *The value shown is the same as the

one above by definition.
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Maximum likelihood
estimators

Estimates of unknown
parameters obtained by
maximizing the likelihood for
the observed data given a
statistical model.

Method of moments
estimators

Estimates of unknown
parameters obtained by
equating theoretical moments
(for example, mean, variance
and skewness) under the
assumed statistical model to
empirical moments calculated
from the observed data.

@ Realized IBD (0"); G=50 @ Realized IBD (0'); G=10

@ Realized IBD (0'); G=5 i Expected IBD (0); G=5
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Figure 1| Estimation of narrow-sense heritability (h?) using either expected IBD () or realized IBD (') for varying
levels of relatedness. We used a Type B simulation (see Supplementary information S1 (box)). From the current
generation, we drew 4 samples of 1,250 individuals, first with no filtering so that siblings were included, followed by
filtering to exclude close relatives (the x axis labels indicate the closest relationship included). For each sample, we
generated 100 phenotypes with narrow-sense heritability (h?) of 0.5, where the correlation structure of the genetic
contributions to each phenotype was specified by realized IBD (identity-by-descent; 8') based on G=50 generations. To
estimate h?, it is necessary to specify a covariance matrix (K in equation 11). For each phenotype, we estimated h? using K
constructed from 8’ based on G =50 (red boxes; the best-possible analysis in our model), 8’ based on G=10 (green),

0 based on G=5 (blue) or @ based on G=5 (purple; corresponding to a 5-generation pedigree). Boxes indicate the
interquartile range for h? estimates, whiskers mark 1.5x this range, with values outside the 1.5x range individually plotted.

Therefore, equation 1 can be written in the form of a
correlation coefficient as follows.

_ Pau_puz _ E[(Ul_pa)(UZ_Pu)]

p1-p) [Var[U,]Var[U,]

= Cor[U}, U]

)

If the two alleles are sampled at random in a subpop-
ulation, then 6 equals the fixation index (F;)"". However,
if an allele is drawn from each of B and C — members of
a finite pedigree with unrelated founders — then'® 0 in
equation 1 is their coancestry (6(B,C) in BOX 1), and the
p, are the founder allele probabilities in some reference
population. Ignoring the expectation in equation 2 and
using the observed values of U, and U, an unbiased esti-
mator of 0 is obtained if the p_are known. This estimator
is imprecise because it is based on only a single locus but,
as 0is constant across loci, precision can be improved by
averaging over loci (see equation 9 below).

The value of 6 in equation 1 can be interpreted
broadly, as representing any recent common origin of
the two alleles; similarly, the concept of the reference
population can be flexible. Interpreting € in terms of
IBD originating within the past G generations provides
a coherent framework’, but we have already outlined

above some of the practical difficulties. Moreover, it is
difficult to estimate the time depths of IBD genomic
regions because their lengths are highly variable, with
mean decreasing only linearly with time'*. Alternatively,
for two individuals sampled in a subpopulation, 6 can be
interpreted in terms of an intra-subpopulation pedigree
of which founders are immigrants from a global popu-
lation'®. However, the assumptions that alleles drawn
from the global population are independent and that
the p_are known or well estimated remain problematic’,
particularly in the presence of population structure’.
There is a substantial amount of conservation genet-
ics literature on estimators of 6 based on equation 2,
and these estimators are mainly designed for tens
of multiallelic markers, such as short tandem repeat
(STR) loci?®%2. Maximum likelihood estimators have been
proposed?, but methods of moments estimators are often
preferred despite their lower precision, because they are
computationally efficient and can be unbiased if the p,
are known. In practice, not only are the p_ typically
unknown, but the observed alleles from which they
might be estimated are also not drawn from the ref-
erence population. Moreover, when 6 is also estimated
from the same data, the estimate 0 is biased downwards
and is often negative, whereas 6> 0. The limited number
of markers available until recently meant that 6 was too
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Coalescent tree

Each leaf of the tree
corresponds to an observed
allele, and the root represents
the most recent common
ancestor (MRCA) of all
observed alleles. The internal
nodes (branching points)
represent the MRCA of the
alleles at the leaves connected
to that node (without passing
the root). Distances along
branches represent time,
measured in generations.

IBS

(Identical-by-state; also
identity-by-state). When two
homologous alleles have
matching type. Some
definitions of IBS exclude IBD
(identity-by-descent).

imprecise for the issues raised here to be of practical
concern. However, high-density SNP data now permit
precise estimation, forcing us to confront interpretation
difficulties. Properties of estimators can be assessed in
artificial, truncated pedigrees, but this may not be rel-
evant in practical applications because real pedigrees
are effectively infinite.

With 771 SNPs, a 2010 zebra finch study? found
that direct estimation of  was poor and recommended
using SNPs to reconstruct the pedigree as a preliminary
step. By contrast, the results from a 2013 study on pigs®
indicated that 2,000 SNPs could give relatedness esti-
mates that are superior to those from known pedigrees.
However, although recognizing the potential for better
measures of relatedness from markers rather than pedi-
grees, these authors still used pedigree-based measures
as the ‘gold standard’ to assess marker panels. We suggest
that use of equation 2 to estimate 0 in natural popula-
tions should be avoided because of the problems of inter-
pretation. Equation 2 may still give a useful summary of
genome similarity, but it does not estimate a meaning-
ful parameter except in artificial settings. Models and
analyses can instead be formulated directly in terms of
genome similarity, which raises the problem of how to
compare measures of genome similarity (see below).

Coalescent theory

A different framework for describing relatedness in
populations without pedigree information is provided
by coalescent theory, in which alleles at a locus are
connected through a coalescent tree®. In its simplest
form, the standard coalescent describes the probability
distribution of the TMRCA of a set of homologous
alleles, assuming random mating in a constant-size
population. In that case, the probability for two line-
ages to ‘coalesce’ at an ancestral allele more than G
generations in the past is as follows, where N is the
number of diploid individuals.

G

1
P[TMRCA>G] = [1— — |~ e-anN 3)
2N

This model can be generalized to allow for variable
population size and some forms of population struc-
ture and selection. The standard coalescent is based on
assuming a Poisson number of offspring per individual
and that each mating generates one offspring so full
siblings are rare. However, it can be used to approxi-
mate the properties of some more-complex models, by
replacing N in equation 3 with an effective population
size (N ). For example, our Type B simulation with
N=10,000 can be approximated by a coalescent model
with N = 8,450, which is in close agreement with a the-
oretical formula'® based on the variance of the number
of offspring (see Supplementary information S3 (box)).

Under the coalescent model, the MRCA of two
haploid human genomes at a given site is unlikely to
be recent. In our Type B simulation model, the prob-
ability of an MRCA in generation G is ~6 x 10~ for G
up to several hundred, which supports the assumption
that people are unrelated if nothing is known about

REVIEWS

their relatedness. However, even for G =78,000 (which
is the 99" percentile of the TMRCA distribution) and
assuming a mutation rate of 1.2 x 107® per site per gen-
eration?, the probability of a mutation in either lineage
since the MRCA is still low (~0.002). Therefore, any
two human genomes will be IBS (identical-by-state) for
almost all genomic sites as a result of IBD. However, the
situation is different for STR loci, which are often used
in forensic identification and relatedness testing; STR
mutation rates are ~107 per site per generation and so,
under the coalescent model, the majority of IBS will not
be a consequence of IBD.

Powell et al.* acknowledged a conflict between pedi-
gree-based IBD theory and coalescent theory but, as they
recognized, there is ultimately no conflict: IBD can be
described in terms of the more general coalescent theory.
Broadly speaking, the IBD versus non-IBD distinction
is a simplification of the coalescent theory in which the
TMRCA is classified into recent and non-recent. This can
sometimes be a useful simplification, but it does not pro-
vide a satisfactory general notion of relatedness because
none of the attempts to define ‘recent’ can solve the
problem that a binary classification cannot capture
the essentially continuous range of TMRCA values. A
better approach is to define kinship coefficients in terms
of genome-wide TMRCA distributions (BOX 2).

There is a fundamental connection between coales-
cent trees and pedigrees: a pedigree can be thought of
as providing a ‘scaffold’ on which coalescent trees at
different genomic loci are constructed. Pedigree mem-
bers have maternal and paternal alleles at each locus,
but each coalescent lineage passes through only one
allele of each individual. Thus, we can consider the
coalescent tree at a locus as a stochastic process on a
fixed pedigree, making ‘coin toss’ decisions between the
maternal and paternal chromosomes of each ancestor
that is reached (see Supplementary information S4
(box)). Features of a more extensive pedigree, such as
population structure, generate genome-wide influences
on the coalescent distributions. This effect is evident
in genome-wide association studies, in which popula-
tion structure and cryptic relatedness (that is, pedigree
effects) alter the genome-wide distribution of single-
SNP association statistics?®. Coalescent modelling usu-
ally ignores the pedigree because it is rarely observed
and is difficult to infer. However, pedigree effects are
not always negligible, and it may be useful in some set-
tings to jointly model the pedigree and the coalescent
trees embedded in it.

Recombination-sense IBD

In the absence of an explicit pedigree, IBD was ini-
tially defined in terms of mutation®: pairs of alleles at
a locus are mutation-sense IBD if there has been no
mutation since their MRCA. IBD is now more com-
monly defined as a property of a genomic region®":
two haploid genomes are recombination-sense IBD
if there has been no recombination within the region
since their MRCA, ignoring mutations. There is no ref-
erence population in this approach, but the problem
now is how to identify IBD regions, which are often
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Box 2 | Relatedness in terms of times since common ancestors

The coancestry 6(B,C) is the expected value of a function equal to 1 when homologous
alleles from individuals B and C have a most recent common ancestor (MRCA) that is
‘recent’ (within a specified pedigree, within G generations or within a subpopulation),
and 6(B,C) =0 otherwise. A better approach is to use a genome-wide average of a more
informative function of the time since the MRCA (TMRCA). Although the TMRCA is
typically unknown, it can be estimated from dense markers or sequence data under a
demographic model. The estimate is imprecise at any one locus, but genome-wide
estimates can be highly informative and have been used to draw inferences about
historical demographic parameters®’.

If bilineal relationships are of interest, then it is necessary to consider two
genome-wide TMRCA distributions: the minimum TMRCA over the four pairs of alleles
and the TMRCA of the remaining allele pair. Distributions are often summarized by
their expectation, but for the TMRCA the probability assigned to recent times is of
most importance, which suggests summarizing the TMRCA distribution by the
expectation of a function that upweighs recent times, such as exp(~-TMRCA/c) for
some constant c.

Slatkin® proposed defining fixation indices in terms of ratios of coalescence times,
and Rousset® developed this idea to propose definitions of co-ancestries based
on the excess TMRCA probability in recent generations. The excess is relative to
arandom pair of individuals, assuming that the TMRCA probabilities for (B,C) and
the random pair are proportional for large TMRCA. This definition reduces to
equation 1 in simple settings but does not require any pedigree or founder population
to be specified. No estimator from marker data was proposed, but this may provide a
promising approach to develop new statistics that summarize relatedness without the
requirement of pedigree information or a reference population.

short, and recombination events may not be detectable.
Recombination-sense IBD does not lead naturally to a
useful measure of genome-wide relatedness because all
pairs of haploid genomes are entirely IBD; the question
is where the breakpoints are between the IBD regions,
and these can be hard to infer.

The largest consumer genetic ancestry companies
have databases with >10° individuals, predominantly of
European ancestry, and each genotyped at >10° SNPs.
A focus for such companies is to identify pairs of indi-
viduals connected by short lineage paths. We discuss
below the difficulties in using inferred IBD regions to
achieve this, but here we question why discovering a
poorly inferred, distant pedigree relationship based on
sharing perhaps only one genomic region is preferred
over seeking the highest level of genome-wide similar-
ity. Part of the answer may be that measures of genome
similarity have not been adequately developed.

Another motive for inferring IBD regions is to under-
stand population structure and demographic history®*-*.
For example, detecting long regions shared IBD between
individuals in different parts of the world can point to a
recent migration event. The observed data may first be
summarized in terms of IBD regions, and demographic
inferences can then be based on these inferred regions.
However, this two-step process will disregard any demo-
graphic information that is not captured by the IBD
inference, suggesting that more direct and statistically
efficient demographic inferences may be possible.

The statistics of IBD regions

IBD regions can be measured in genetic distances
(Morgans) or physical distances (base pairs). Genetic
maps specify the relationship between them, which

varies across the genome; they also differ across
human populations, substantially at a fine scale®***.

We report below region lengths in megabase pairs.
The simulation-based estimates reported in TABLE 1
for E[#SR] — the expected number of IBD regions for
a pair of individuals — and for u, — the expected
length of these regions — agree closely with theoreti-
cal (sex-averaged) values for 22 autosomes spanning
2,667 Mb with map lengths of 40.7 Morgans for females
and 22.9 Morgans for males (see Supplementary
information S5 (box)).

L 22+ (407 +229) x G

E[#SR] = A (4)
22G-1
and
2667
MG (5)

22+ (40.7+229)x G

This implies that the mean length of IBD regions is
just more than 2 Mb when G =20 and just more than
1 Mb when G=40. Assuming again a mutation rate
of 1.2x 107 per site per generation, the probability that
an average-length genomic region shared (recombina-
tion-sense) IBD from an ancestor G generations back
is also mutation-sense IBD is approximately constant
over G at ~0.37 (see Supplementary information S6
(box)). Therefore, average-length pairs of IBD regions
are unlikely to be identical at the sequence level, even if
they are from a recent common ancestor.

FIGURE 2A shows the distribution of IBD region
lengths for G=1 and G=10 based on the Type A simu-
lations underlying TABLE 1. For G=1 there is a peak
in lengths close to 30 Mb because about one-third of
sibling pairs have complete IBD for at least one of chro-
mosomes 21 and 22. A gamma distribution generally
gives a good fit, except when G is very small owing
to the difference between male and female recombina-
tion rates. We estimate the gamma shape parameter to
be approximately constant over G at ~0.76, implying
that the standard deviation (SD) is ~;4G/\/0.76. This is
a higher SD than that for the exponential distribution
(gamma distribution with shape parameter 1), which
would apply to IBD region lengths if the recombina-
tion rate were uniform across the genome and sexes.
Even when an IBD region arises from a shared par-
ent, there is a substantial probability for its length
to be short, whereas the shared region could still be
large even for an ancestor >20 generations in the past.
FIGURE 2B shows the inverse distribution based on the
Type B simulations used for FIC. 1, and indicates how
well the time depth of the common ancestor can be
inferred from the region length. Very long shared
regions (>80 Mb) are highly likely to descend from
a recent ancestor (G<5), but G has a wide range for
regions <40 Mb. Up to 10 Mb in length, the major-
ity of shared regions descend from an ancestor >20
generations back. Our estimates are based on a very
simple simulation model but are broadly consistent
with an estimated age range of 32-52 generations for a
10-centimorgan region shared by a pair of UK residents™.
There are some excellent blog discussions of issues
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around the statistics of genome sharing among relatives
at gcbias, Genetic Inference and On Genetics.

SNP-based measures of relatedness

We distinguish genome-wide averages of single-SNP
statistics from haplotype-based methods (which are
sometimes referred to, respectively, as IBS and IBD
methods, or as methods that do not and do take account
of linkage®?). Matrices of SNP-based kinship coefficients
have been called genetic relatedness matrices in recent
literature®** but, to avoid any implication that these
matrices estimate pedigree-based relatedness, we prefer
to call them genetic similarity matrices (GSMs).

Single-SNP averages. We use S, to denote the genotype of
Bat the j diallelic SNP, coded as 0, 1 or 2. Analogous with
the definition of coancestry, a natural way to score the
similarity of two individuals at each SNP is as the prob-
ability of a match between alleles drawn at random from
each of them. In that case matching homozygotes (0,0)
or (2,2) score 1; discordant homozygotes (0,2) score 0;
while (0,1), (1,1) and (1,2) all score 0.5. Averaged over
m SNPs, this gives an allele-sharing coefficient®-* as
follows, where X, is a (row) vector with j entry SB].— 1.

Aa Common ancestor 1 generation back

0.06 0.30
0.05 0.25
é* 0.04 ? 0.20
3 3
_fDB 0.03 _g 0.15
° °
o 0.02 o 0.10
0.01 0.05
0 0
0 10 20 30 40 50 0

IBD region length (Mb)

1.0 4
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The corresponding GSM is then (1 +XX"/m)/2,
where X is a genotype matrix with row B equal to X,.
The range of K _depends on the MAF spectrum of the
SNPs, and K, (B,B) = (1 +h,)/2, where h, denotes
the homozygosity of B. Recall that 6(B,B) = (1 +£,)/2,
where f, denotes the inbreeding coefficient of B. K can
be interpreted as average mutation-sense IBD under the
assumption that IBS implies IBD, which is reasonable
for SNPs given their low mutation rate.

The case (1,1) of two heterozygotes can correspond
to either IBD =2 or IBD =0 depending on phase, which
is often unknown. Many authors® prefer to score
matching heterozygotes as 1 rather than 0.5, resulting
in the following allele-sharing similarity, which has
K (BB)=1.

1 m
K,us(B’C) =1-— Z ISBj - Scjl (7)
2m j5

Ab Common ancestor 10 generations back
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Figure 2 | Statistics of IBD genomic regions. Distributions of lengths
of genomic regions shared IBD (identity-by-descent) from a common
ancestor of 1 generation (part Aa) and 10 generations (part Ab) in the
past are shown. The solid black curves show an approximating gamma
distribution, with mean given by equation 4 and a shape parameter of
0.76. For all IBD regions arising from a common ancestor within the last
50 generations, the bars show how the distribution of the generation

of the common ancestor depends on the length of the region (part B).
From bottom to top in the graph, the tranches correspond to G=1
(red), G=2...9 (alternating dark and light blue), G =10 (green),
G=11...20 (alternating dark and light blue) and G >20 (grey). Plots in
part A are based on Type A simulations and part B on a Type B
simulation, details of which are provided in Supplementary
information S1 (box).
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Linkage disequilibrium
(LD). A population correlation
of allele pairs drawn at
different genomic loci in the
same gamete (thatis, in a
haploid genome).

K and K’ give all SNPs equal weight, irrespective of
MAFs, which has the advantage of avoiding estimation
of population MAF values. However, the lower the MAF
the greater the evidence for a recent common ancestor,
which suggests giving more weight to rare shared alleles.
One step in this direction is to centre the genotype
scores. If p. is the population MAF at the j* SNP, and
now defining X, as having entries S, -2p, then we can
define the centred coefficient as follows.

1 m
K(B,C) = . > (Sg = 2p)(Sg; = 2p)”

j=1

®)
1
=—Xp XCT
m

The GSM is XX"/m. Some authors'*"* use
237 p(1-p) inplace of m in the denominator of equa-
tion 7, so that K (B,B) = 1 if B is outbred. Unlike K
and K, the value of K, can be negative, and this must
frequently occur if the p; are estimated from the same
data, as then K  measures the excess or deficit of allele
sharing from that expected under a random assignment
of alleles. Some authors replace negative values with
zero*?, which may be motivated by the belief that a non-
negative 0 is being estimated. However, the differences
in genome similarity among unrelated individuals can
be informative (FIC. 1), and setting negative values to
zero discards much of this information.

In addition to centring, it is common to standard-
ize, which assumes each SNP to be equally informative,
leading to the following definition**.

2

\2p1-p)

K__,(B,C) is an average over SNPs of an estimator
of an allelic correlation coefficient (see equation 2). It
is the basis of principal component methods to adjust
for population structure in association studies®. A
regression adjustment to K has been proposed,
imposing shrinkage towards zero in accordance with
sample size'?, which was shown in simulations* to offset
errors when estimating 0 or h*. With high SNP density,
genetic variation tagged by multiple SNPs in high linkage
disequilibrium (LD) will be over-represented when
calculating genomic similarities, which can have
adverse implications for heritability analyses. Adjusting
for this by reweighting SNPs in the calculation of K__
gives improved h* estimates®.

K__, is an unbiased and efficient estimator of 0 in
equation 2, provided that the modelling assumptions
hold but, as discussed below equation 2, those assump-
tions rarely hold in practice (similar comments apply to
K,). Although K , K’ , K and K__, all provide widely
used SNP-based measures of genome similarity, there
are no good grounds to regard any of them as a canoni-
cal SNP-based measure of relatedness. This frees us to
search for measures that perform well in specific appli-
cations. In practice, genome-wide genome similarity is
useful because it gives a guide to allele sharing at causal
loci for the trait of interest?, and so the best genome

1
K_(B,C) = — Xz Xt where Xp =
m

1

similarity coefficient will reflect the genomic archi-
tecture of the trait. This contrasts fundamentally with
kinship coefficients, which are trait-independent, but
the new flexibility can be highly profitable in terms of
understanding genetic mechanisms.

One place to start the search for better GSMs is the
one-parameter family K _, defined as in equation 9
except that X, is now defined as follows.

Xp = (SBj_ij) X [\/ 2Pj(1 -p)

The special cases a=-1 (equation 9) and « =0 (equa-
tion 8) are widely used in practice. We compare below
the performance of GSMs based on K, fora=-2, -1,
0 and 1. These values are chosen for illustration, and a
thorough study should consider additional values for a.

¢ (10)

Methods based on detecting shared haplotypes.
Averages of single-SNP coefficients do not take into
account the lengths of genomic regions shared between
two individuals. On average, the longer the shared
region (or regions), the more recent the ancestor (or
ancestors), which we have noted is relevant to some
population genetics applications®>*. With unphased
genotypes, a simple approach is to seek genomic
regions for which two individuals share at least one
allele at every SNP'*. More sophisticated approaches
usually require genotype data to be phased. Methods
for phasing®~" typically use a hidden Markov model
with the aim of constructing haplotypes (the hidden
states) that are consistent with the observed genotypes,
allowing for mutation and recombination®?. Given the
haploid data, it is then straightforward to identify IBS
regions. However, a long region shared IBS by two indi-
viduals may have resulted from two or more lineage
paths and is therefore not (recombination-sense) IBD.
Conversely, an IBD region may consist of several IBS
regions that are interrupted by occasional data errors
or mutations since the MRCA. Inferring such regions
requires a model for recombinations and mutations,
which in turn implies a model for the demographic
history of the population®. Methods for identifying
IBD regions'>*** differ in the size of data sets they can
handle, which depends on the type of deterministic or
stochastic search algorithm used. These algorithms can
be sensitive to parameter choices, yet there is often no
obvious way to tune these based on the data®. For the
largest data sets, simultaneous phasing of all individu-
als is computationally infeasible. A recently developed
method avoids explicit phasing but ‘penalizes’ pro-
posed IBD intervals according to the estimated number
of implied phasing switches®.

Current approaches typically neglect shorter IBD
regions because they are harder to infer. This means
that distantly related pairs of individuals will have lit-
tle or no IBD detected, and so differences in genome-
sharing among them will be poorly recorded. FIGURE 2
shows that inferring the TMRCA based on region
length is difficult but, for many applications, exploita-
tion of the information in short IBD regions would be
advantageous.
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Chromopainter®' offers a different approach that is
based directly on the haplotype copying model®. Every
chromosome is regarded as a mosaic of fragments cop-
ied from other sampled chromosomes, possibly with
some mutations, and the coancestry of two individuals
is measured by the number of distinct copying events
between them. Although copying is intended to reflect
IBD, every part of every chromosome is copied from
another chromosome, and so an individual that is not
closely related with anyone else in the sample will have
the closest genome matches recorded even if these
are remote.

Heritability and phenotype prediction

We focus below on the use of GSMs to estimate h? and
to predict phenotypes. Both applications traditionally
used a matrix of 6 values, which is now usually replaced
by a GSM, to model phenotypic correlations among
individuals, with the intuition being that the higher
the genome similarity of two individuals, the more
correlated their phenotypes that are under genetic
control.

The linear mixed model. Underlying both types of
inference is the following regression model, in which a
matrix K specifies the covariance structure of a vector of
observed phenotypes Y, where N represents the normal
(or Gaussian) distribution.
~ N(ZB,, Ko+ Io?) (11)

In this equation, § represents fixed effects cor-
responding to covariates in Z, I denotes the identity
matrix, and o® and o? are the genetic and environmental
variances, respectively. Given Y, Z and K, we typically
estimate o> and o? using restricted maximum likeli-
hood (REML)®, which seeks values that maximize the
restricted model likelihood (see Supplementary infor-
mation S7 (box)). For h? estimation, we are interested
in the ratio of variance terms; when K is standardized
to have a mean of zero and a mean diagonal value of
one, h’= o, /(a +0°). A key technique for phenotype

REVIEWS

prediction in plant and animal breeding is best linear
unbiased prediction (BLUP)***, which predicts the
phenotypes of new individuals from estimates of Ko

SNP-based analyses that were pioneered in wild pop-
ulations® have been extensively applied in animal and
plant breeding®* and, more recently, in humans'>7*"".
A feature of SNP-based /2 in humans is the use of unre-
lated individuals. This is counterintuitive because more
relatedness generates more precise inferences. However,
the problem is that inferences vary according to the
levels of relatedness among the sampled individuals. In
addition, most readily available data are from popula-
tion samples that include little relatedness. By exclud-
ing any close relatives, sampled individuals only share
the short genomic regions from remote ancestors that
generate LD, which is reasonably stable across popu-
lation samples. Furthermore, although high levels of
relatedness would generate long-range tagging of causal
variants, which can therefore all contribute to /2, the
ability to attribute A to specific genomic regions would
be greatly reduced. Despite the information loss from
reduced relatedness, reasonable precision (SD <0.05)
can be achieved with, for example, 5,000 unrelated indi-
viduals™, and the estimates are more consistent across
studies. SNP-based /* values using unrelated individu-
als have been interpreted in terms of common causal
variants because these are better tagged by SNPs than
rare variants. However, poorly tagged rare variants will
contribute to i? (REF. 73), which hinders interpretation.
Even so, it is possible to make useful comparisons across
genomic regions”™ and across phenotypes.

Prediction accuracy can be measured by the cor-
relation (r) between observed and predicted pheno-
types across test individuals. The squared correlation
(r?) is bounded above by h?, but in practice r*<<h
Relatedness between training and test individuals
enhances predictive accuracy in the test set, but this
may give an over-optimistic assessment of performance
if the model is applied to new; less-related individuals.
In humans, prediction of complex traits is typically
poor in the general population but can be useful in
high-risk groups™7%.

Table 2 | Model log likelihood, heritability estimates (ﬁz) and predictive accuracy (r?) for different SNP-based GSMs

Trait

Bipolar disorder
Coronary artery disease
Crohn’s disease
Hypertension
Rheumatoid arthritis
Type 1 diabetes

Type 2 diabetes

Average

Log likelihood Heritability (h?)
chz Kc—l Kcu Kcl chz chl
-97 0* -12 -32 1.00* 0.98
-24 -3 0* -1 0.33 0.41*
-178 -5 0* -3 1.00 1.00
-32 -3 0* -1 0.57* 0.48
-125 0* -15 -72 0.77 1.00*
-65 0* -7 -16 0.85* 0.82
-28 0* 0 -3 0.64* 0.52
-78 -2* -5 -18 0.74 0.74*

Prediction accuracy (r?)

Kao Ka Kz K Kao Ka
0.92 0.81 0.040 0.074*  0.073 0.069
0.17 0.06 0.000 0.017 0.020*  0.02
1.00 1.00 0.057 0.096 0.098*  0.095
0.21 0.08 0.005 0.024 0.026*  0.026
0.99 0.17 0.016 0.043 0.042 0.043*
0.41 0.16 0.031 0.060 0.060*  0.056
0.22 0.08 0.009 0.026*  0.025 0.024
0.56 0.34 0.022 0.048 0.049*  0.047

GSM, genetic similarity matrix; SNP, single-nucleotide polymorphism. Data for seven disease traits are from the Wellcome Trust Case Control Consortium.
The GSMs considered are K_ for ae {~2,-1,0, 1}. Log likelihoods, computed under the mixed model (equation 11), are reported relative to the maximum observed
across GSMs. h? values correspond to the observed scale. *The GSMs marked by asterisks indicate those that maximize the model likelihood, h? and 1%,

NATURE REVIEWS ‘ GENETICS

VOLUME 16 [ JANUARY 2015 [ 41

© 2014 Macmillan Publishers Limited. All rights reserved



http://www.nature.com/nrg/journal/v16/n1/full/nrg3821.html#supplementary-information
http://www.nature.com/nrg/journal/v16/n1/full/nrg3821.html#supplementary-information

REVIEWS

How to choose K? The success of both h?* estimation
and phenotype prediction using BLUP depends on the
choice of K in equation 11. Pedigree-based 0 values vary
with the choice of pedigree, although in practice there is

often little choice. The range of options for SNP-based
K is much greater. In human genetics, K__, is often cho-
sen, which implies an assumption that all SNPs explain
the same fraction of phenotypic variance, and so effect

sizes tend to increase as MAF decreases. By contrast,

K, is often preferred in animal and plant breeding, and

implies the same effect size distribution for all SNPs.

These are both special cases of K, and some other value

W of a may provide better results, depending on the true

relationship between MAFs and effect sizes.

With many GSMs available, we can now choose
K based on performance in applications. In simula-
tions (see Supplementary information S8 (box)) we
found near-perfect h? estimation and phenotype pre-
diction when the true K (that was used for simulating
the phenotypes) was used in the analysis. If instead we
ffffff use K__ for various a, we find that maximizing 4> does

. not reliably recover the true value of «, but that maxi-

o mizing the model likelihood and the predictive accu-

04— e T, A . ] ,@3 T . racy jboth give a gf)od. guide to a, éuggesting that these
1 provide useful criteria for choosing K. These results
also confirm that a GSM chosen to suit the architec-

ture of the trait under study will perform better than a

phenotype-independent choice.

o TABLE 2 shows results from /2 estimation and pheno-
type prediction for seven human disease traits from the
Wellcome Trust Case Control Consortium?, for which
we use K in equation 11 with a=-2, -1, 0and 1. When
dealing with binary outcomes, it is preferable to con-
sider 12 on the liability scale®, but for the purpose of

& making comparisons the observed scale is adequate”.
On average, the model likelihoods are maximized when

‘?"{Q & & Q»)\o‘\’(\ a=-1, whereas a =0 is slightly superior for prediction.

1.0 The latter result may reflect that, owing to the difficulty

in estimating effect sizes for rare variants, prediction can

perform well with a above its true value, as this increases
the weight given to common variants.

FIGURE 3 shows #? and 2 for highly related mice
using data from the Wellcome Trust Heterogeneous
Stock Mouse Collection®'. We consider 139 pheno-
types spanning behavioural, haematological, biochemi-
cal and disease-related phenotypes. In addition to K|
77777777777777777777777777777777777777777 for a=-2, -1, 0 and 1, we also consider K, and K (a
8 matrix recording pairwise IBD fractions inferred using
FastIBD*’). The presence of high relatedness enables
accurate estimation and prediction, and the different
- GSMs perform similarly overall. K, is the worst over-
g all for prediction, which suggests that its high h? value
s g may be inflated. However, K, gives the best prediction
for two of the seven phenotype categories, reflecting
that the best GSM depends on the genetic architecture
of the trait. Specifically, K, performs well when the
causal variants are not well tagged by the SNPs, which in
turn suggests a lesser role for common causal variants.

1.0

o
.
08 | e
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Figure 3 | Heritability estimates (h?) and predictive accuracy () for 139 mouse
phenotypes using different SNP-based GSMs. The genetic similarity matrices (GSMs)
considered are Km forae {-2,-1,0, 1}, K’aS and K, (which is a matrix recording inferred
fractions of IBD (identity-by-descent)). The vertical dashed lines separate different
categories of phenotype: behaviour, diabetes, asthma, immunology, haematology and
biochemistry. Solid points indicate the GSM providing highest heritability estimates
(% part a) or predictive accuracy (%; part b) for each phenotype. Average h? and r2 a random regression model in which the phenotype of
values for each GSM are provided in parentheses. Data are from the Wellcome Trust B is expressed as follows®, where /)’].~ N(0, coz) and cis
Heterogeneous Stock Mouse Collection. SNP, single-nucleotide polymorphism. a constant.

Random regression models. For any K of the form XX,
which includes K but neither K_nor K’ , the mixed
regression model (equation 11) can be reformulated as
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m
YB:ﬁO+Z:1ﬁjXBj (12)
i=

Simulations indicate* that this model is effective for
estimating h. However, for prediction, the assumption
that all effect sizes follow a Gaussian distribution with
constant variance is a severe limitation, so recently
there have been many attempts to find more suitable
models®*.

When equation 12 is available, it provides a more
interpretable model in which K has no role: h? s just var-
iance explained in a regression model with SNP predic-
tors. Historically, kinship has played a central part in h*
analysis, so it seems unthinkable to estimate h* without
this concept or a SNP-based proxy, but we believe that
benefits accrue from the freedom to develop statistical
structures that are tailored to particular traits, which dif-
fer fundamentally from traditional kinship coefficients.
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Conclusion

Quantitative genetics has undergone exciting devel-
opments in recent years, and this is affecting even the
most fundamental aspects of the discipline, including
our understanding of relatedness. The relatively simple
IBD theory based on pedigrees remains useful in some
areas, but particularly in natural populations we require
more flexible and interpretable concepts to fully take
advantage of the high numerical precision afforded
by genome-wide SNP and sequence data. On the one
hand, it seems clear that a satisfactory general defini-
tion of relatedness must be based on concepts from
coalescent theory, and particularly on genome-wide
TMRCAs. On the other hand, the choice of numerical
measures of relatedness can be driven by optimizing
criteria that are relevant to applications, such as model
likelihood and predictive accuracy. There is much
progress to be made in both directions.
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