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Abstract

An importance sampling algorithm for computing the likelihood of a sample of genes at loci under a stepwise mutation model in a
subdivided population is developed. This allows maximum likelihood estimation of migration rates between subpopulations. The
time to the most recent common ancestor of the sample can also be computed. The technique is illustrated by an analysis of a data

set of Australian red fox populations.
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1. Introduction

Recently there has been much research into computa-
tion methods of ancestral inference from samples of
genes conditional on their observed type configuration
using importance sampling (IS), MCMC and Bayesian
techniques. In the simplest stepwise mutation model
inference involves finding a maximum likelihood esti-
mate of 6, the mutation rate. Wilson and Balding (1998)
use a Bayesian MCMC scheme implemented in Micsat
for microsatellite data, Beerli and Felsenstein (1999) use
an MCMC scheme implemented in Migrate to
estimate migration rates from data which could have a
stepwise mutation mechanism. Nielsen (1997) uses an IS
algorithm based on an algorithm in Griffiths and Tavaré
(1994). Stephens and Donnelly (2000) develop a
sequential IS technique, improving the algorithm of
Griffiths and Tavaré (1994) to find the likelihood of
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samples of genes under a general mutation model which
includes the stepwise model. Stephens (2001) gives an
algorithm based on IS to simulate genealogies of
selected alleles in a population of variable size. The
paper also describes the use of IS methods in population
genetics in a more general framework. Chen et al. (2005)
improve sequential IS by running multiple processes and
resampling at sequential steps in the algorithm. A
different approach based on F-statistics and analysis of
variance analogues is reviewed in Excoffier (2001) and
Rousset (2001). De Iorio and Griffiths (2004a,b) develop
a technique to construct sequential IS proposal dis-
tributions on coalescent histories in population genetic
models based on the diffusion process generator that
describes the distribution of population gene frequen-
cies. The technique extends proposal distributions of
Stephens and Donnelly (2000) to a wider class of
models, with a focus on subdivided population models
of the island model type. Apart from likelihood
calculations, ancestral inference questions involving
time, such as the time to the most recent common
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ancestor (TMRCA) of the genes in a data set, can be
answered by including the time between events in the
underlying coalescent process.

The ancestry of a sample of n genes is described by
a coalescent tree (Kingman, 1982), where pairs of
ancestral lines coalesce at unit rate forming a tree back
in time to the ancestor of the sample genes. Mutations
occur at rate 6/2 along the edges of the coalescent tree
according to a Poisson process.

An accessible introduction to the coalescent process is
Nordborg (2001), with subdivided coalescent studies by
Notohara (1990) and Herbots (1997). Two papers on
ancestral inference are Griffiths (2001) and Stephens
(2001). This current paper derives a detailed algorithm
from the techniques in De lTorio and Griffiths (2004b)
for likelihood calculations under a stepwise mutation
model in a subdivided population.

In the stepwise mutation model the allele type space is the
set of integers {... —2,—1,0,1,...}. Transitions of allele
type when a mutation occurs are made according to a
random walk from state j to a state j + Z, where Z is an
integer-valued random variable. In the simplest case studied
by Ohta and Kimura (1973), Moran (1975), Moran (1976),
Z = £1 with probability 1/2. There is a distribution of the
configuration of types in a sample with positions measured
relative to the most recent common ancestor of the sample,
which could be taken without loss of generality to be 0. The
distribution is shift invariant, only depending on the relative
positions of the types on a line.

In this paper an IS algorithm for computing the
likelihood of a sample of genes at loci under a stepwise
mutation model in a subdivided population is devel-
oped. This allows maximum likelihood estimation of
migration rates between subpopulations. The algorithm
and program code used were thoroughly checked.
Intermediate calculations also agree with exact analytic
results for probabilities of identity of type under a finite
island model. See Nagylaki (1983) for the finite island
model, and Rousset (1996) for an adaption to different
mutation models.

The precision of migration and mutation rate max-
imum likelihood estimates is checked by an analysis of
multilocus simulated data from a two population model.

To illustrate the algorithm with a real data set, an
analysis is performed on data from two Australian red
fox (Vulpes vulpes) populations.

2. Coalescent histories and importance sampling

Let E be the set of possible types of a gene. Denote the
sample configuration of the numbers of different types
as n = (n;,j € E), and p(n) the probability of obtaining a
sample n. ¢; will denote the jth unit vector. Forj € E, let
7(j | n) be the probability that an additional gene chosen
from the population is of type j, given that we have an

observed configuration n. These conditional distribu-
tions are important in the sampling distribution and
coalescent history process. If j|, j,, .. .,J, are the types of
genes sequentially sampled such that there are n;,j € E
genes of type j in the sample, then

p(n) = H (| e + -+ ey )

jEE I =1
The distribution p(r) is invariant under sequential
sampling order.

A coalescent history {Hy, k=0,—1,...,—m} is de-
fined as the set of ancestral configurations at the
embedded events in the Markov process where coales-
cence, mutation or other events take place. Hy denotes
the current state, and H_,, the state when a singleton
ancestor is reached. The Markov nature of the process
implies that

pHY) =Y p(Hy | Hi)p(Hiy). @.1)
{(Hy_1}

p(Hy) and {p(Hj_;)} are unknown, whereas the prob-
abilities p(Hy | Hy—;) are easily derived from the
distribution of the coalescent tree. A coalescent history
is illustrated in Fig. 1. In (2.1) history probabilities are
evaluated in the direction from the ancestor type to the
sample data configuration. However a reverse history
process from the sample data to the ancestor is required
to efficiently evaluate the sample likelihood. A sequen-
tial importance sampling representation is based on an
approximation p(Hy_, | Hy) to the unknown reverse
probabilities p(Hy_; | Hy). In one step

p(H | Hi—1) R
Z P(H | Ho) VPl P(H—)p(Hj—1 | Hi)

p(H | Hi—1)
=5 Z [p(Hk o T 22

p(H) =

The full sequential IS representation from continuing
(2.2) over states Hy, H_1,...,H_,, is

p(Ho) =E; K(HO |H)  p(H i1 | H )

(H | HO) ﬁ(Hfm | Hferl)
xp(H )], (2.3)

where [; is taken over histories H_y,...,H_, with
p(- | ) being the reverse chain transition probabilities.
Probabilities of a history sample path s are evaluated
in forward and reverse directions in the numerator and
denominator of (2.3). The likelihood of the data can be
evaluated by repeated simulation of sample histories in a
reverse direction from the current sample configuration
Hy to H_,, under p(-) with transition probabilities
P(H_1 | Hy), then averaging the sequential IS weights

p(HO | H*l). . 'p(Hferl | Hfm)
PH_y | Ho) pH | H py1)

p(H )
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Fig. 1. Coalescent tree.

obtained on each run to obtain an estimate of the
likelihood.
In a panmictic model if a historical configuration is

Hj=n then either Hy_j=n—e¢; for some jekE
corresponding to coalescence of two type j genes, or
Hi_y =n+e —e for some i,j € E corresponding to

mutation forward in time from i to j chosen with
transition probability matrix P. (See Fig. 1 for an
illustration.) In detail (2.1) becomes

0 n,~—|—1—5,~,
pn) = ———— ——— Pyjp(n—e¢; +e)
n+0—1 i,je;nj>0 n
n—1 I’l/'—l
B - —e). 2.4
+n+9—1}.€};]:>0n—1p(n ¢)) 2.4)

In (2.4) 6; = 1if i = j or ¢;; = 0 otherwise. Griffiths and
Tavaré (1994) derive (2.4) from a coalescent argument
and also by considering a sample from the population
frequencies in a diffusion process model.

It is possible to express the reverse chain probabilities
by using Bayes’ rule as
P(Hy-1 | Hy) =

=1 n 1

n+0—1 n n(|n—e)

if Hk,1 =n-—e,

0 n n(i|n+e —e))
n+0—1 n n(j | n—e)

if Hi_y=n+e; —e;.

2.5)

IS distributions are found by substituting an approx-
imation 7@ to obtain P(Hy_; | Hy). p(n) can then be
calculated by simulation. Stephens and Donnelly (2000)

construct an IS proposal distribution on coalescent
histories approximating =n(- | n), by 7(- | n), the station-
ary distribution in a Markov chain with transition
probability matrix

OP +n
. 2.6
n+0 26
That is, for j € E,
~. ~. OP; + n;
= — 2.7
RGIm=2 mIm=1 @7
An explicit solution to (2.7) is that
n; > k
RGIm=3 "> o pPy
ieE k=0
n;
=2 0 (2.8)
ieE
where p=0/(n+0) and the transition matrix
Q=(1—-p)I—pP)~'. De Iorio and Griffiths

(2004a,b) provide three ways of justifying the approx-
imation 7; from an approximation to the generator of
the diffusion process describing the distribution of the
population gene frequencies; from the recursive equa-
tions for the sampling distribution; and from a
coalescent argument.

A stochastic interpretation of (2.8) is to choose
a type i € E gene with probability n;/n, then obtain
a type j€E gene from a Geometric (0/(n+ 0))
number of mutations according to the transition
matrix P. In a stepwise mutation model where
P;=1/2if |i—j| =1, or zero otherwise, it is shown
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Table 1

IS proposal distribution and importance weights for a coalescent model with migration

Hy_; Proposal distribution Importance weight
n— ey 15155 — l)q;Dl Z—“ 7G| o,n—ey)
= — o
n— ey + ey delljj;;(l | ea:]zz —(ne)w') (Vlw' +1-— (Si/') ﬁ(] | o, n— e,,-)
7(j | o, m — e,)D(n) Ty (i | o, n— ey)
n—e;+ep an(’]naljﬁ(i | [i,zr/t — ey) (ng; + T/) n, w(|on ai ey)

7(j | o, n — e;)D(n)

ny  (ng+ DTG | B,n— ey)

in this paper that

V=il
0, = I-r p
VT i m] |
In a subdivided population model with g subpopula-
tions let S be the subpopulation type space. A gene’s
type is then indexed by S x E, the subpopulation it is in,
and its allele type. Possible transitions back in time to a
sample of genes at a prior history event to a gene type
(o,j) are: coalescence of a pair of genes of type (a,j);
mutation forward in time from type (,7) to («,j) with
rate 0/2 and transition probability P;; and migration
back in time of a type j gene from subpopulation « to f3
at rate m,g/2. Let m, = Zﬁﬂmaﬁ, and denote (g,, o €
S) as relative subpopulation sizes. A Wright—Fisher
model in discrete time gives rise to this model as
subpopulation sizes tend to infinity. Let (V,),.s be the
subpopulation sizes, N =Y <Ny, q, = Ny/N, a € S,
and v,g, 0, f € S be the probability that the parent of an
offspring in subpopulation « is from subpopulation f in
the previous generation. The backward migration rates
are defined as myp = 2Nv,p, o,f €I, a#f with the
overall rate m, = Eﬂ 2y Myp. 1f (mp,) are the forward
migration rates then g, = Nym,p/Ng. The model
considered here is the usual coalescent time scaled
model where time is measured in units of NV generations,
and N — oo while migration and mutation rates are
kept constant. A careful treatment of the limit is in
Herbots (1997). The analogue of (2.4) for a subdivided
population model, derived in De lorio and Griffiths
(2004b), is

g [
(Z ny(ny = D'+ namy + n9> p(n)

(2.9)

a=1 o=1
[
= Z na(naj - I)chlp(n - ec{/)
a=1 jeE
[
+ 0 Z Z(n“i + 11— 5U)P,,p(n + e, — exj)
o=1 ijeE

g
+ZZZmaﬁnﬁ"jlmm+l)

o=1 jeE f+#ua

xp(n — e, + ep)). (2.10)

Bahlo and Griffiths (2001) obtain a general solution for
p(n) when the sample size is n = 2, though the form of
solution is not simple. For (a,7) € S x E, let n(j | o, n) be
the probability that an additional gene taken from
subpopulation « is of type j, given that we have an
observed configuration n = (n,;). The scaling is such that
Zje gn(j|a,m)=1. The reverse chain probabilities
p(Hyp_1 | Hy) can be expressed in terms of =u(- | o, n).
The proposal distribution p(H_; | Hx) and one-step IS
weights, p(Hy | Hi—1)/p(Hy— | Hy) based on approx-
imate distributions 7(- | o, n), derived in De Iorio and
Griffiths (2004b), are shown in Table 1. The probability
distributions 7(- | a,n) are defined by a system of
equations

(naq; "+ my + ORG | 0sm) = nyiq, ' +0 Z Pyn(i | o, m)
icE
+ Y myg(i | pom). (2.11)

fra

The overall event rate in subpopulation « is d, /2, where
dy = ny(n, — Dq;' + nym, +n,0, and the total event
rate is D(n)/2 where D(n) =) 9_, d,. In practice it is
easiest to choose a gene of type (o,j) to change with
probability

Dg, ' +my +0)
D(n)

naj((nrx -

, (2.12)

then select an associated event from the conditional
proposal distribution found by dividing the proposal
distribution in Table 1 by (2.12).

Here we describe briefly how a coalescent approxima-
tion gives rise to 7. Let B,; be the event that a gene from
subpopulation « of type j is involved in the first event
back in the coalescent history of the process and Y a
random vector describing the configuration of types.
Then

p(Bozj N{Y = ”}) = p(”)P(Bog | Y = ”)

_ ny(ny — l)qa’l Z Ny — 1

D(n) F 1 pln = e&))
i n,0 Z noci"‘l—(sij
D(m) 5= 1y

X Pp(n — e, + ey)
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n,m, Myp N +1

+ D(n) my, np+1

JEE B#a

xp(n — e, + ep)). (2.13)

Exchangeability in the order of sampled genes implies
that

. HNyj
n(j | o, n— ey)p(n — ey) = n—] p(n),

. nyi +1— 9y
(i | o, n— e, )p(n — ey) = n4]
ng; +1

I’lﬁ—i—l

pln — e, + ey)),

(| B,n— ey)p(n — ey) = pln— ey + ep). (2.14)

Substituting from (2.14) into (2.13)
n(j | o,n— €)P(By; | Y = n)D(n)/n,

=(ny — g, ' +0 Z Pjn(i| o,n — e;)
ieE

+ Z mypm(j | B, n — e)).

p#a

(2.15)

The system (2.15) is exact, rather than approximate. To
obtain the approximate system (2.11) assume that
ny(ny — l)q;I + nymy + n,0 Nyj

[FD(Bog/'| Y:n): D(n) .7’

the probability of the last history event being in
subpopulation o, times the approximate probability
14 /1,. Then substituting in (2.15) and settingn — ¢; — n
yields (2.11).

A stochastic interpretation of the distribution 7 is
shown in De lorio and Griffiths (2004b) to be the
following. Let M° = (m,p/m,) be a transition prob-
ability matrix with diagonal elements zero constructed
from the migration rate matrix M, so that the rows of
M° each add to 1. Denote, for o € S,

my, 0

¢o( = r‘q;l +ma7 po( = 4naq;l +ma + 0)

and the transition probability matrix P, =(1—p,)
- paP)_l. A mechanism for choosing a gene of type
j € E from the distribution 7(j | o, n) is the following.
Choose a sequence of subpopulations oy, 0, ...,aq,, for
the migration path of a gene, starting with oy = o and
stopping at step 7 in subpopulation o,, with probability

d)aoq’)al o (’b“rfl(l - qsocf) : m;()oclm;locz o .m;r—l“‘f'

¢, can be interpreted as the probability of moving from
subpopulation o to another subpopulation, while 1 — ¢,
is the probability of stopping in subpopulation «. Next
choose a type at random from subpopulation a,, such
that the probability of choosing a gene of type i is
Hy,i /Ny, - Mutate back along the migration path to oy, so
that a sample path probability of a sequence of
mutations which start with type i,, =i and end with a

type iy = gene is

Moy,

. Poiicii_y * Payigiy Pagiiyig -
An interpretation of P, is that there are a geometrically
distributed number of mutations with parameter p,, the
probability of a mutation, and a transition matrix P for
type changes, in each subpopulation o € {o.,...,q}
visited in the migration path. The stochastic structure

described above can be seen by rewriting (2.11) as
~/ Ny
TE(] | oc,n) = (1 - p:x)(l - ¢a¢)n_]+ (1 - pa)d)oc

x> miRG | B,n)
p#a

+p, Z Py7(i | o, n).

ieE

(2.16)

In the simple stepwise mutation model P, = Q, in (2.8)
with parameter p = p,,.

3. Stepwise mutation model
The population genetics model considered in this

paper is a subdivided population with stepwise
mutations on the line. The gene type space is then

E={..,-2,-1,0,1,2,...} with a mutation transition
matrix of the form
P{/'Zuj—ia l,]:O,:i:l,:l:2, .

A sample of (n,;00€S) genes is taken from the
subpopulations. n = (n,; (,j) € S x E) is the collection
of the number of genes in subpopulation o of type j.
Backwards migration rates from subpopulation « to f
are denoted by (myg;a, f € S). p(n) will denote the
probability of a configuration n under the model.

Fourier transform methods will be used in the
following sections to solve recursive equations obtained.
The Fourier transform of an absolutely convergent
series {a;;j = 0,£1,+2 ...} will be denoted by

=Y ¢,

j==o0

where 1 = +/—1.

3.1. A sample of two genes

It is possible to obtain a formula for p(n) when n =2
by using Fourier transform methods. We provide details
of the simplest case with two subpopulations labelled o
and f. Let p(a, f;A) be the probability that two genes
chosen from subpopulations ¢ and f§ are separated by a
signed distance A =0,+1,4+2,.... p(x,o;A) is inter-
preted as the probability that the signed distance
of the second gene from the first gene chosen from
subpopulation « is A. If n,s is a sample of two genes from
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subpopulations « and f with respective positions i and j

such that i —j=A, then for a#p, p(a, f;d) = p(n.p),
while for a=f, p(a,0;A) = p(n,)/(2 —0ap), where
op0 =11 A=0or dpo =0 if A#0. The scaling is such
that > % p(a, fp;d) =1 for o and f equal or unequal.
Without loss of generality choosing j = 0, substituting in
(2.10), (or a derivation from first principles for a sample
of two genes) and using translation invariance gives the
following equations for o # f3,

(my + mg + 20)p(a, B; A)

=20 Y plonfiA— K
k

+ myp(B, B; A) + mpp(a, o; A),
(q," + my + 0)p(o, o5 A)

=q,"800+0 > plo,o A —kuy

k=—00

+ myp(a, B; A). (3.1
Denote p?* (f) as the Fourier transform of p(o, §; d), and
0* = 0(1 — u*(f)) Then from (3.1), omitting the argu-
ment ¢ for ease of notation,
(my, + mg + 20k, = myplyy + mpp},,
(¢, +my+ 0"k, = q;" + muply,
(q5" +mp+ 0l = q5" + mpply.
The solution of (3.2) is

A
P;k/} =B (3.2)
where
A = q5' mq;" +my + 0%) + g5 mp(qg" + mpg + 0%),
B = (my + my + 20%)(q; " + my + 0°)q5" + mp + 0%)

— mamg(q;" +my + g5+ my + 20%).
Py, and p; o can then be found from the second equation

of (3.2). Probabilities are found by inversion of the
corresponding transform, with

|
Pl fid) =5 [ e CpE () dé. (3.3)

The general case of more than two subpopulations is
similar, with a system of equations to solve for o#f,
o,f=1,...,9 of

(my +mp + 20*)17:/} = Z ma,yp;‘l} + Z m/ﬁ,;ﬂpjw
bkalst y#B

(" +my+ 0%k, = ;' + > mupt, (3.4)
yFEA

In a symmetric one-step mutation model where
u_y =up =1/2, u;=01if j# £ 1, u*() = cos(¢), and
0* = 0(1 — cos(&)).

3.2. Importance sampling distribution ©
3.2.1. Single population

The system of equations (2.7) in a stepwise mutation
model becomes

(| n) =

l & .
n—i—@ n~|—0 Z uj_im(i | n). (3.5)

The Fourier transform equation corresponding to
(3.5) is

R = O E ) (.6
Thus
& =) ()

401 —u*(©)
Inverting the transform

1 n 7kgz 3 *(5)
| e G2

In a symmetric one-step mutation model there is an
explicit solution

1 n e kéi l’l*(f)
o / 0+ 001 — cos(®) ©°
B / Z,,_oo nj cos((j — k)¢)
- n 4+ 0(1 — cos(¢))

ik | n) =

7k | n) =

d¢

ZZ +0]k(p)

j=—o0

n O\ Wjear + M
=+ ), (39)
=1

n+0 n+0
where p = 0/(n+ 6), and

1 (™ cos(¢é)
clp) = 5 / = peos®) ¢

€]
- p
R m] |
In the derivation of (3.9) if j#k,
/ Yoo 1 SIN(( = K)E)
n+ 0(1 —cos(é))

because the integrand is an odd function of ¢ about zero.

(3.10)

dé=0

3.2.2. Subdivided populations
Taking the Fourier transform of (2.11) produces a
system of equations for « € S of

(' ;" my 4 0(1 = W (ONTE | o, m)

= kg, + ) myRE | o). (3.11)
B+
Let A(¢) = Diag(n.q;' 4+ my + 0(1 — u*(&))) — M, b(&)

= (n¥q;") and 7°(¢ | m) = (R(E | o, m)). The system (3.11)
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can be written in the matrix form

(E | m) = AE)'b()

with a solution of

(| o,n) = %/_ e AE) T h(E) dé. (3.12)

T
An approximate solution to these equations can be

found by simple numerical integration on equally spaced
points in [—m, 7].

3.2.3. Two subpopulations

The general stochastic representation in Section 2
gives an expression in a model with two subpopulations
labelled o and 8 of

Alam= > Z[%(l—qbw%(l—%)

k=—00 1)0(=1 Uﬁ:O na ﬁ

_ v v
x ¢ 1P P (3.13)

The probability of v,, v visits to o, lﬁ starting at o and
endingv at o is d);“*l(l — (;Sa)%ﬁ, and similarly
d);“_lqﬁ/f(l — ¢pg), for ending in f. The transition
matrices P,, Py commute, so the term containing them
in (3.13) is well defined. Denote the mean quantities

o)

(&
~ ey _ Ny
Ao,my= Y ja(lom, a= Y j-2,
Jj=—00

j=—o0 M
ap.my= " jaG|p.m, dp= > jL.
j— j=0 "

If the mean mutation distance Zj’i_oo JPj 1s always zero
from any position i then by considering the first step in
the migration walk

(o, m) = ,(1 — ¢,) + ¢, (B, m),

H(B, m) = fig(1 — dp) + Py, m). (3.14)
The solution of (3.14) is

1 — ) + b, (1 — )iy

e m) = . ,
gy =1L —+¢¢Z§; — )7 a1s)

The coefficients of 7,75 in (3.15) are the probabilities
that the parent gene of the gene chosen comes from
subpopulations a, f3.

The representation (3.13) is transparent to under-
stand, however it is easier to find a detailed solution
directly from (3.12). We assume a symmetric
one-step mutation model. Then the determinant
of A&, A = (nuq;" +my+ o) npqy' +mp + ¢)—
mymg, where ¢ = 0(1 —cos(¢)). 40 = (¢ — 41)x
(¢ — 27), where Aj,/, are the roots of ¢ + p(x,+
Xg) + xoxg —mymg =0, with x, = no(q(;1 +m,, and
similarly for xz. Both roots are real, less than zero,

and unequal. Consider the expression

—1 ! . 1 — :
Q! = — Lb_;” ¢—zj

o [ 1 1
S —Ja|=A+0 1—p cos(E)

1 1
— . , 3.16

—/a+0 1—py COS(é)} (10
where p; = 0/(—=A; + 0),i = 1,2. From the matrix equa-
tion for the inversion of the transform and the form of
the inverse of A(¢),

7 1am= [ e A [+ my

(1 — cos(E)g; 'n + quglnﬂ dé. (3.17)
From Egs. (3.17) and (3.16)
1 = Cl](k,j) a2(kaj)
: - 1
A= kZ [—l] +0 —ih+0| (3.18)

=—00

G | o, m) =

where fori=1,2
ai(k,) = g e (s + g + O)ci(p)
0
3 (Ck—jr1(p) + ck—j1 (Pi))]

+ g ' npemacii(p)).- (3.19)

The summation in (3.18) is finite because only a finite
number of {ny,ng} are non-zero.

3.2.4. Computer implementation of the IS algorithm

An implementation of the IS algorithm for two
subpopulations (labelled 1 and 2) was based on the
formula (3.18) for 7. Using the example of locus DB4 in
Table 2 with 0 = 2.0, m, = 5, and m,; = 3, and relative
subpopulation sizes of (0.25, 0.75) five duplicate
computations of the likelihood of the sample and
TMRCA were made, each with one million runs and
different starting seeds. The accuracy is quite good,
with likelihood values 4.2,4.4,4.5,4.2,4.3 times 107"
and mean TMRCA values in coalescent units of
3.219,3.218,3.209,3.217,3.217. The time taken for a
million runs is approximately 25min on a 2.4 Ghz
Pentium 4 computer.

3.2.5. Simulation study

A simulation study was undertaken using the IS
algorithm for maximum likelihood estimation of muta-
tion and migration rates. The model has two subpopu-
lations with symmetric migration and a one-step
mutation model. Ten data sets of 5 independent loci
and 10 data sets of 20 independent loci were used to
check the accuracy of estimates, and to see the effect of
the number of loci on parameter estimation. Because of
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computational constraints the study was limited. Like-
lihood estimation was done on computers of the Centre
Informatique National de I’Enseignement Supérieur
(CINES, France), occupying roughly 10000h on
500 MHz processors. Simulated data sets were generated
using a discrete generation coalescent process in a two
population model with equal sizes N; = N, = 1000
genes, mutation rate 6 = 4.0, and symmetric migration
rates y = mp; = my; = 4.0. Leblois et al. (2003) has
details about the discrete generation simulation techni-
que. Likelihoods were computed for each locus using the
IS algorithm described in this paper. Likelihoods for
each locus were then multiplied to find the overall
likelihood for the multilocus data set at each parameter
point.  Finally, maximum likelilhood estimates
were computed from the likelihood surface obtained
from the likelihood at the different parameter
points by kriging as described in the Appendix A.
A computation based on 5000 runs at 50 values of
the parameter vector yielded less accurate estimates
of likelihood than a computation based on 500,000
runs at the same 50 wvalues, but the maximum
likelihood estimates were identical (details not shown).
Thus, accurate estimation of the likelihood for each
point is not essential. Further computations were based
on 5000 runs at 5000 points. For the two cases of 5 and
20 loci, the relative mean bias and relative mean square
error (MSE) were calculated for estimates of the
migration rate and mutation rate. Since migration was
symmetric in the model, the two migration rate
estimates were pooled.

The relative bias (bias/expectation) and relative MSE
(MSE/squared expectation) are presented in Table 2.
They show good performance of the algorithm, in
particular in estimating 6. As expected, the precision
increases with the number of loci for estimation of both
mutation and migration parameters. In both cases of 5
and 20 loci the bias and the MSE are very small (below
10%). On the other hand, our results show a slight over-
estimation of the migration parameter y. Nevertheless,
the MSE is not very high indicating that estimates are
close to parameter values in the model.

Part of the variance of the estimator is due to the
variance of the maximum likelihood estimator, and part
of it is due to the imprecision in locating the maximum
of the likelihood function through sampling points and
smoothing the surface. Efficiency of the latter procedure
is demonstrated if it contributes only a small part of the
total variance. In this case, the correlation between
independent applications of the procedure to the same
data set should be high. Thus, we independently applied
this procedure (hypercube sampling, likelihood evalua-
tion, and kriging) twice to the ten 5-loci data sets.
The correlation for pairs of estimates was >0.975 for
all parameters, demonstrating the efficiency of the
procedure.

The discrete generation simulation model differed
slightly from the continuous time coalescent model
under which estimation was based. The limited number
of intervals used in the likelihood grid, or the simulation
model, may account for the slight bias of migration
estimates.

For comparison Migrate (Beerli and Felsenstein,
2001) was used with default settings to analyze the
same simulated data sets. Using the default settings,
Migrate takes about the same computer time as our
algorithm to analyze the data. In the study Migrate
estimates were not precise with a low number of loci.
Precision in estimating y, but not 6, increased with the
number of loci (Table 3). Note that estimation with
Migrate assumed two different parameters 6, and 6;,
instead of a single 0 parameter for both populations as
assumed in the previous estimations.

3.2.6. Microsatellite application

Microsatellite loci are highly variable and the
presence of back mutations cannot be ignored. There-
fore inference from such data can be challenging and
likelihood evaluation extremely computer intensive. The
algorithm described in this paper constitutes a signifi-
cant improvement over previous methods. Nielsen
(1997) developed an algorithm based on the pioneering
work of Griffiths and Tavaré (1994) to obtain maximum
likelihood estimates of the mutation parameter 0 at
microsatellite loci. The method is computationally
inefficient, even for a single locus, and computational
time might be large, as many runs through the Markov
chain do not contribute anything to the likelihood value.
In fact, only a few simulated genealogies will contribute
significantly to the likelihood evaluation, while most of

Table 2
Bias and precision of estimates from simulated data sets using the
algorithm described in this paper

5 loci 20 loci
0 Bias 0.16 0.03
0 MSE 0.09 0.01
y Bias 0.19 —0.05
y MSE 0.55 0.22
Table 3

Bias and precision of estimates from simulated data sets using
Migrate

5 loci 20 loci
0 Bias 0.23 —0.60
0 MSE 0.30 0.40
y Bias 1.2 0.25
y MSE 3.1 0.46
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the computational effort will be spent on genealogies
with very small probability, i.e. not consistent with the
observed data. This problem is especially evident in
runs in which too many mutation events occur. Nielsen
(1997) proposed truncating such runs according to a rule
based on the expected number of mutations. The IS
proposal described in this paper implicitly solves this
problem, concentrating most of the computational
effort on trees with high probability, given the observed
data. Of course the extension to subdivided populations
of the island model type here is new. Stephens and
Donnelly (2000) make a comparison on example data
sets of their technique with their implementation of the
Griffiths—Tavaré technique, and a comparison with
Batwing, an implementation of a Bayesian technique
of Wilson and Balding (1998). The Stephens—Donnelly
technique is the most efficient of the three. Their
microsatellite state space is truncated, so their distribu-
tions 7 are computed from a system of linear equations
rather than using (3.9). Chen and Liu (2000) show that
in a data example the Griffiths-Tavaré technique
combined with path resampling is as efficient as the
Stephens—Donnelly technique and produces the same
likelihood curves (see also Chen et al. (2005)). Path
resampling could be used generally in other IS schemes
such as in this paper.

3.2.7. Red Fox data example

Lade et al. (1996) collected data on seven micro-
satellite loci from Australian populations of the red fox
Vulpes vulpes. As an example the two subpopulations
from Phillip Island (PI) and the adjacent mainland at
San Remo (SR) separated by a bridge are considered
here. The data, coded so the minimum position is 0 and
two base pairs are taken as a one unit mutation step, are
shown in Table 4. A stepwise mutation model with
single steps was used to model the data. This implies
that two alleles that differ by one mutation step are
more closely related than alleles that differ by many
mutation steps. The stepwise model is a possible model
for microsatellites when interest is in the relatedness
between individuals and in population substructuring.
Evolution at the different loci was assumed to be
independent with the same mutation rate 0 and two
migration rates between the populations. Likelihoods
for each locus were computed using the IS algorithm
described in this paper, then multiplied to find the
overall likelihood for the loci. Maximum likelihood
estimates of the mutation and migration rates were
found by fitting a likelihood surface using the kriging
method described in the Appendix A with 1000 design
points. Raw likelihood points were based on runs of
10,000 replicates. Parameter estimates and likelihoods
are shown in Table 5 for three different population size
ratios PI:SR. The ratio with maximum likelihood is
(0.25,0.75). There is a large difference between the

Table 4
Microsatellite allele frequencies from the red fox populations of PI and
SR

Locus PI SR
DBI n=46 n=42
0 3
1 5
2 32 2
4 10
5 1
7 14 11
9 10
DB3 n=46 n=46
0 38 32
1 8 11
5 3
DB4 n=46 n=44
0 8 20
9 38 14
12 4
14 5
15 1
DB6 n=46 n=42
0 1 2
1 27 27
2 18 13
OB n=46 n=44
0 28 18
6 8 16
8 10 10
VD10 n=42 n=42
0 5 5
2 13
4 12 12
6 25 12
C213 n =46 n=44
0 4 15
2 42 24
3 5

likelihoods for sizes (0.25,0.75) and (0.75,0.25); the
former is consistent with the higher diversity in SR, and
the latter is unlikely. A maximum likelihood estimate is
0 =2 with an approximate backward migration rate
estimate from PI to SR of mps =5 and in the other
direction mgp = 3. Forward migration rates are mgp =
1.6 and mpg = 9. A likelihood surface for the migration
rates when 0 = 2.0 is shown in Fig. 2. Likelihood units
are 107%°. Raw likelihood points were based on runs of
one million replicates. Pairwise distributions of the
number of steps between two genes both from PI, both
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from SR, or one each from PI and SR are computed
from (3.3) and shown in Table 6. The square root of
average pairwise difference squares within and between
populations is shown in Table 7. There is quite a
variation between loci and variation from the theoretical
values.

As an illustration the mean and standard deviation of
the TMRCA at each locus, shown in Table 8, was
computed with the estimated parameters conditional on
the stepwise allele configuration observed. If the
mutation rate per locus per generation is 107, then
the effective population size is N = 0/(2 x 1073)
= 1000, with effective population sizes on PI of 250
and SR of 750. Effective population sizes approximate
true population sizes over time by their harmonic
means. Supposing a generation time for foxes of five
years (Lade et al., 1996), then coalescent time
units are in units of 5000 years. The TMRCA of
the loci are well before the introduction of foxes into

Australia around 1870 (Lade et al., 1996), which is
what is expected. Assuming the model holds over
the full ancestry may have the effect of inflating

Table 6

Distance distribution between two genes

14| PI SR PI SR
0 0.565 0.447 0.388
1 0.276 0.333 0.362
2 0.096 0.132 0.150
3 0.038 0.053 0.060
4 0.015 0.021 0.024
5 0.006 0.008 0.010
6 0.002 0.003 0.004
7 0.001 0.001 0.002
8 0.000 0.001 0.000
Table 7

Square root of average square pairwise differences

Locus PI SR PI SR
DBI1 3.29 4.33 4.18
DB3 0.54 1.78 1.36
DB4 4.88 8.04 6.76
DB6 0.75 0.77 0.76
OB 5.04 4.88 5.05
VD10 2.78 2.87 3.05
C213 0.81 1.54 1.28
Theory 1.23 1.45 1.54

theta =2

Table 5
Likelihood estimates
(41.92) Likelihood x10~% 0 ps isp
(0.5, 0.5) 43 % 10 1.96 2.07 3.92
(0.25, 0.75) 62 x 10° 2.00 5.07 3.27
(0.75, 0.25) 64 1.70 1.79 14.6
x 10%
1.4
1.2
o /,7;
. <7
0.8 I',;'I/Ill
st S/
2
0.4 W <>
////lo:“\\
0. 4
7

Fig. 2. Likelihood surface for migration rates.



M. De Iorio et al. | Theoretical Population Biology 68 (2005) 41-53 51

Table 8

TMRCA in years

Locus mean sd
DBI1 9100 3700
DB3 8200 3600
DB4 16000 5100
DB6 4600 2500
OB 11200 4200
VD10 7700 3400
C213 5500 2800

migration rates, by explaining allele frequency differ-
ences by migration, rather than by drift.

Acknowledgements

MDI, RCG were supported by BBSRC Bioinfor-
matics grant 43/B1014435; RL, FR were supported by
grants AIP Biodiversit¢ INRA; CNRS, Programme
Impact des Biotechnologies dans les agro-cosystmes to
I. Olivieri and A. Mignot; and a ACI Jeune chercheur
grant supported FR. The author list is alphabetical.

Appendix A
A.1. Likelihood surface

The IS algorithm proposed in this paper allows
computation of the likelihood with respect to para-
meters of interest. We have a major interest in
estimating migration and mutation parameters and
therefore in estimating the likelihood surface. There
are two aspects of computing the likelihood surface. The
first is pointwise computation of likelihoods; the second
is to find a way to interpolate the surface locally about
the points already computed taking into account that
the surface is a random realization of the true surface.
Potentially there are a number of different methods for
parameter estimation: IS with respect to a proposal
distribution containing the parameter distribution
(Griffiths and Tavaré, 1994; Stephens and Donnelly,
2000); bridge sampling (Fearnhead and Donnelly, 2001);
Markov chain Monte Carlo schemes (Beerli and
Felsenstein, 1999); and Bayesian methods (Wilson and
Balding, 1998). Beaumont et al. (2002) propose a
method for approximate Bayesian statistical inference
based on summary statistics. Their approach replaces
the full data with suitable summary statistics and
approximates the posterior density of the parameters
of interest using kernel density estimation techniques.
The use of summary statistics allows for increased
computational efficiency, although it does not make use

of all the information in the data, as typically in many
settings sufficient statistics are not available.

Here we have adopted a different approach based on
a local linear predictor for interpolated points on the
computed points which takes into account random
variation of the surface. The likelihood of the full
sample of chromosomes is evaluated at points in a
design set and then the likelihood surface is estimated
using kriging methods. Let y(#) denote the likelihood
function of a sample of n genes and let 6 = (6,,...,0,)
be the vector of parameters of interest (for example,
mutation and migration rates), where @ € D C RY, d>1.
Suppose we have evaluated the likelihood at a set of N
parameter values {0,,...,0y}. Each likelihood evalua-
tion can be extremely computer intensive and can
require a long running time. We are interested in
estimating the likelihood surface, that is, to predict
¥(0) at any 0 € D given the values {y(0,),...,y(0y)}. The
unknown function y(@) is assumed to be a realization
of a Gaussian process Y = {Y(0),0 € D} (see Ripley
(1981)). A Gaussian process is defined by its mean
function and covariance function:

E[Y(0)] = (), (A.1)

cov[Y(0), Y(0))] = C(0,,0)). (A2)

Moreover, normality of the finite-dimensional distri-
butions is assumed, that is for every finite subset of
points S = {s{,...,8¢} C D, the joint distribution
of (Y(s1),...,Y(sx)) is a multivariate normal. In a
situation where the likelihood is computed from
independent sampling realizations, the multivariate
normal assumption will hold approximately because
of the central limit theorem, but the assumption
is not critical because prediction of interpolated
points in the local surface explained below really only
depends on best prediction with minimum variance
consideration.

Given the value of the likelihood at {0y,...,0y}, we
wish to predict the likelihood surface at a new point 6.
Let y, be the column vector defined as

»(01)
YN = :
»(0n)

Then the minimum MSE unbiased predictor of y(@) is
given by

70) = E(Y(0) | yy) = 1(0) + kOK vy — y)  (A3)
and its variance is

var(7(0)) = var(Y(9) | yy) = C(0,0) — k(0)K~"k(8),
(A.4)
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where

w(o) C(0,0,)

u=| 1 |, kO)=

w(0y) C(0,0y)

and K =(K;) is N x N matrix whose elements are
given by

K; = C(0,,0)).

The linear prediction in (A.3)~«(A.4) is known in
geostatistics and spatial statistics as kriging (Ripley,
1981; Cressie, 1993; Stein, 1999) and has previously been
applied to surface estimation in different contexts,
including interpolation, image restoration (Geman and
Geman, 1984; Ripley, 1988), prediction of deterministic
functions (Currin et al., 1991) and analysis of computer
experiments (Currin et al., 1991; Sacks et al., 1989a,b).

We are looking for a general method to estimate the
likelihood surface. The surface is assumed to be smooth,
continuous and differentiable. In particular, we require
that the mean is constant for all € D, i.e. u(0) = u, for
all @ € D. As covariance function we use

d
C(0;,0;) = 0™ expd =4 Y (0 — 0p) . (A.5)
k=1

where A>0 determines the correlation structure of Y
and ¢? is a scale factor. Of course, other choices of mean
and covariance functions are possible. See, for example,
Currin et al. (1991), Stein (1999). For example, we could
incorporate a linear (or polynomial) model for Y
through the mean function. In our experience there is
no need for this, especially when d is quite large (greater
than 4), as predictions based on a constant mean
function are quite good. Determination of u, / and ¢? is
usually achieved by iterative search methods (Ripley,
1988; Mardia and Marshall, 1984).

The last issue we need to address is the choice of the N
values of the parameter vector § = (04,...,0,) at which
to evaluate the likelihood. Ideally we would like all the
areas of the space D to be represented. We have applied
Latin Hypercube Sampling to determine 6y,...,0y
(McKay et al., 1979). Briefly, Latin Hypercube Sampling
consists of dividing the range of each 6y, k=1,...,d,
into N intervals of equal marginal probability 1/N and
then sampling a point at random from each interval. In
this way a sample 0y;, j = 1,..., N is obtained, and these
sampled values form the kth component in 6;,
i=1,...,N. The components of the various 6; are then
matched at random. Therefore, there are N intervals on
the range of each element of #; and they combine to
form N cells which cover the space D. The bigger N is,
the better the estimation of the likelihood surface is. Of
course, the computational cost increases.

The results presented in this paper have been obtained
using the R package fields (http://www.cgd.ucar.
edu/stats/Software/Fields/index.shtml).
This package contains a collection of functions for curve
and function fitting with an emphasis on spatial data.
In particular, the function krig implements spatial
process estimates through kriging. The R web site is
http://www.R-project.org where information
and software is available, and the R manual is R: 4
language and environment for statistical computing (R
Development Core Team, 2004).
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