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ABSTRACT

We present a Moran-model approach to modeling general multiallelic selection in a finite population
and show how it may be used to develop theoretical models of biological systems of balancing selection
such as plant gametophytic self-incompatibility loci. We propose new expressions for the stationary
distribution of allele frequencies under selection and use them to show that the continuous-time Markov
chain describing allele frequency change with exchangeable selection and Moran-model reproduction is
reversible. We then use the reversibility property to derive the expected allele frequency spectrum in a
finite population for several general models of multiallelic selection. Using simulations, we show that our
approach is valid over a broader range of parameters than previous analyses of balancing selection based
on diffusion approximations to the Wright-Fisher model of reproduction. Our results can be applied to
any model of multiallelic selection in which fitness is solely a function of allele frequency.

ATURAL selection has long been a topic of interest
in population genetics, yet the stochastic theory of
genes under selection remains underdeveloped com-
pared to the theory of neutral genes. Due to the
interplay of stochastic and deterministic forces, models
of selection present analytical challenges beyond those
of neutral models, although a great deal of progress has
been made with models that use diffusion approxima-
tions to a Wright-Fisher model of reproduction.
Diffusion approximations with selection are, however,
sometimes difficult to employ and always require
assumptions about population parameters for tractabil-
ity. These limitations suggest that there may be value in
developing new methods of solving the problem of
selection in a finite population, and here we do so using
a Moran model of reproduction in place of the familiar
Wright-Fisher model. Our approach has two major
advantages over previous models: general applicability
to a wide variety of selection models and accuracy over
a broad range of parameter values. In this work, we
propose new expressions for the full stationary distri-
butions of allele frequencies under multiallelic selec-
tion, as well as expressions for average allele frequency
distributions.

We restrict our attention to exchangeable models of
selection, meaning that relabeling the alleles will not
change selective outcomes and thus that selection will
be a function of allele frequency rather than allele
identity. Many models of selection can be transformed
into frequency-dependent forms (DENNISTON and

! Corresponding author: Department of Organismic and Evolutionary
Biology, Harvard University, 16 Divinity Ave., Room 4100, Cambridge,
MA 02138.  E-mail: muirhead@oeb.harvard.edu

Genetics 182: 1141-1157 (August 2009)

Crow 1990), and some common models of selection
have the desired property of exchangeability. For
example, symmetric overdominant selection, in which
heterozygotes have a selective advantage over homozy-
gotes but the specific genotype of homozygote or
heterozygote has no further selective effect, can be
expressed as frequency-dependent selection on individ-
ual (exchangeable) alleles, although the direct selec-
tion is actually on diploid genotypes. Many other
proposed models of multiallelic balancing selection,
in which substantial variation is maintained by selec-
tion, can be viewed in this way. Such models have been
of particular interest because of the potential applica-
tion to highly multiallelic systems found in nature, such
as self-incompatibility (SI) loci in plants and the major
histocompatibility complex (MHC) loci in vertebrates,
and the desire to analyze these systems is a motivation
for the present work. We now review some of the
population genetic theory related to these systems.
Early in the history of population genetics, WRIGHT
(1939) presented a somewhat controversial stochastic
model of gametophytic self-incompatibility (GSI) genes,
sparking much further theoretical and empirical work.
An analytic theory of multiallelic symmetric overdomi-
nance was developed along similar lines to this early
model (KiMmurA and CrRow 1964; TAKAHATA 1990) and
has been used as an approximation to the unknown
mode of selection in the MHC (TARAHATA et al. 1992).
Drawing insights from these first two applications, other
biological systems where balancing selection was posited,
including sex determination in honeybees (YokOoyAMA
and NEr1 1979), fungal mating systems (MAY e al. 1999),
and heterokaryon incompatibility in fungi (MUIRHEAD
et al. 2002), have also been modeled successfully using
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closely related approaches. Progress has been made in
using these models to address genealogical (TAKAHATA
1990; VEKEMANS and SLATKIN 1994) and demographic
(MuirHEAD 2001) questions, as well as extending
the models into more complex modes of selection
(UyeNoyAaMA 2003) and reproduction (VALLEJO-MARIN
and UvyeENovyamA 2008).

Models of genetic variation under balancing selection
have traditionally been focused on specific systems,
such that extensions require entirely new analyses, and
have also included a number of simplifying assumptions
in the interest of mathematical tractability. For exam-
ple, the symmetric overdominance model has been
strongly criticized as an unrealistic approximation of
MHC evolution (PATERSON et al. 1998; HEDRICK 2002;
PENN et al. 2002; ILMONEN et al. 2007; STOFrFeELs and
SPENCER 2008), and yet it has proved difficult to make
finite-population models of any of the more realistic
frequency dependence schemes using the same ap-
proaches. A constraint on further progress is the fact
that the standard model of stochastic population
genetics, the Wright-Fisher model, is in fact quite
difficult to analyze.

The Wright-Fisher model of reproduction employs
nonoverlapping generations, so that for a diploid
population of size N, all 2N allele copies are chosen
simultaneously when forming a new generation of
individuals. While it is straightforward to describe this
reproduction scheme mathematically as a discrete-time
Markov chain, that chain unfortunately appears in-
tractable even in simple cases (EwENs 2004). Tradition-
ally, then, diffusion approximations have been used to
obtain quantities of interest, such as the equilibrium
expected number of alleles, allele frequency spectra,
and fixation probabilities and times. Diffusion approx-
imations are derived in the limit N —o, but are
applicable to problems of finite N, provided that the
strengths of other forces such as mutation and selection
can be assumed to be weak, of O(N™') (EweNs 2004).
WATTERSON (1977) derived such a diffusion approxi-
mation for multiallelic symmetric overdominance using
these assumptions. More recently, as interest in popula-
tion genetics has turned to problems of inference,
GROTE and SPEED (2002) considered sampling proba-
bilities under the diffusion approximation for symmet-
ric overdominance, while DONNELLY ef al. (2001) and
STEPHENS and DONNELLY (2003) proposed computa-
tional methods for some asymmetric models.

Although strong selection can be modeled using
diffusion approximations by making the product of
the population size and the selection coefficient (Ns)
large, the assumption of weak selection is not in fact
appropriate for the canonical biological systems of
balancing selection. Specifically, selection coefficients
are defined by the differences in fitness (the expected
number of offspring) among individuals in the popula-
tion at a given time. These differences may be large in

systems such as GSI, where the fitness of a very common
allele may be very small while the fitness of other alleles
may be greater than one.

In an attempt to deal with the extremely strong
selection of gametophytic self-incompatibility, WRIGHT’s
(1939) original model focused attention on the dynam-
ics of a single representative allele. He collapsed the
influence of all other alleles into a single summary
statistic: the homozygosity, F; which is a function of the
frequencies of all alleles, and which WrIGHT (1939)
assumed to be constant. The analysis is essentially that of
a two-allele system, using a one-dimensional diffusion
analysis. This approach, while shown by simulation to be
very effective in the appropriate parameter range
(EweNs and EwENs 1966), received substantial criticism
on mathematical grounds (FISHER 1958; MoORAN 1962;
EwEens 1964b). EweNs (1964b), in particular, objected
to the use of diffusion theory for GSI, pointing out that
strong frequency-dependent selection violates the dif-
fusion requirement that both the mean and the variance
of the change in allele frequencies be small and of
O(N'). EweNs (1964a) then applied Wright’s basic one-
dimensional diffusion approach to modeling symmetric
overdominance, but assumed that selection was weak
and of O(N') to stay within the strict limits of the
diffusion approximation.

Kimura and Crow (1964) and WRIGHT (1966), on
the other hand, presented alternative one-dimensional
diffusion approximations to symmetric overdominance,
closer in spirit to Wright’s original model of GSI,
that did not make the weak-selection assumption.
WaTtTteErsoN (1977) was concerned about both the
inconsistencies of the approximations used in these
models and the treatment of [7as a constant rather than
as a random variable dependent upon allele frequen-
cies. Using his own multiallelic diffusion approximation
for symmetric overdominance (WATTERSON 1977), he
derived an alternative (small-Ns) approximation to the
frequency of a single representative allele. We consider
this approximation, as well as the best-known one-
dimensional symmetric overdominance diffusion, the
strong-selection approximation of KiMmura and Crow
(1964), in comparison with our alternative approach to
deriving allele frequency spectra under general multi-
allelic selection with exchangeable alleles.

To avoid the approximations required to employ
Wright-Fisher/diffusion-based methods, we turn to an
alternative model of reproduction in a finite popula-
tion: the overlapping-generations model of MORAN
(1962). In the Moran model, a single allele copy dies
and another reproduces in each time step, rather than
all 2N allele copies simultaneously being replaced by
offspring each generation. As in the Wright-Fisher
model, this reproduction scheme is represented math-
ematically by a Markov chain. Unlike the Wright-Fisher
model, however, the Moran model can sometimes yield
tractable, exact solutions to the underlying Markov
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chain, without the need to resort to diffusion approx-
imations. We exploit this trait to develop a new
stochastic theory of multiallelic selection with minimal
dependence on assumptions about population param-
eter values. Our method has the additional benefit
of being flexible: it can accommodate any exchange-
able model of multiallelic selection and either of two
general models of parentindependent mutation, the
infinite-alleles and k-allele models of mutation. Our
Moran-model predictions agree well with the results of
Wright-Fisher simulations.

MODEL

We consider a general model of multiallelic selection,
using a continuous-time Moran model of reproduction
to incorporate random genetic drift. We explore in
detail an infinite-alleles model of mutation, with selec-
tion at either death (viability selection) or reproduction
(fecundity selection) and where selection depends only
on the frequency of an allele, rather than its identity.
In APPENDIX B, we present complementary results for a
k-allele mutation model, also with two possible modes of
exchangeable selection.

Structure of the Moran-model Markov chain: A
single step in the Moran model corresponds to the
death of one allele copy and the reproduction of one
copy, possibly the same one chosen to die. Mutation may
also occur during reproduction. Selection may be
introduced at either point, and because it may be more
convenient to use one or the other in specific biological
situations, we formally develop separate models for
selection at death and selection at reproduction. Re-
gardless of when selection acts, we consider one step of
the Moran model as consisting of one death event,
followed by one reproduction/mutation event. The
relative per-copy death rate of an allele in i copies is
denoted ., and the relative per-copy reproduction rate
of an #copy allele is denoted \,. These determine the
rates at which allele copies are chosen to die (in the
selection-at-death version of the model) and to re-
produce (in the selection-at-reproduction version), re-
spectively. For death or reproduction events not
affected by selection, allele copies are chosen to die or
reproduce with equal probability regardless of type.

We imagine a diploid population of size N, so that
there are a total of 2N allele copies in the population.
Under the infinite-alleles model of mutation, every new
mutation produces a novel allele, and we assume that
the probability that an allele copy mutates to a novel
allele is u per reproduction event. The state of a
population is recorded in a vector, X = {Xj, Xo,...,
Xont, where X; denotes the number of alleles presentin ¢
copies. Thus, Zfﬁl iX; = 2N. We are interested in the
state of the population at stationarity and consider both
the full stationary distribution w(X) = Pr[X; = x;, Xy =

Xo, ..., Xoy = %on] and the expected values both of the
random variables X;, 1 = i= 2N, and of the products X;X;
for all iand j. The vector of expected numbers of alleles
in each frequency class corresponds to the average allele
frequency spectrum, ¢ (x)dx, a classic object of popula-
tion genetic theory usually obtained using diffusion
approximations.

To analyze evolutionary dynamics, we construct a
continuous-time Markov chain on X, the state vector
describing the population. A single transition in this
Markov chain corresponds to a single step of the Moran
model, death followed by reproduction/mutation. The
underlying Markov chain is complicated, in part be-
cause the number of possible transitions that can be
experienced by a particular X vector is very large.
However, these transitions can be categorized into 10
distinct types depending on their effects on X (Table 1).
To obtain the rate of a particular transition, we consider
the two events in a step, death and reproduction,
independently. For example, if in one step a copy from
a 4-copy allele were picked to die, and a copy from a 10-
copy allele were picked to reproduce (without muta-
tion), this would represent a transition of type 5 with i =
4 and j = 10. The population will then have gone from
state X= {xy, Xo, X3, X4, - - -, X10, X11, - - - » Xon} tO state X' =
{1, %0, x5+ 1,04, —1,..., 00— 1,x11 +1,..., x%on}. In the
selection at death model, the rate of such a transition
occurring, given X, is

10%]0
4x4——— (1 —
Mg T Xy IN ( u)7

and the equivalent rate in the selection at reproduction
model is
4x4

2—N7\1()10X10(1 — u)

With the 10 possible transition types and their effects
on X as a complete description of the dynamics of
the Markov chain, it is possible to derive equilibrium
properties of the system, including stationary distribu-
tions and average allele frequency spectra. We are able
to obtain exact results for these quantities using the
reversibility property of the Moran model with multi-
allelic selection, which we now prove.

Stationary distributions and reversibility: Based on a
product form of the stationary distribution of allele
counts as in MORAN (1962), e.g., see p. 134, we posit that
the equilibrium distributions, 7(X), of the population
state vector under infinite-alleles mutation are of the
form

oN
1| 2Nu 1
Ta (X, X, ..., HoN) = CdH {

=1

Z m—l} O

xil |1 —wpy 5 mu,

when selection occurs at death and
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TABLE 1

Transition types in the infinite-alleles model of mutation

Event (single time step in a Moran model) Effect on X Rate (death selection) Rate (reproduction selection)
1 «x; dies, x,_9 reproduces, no mutation X0 = xi_0 — 1 piixi(i_gg\f”z (1—w) %)\,;,Q(i —2)x;9(1 — w)
(i>2) Xiop =X + 2
Xy=x— 1
2 x; dies, x;_; reproduces, no mutation — ;Liixl-(i}l}s‘” (1—wu) %)\i,l(i —1Dx; (1 — w)
G>1)
3 x; dies, x; (same) reproduces, no mutation — Wiy (1 — ) ENi(1 — )
4 x; dies, x; (different) reproduces, no mutation  x; ;= x,_; + 1 ;Liixi%(l —u) %)\lz(xl -1 —w)

(i>1) X

!
X1 = X1 T 1

5  x;dies, x; reproduces, no mutation X1 =x_1+1 puiix,;%(l —u) %7\7]99(1 —u)
(i>1,j#4i—1,i—2) Xi=x—1
J
xj=x—1

!
N1 = x4 + 1

6  x; dies, x; reproduces, no mutation x| =

lel

w2z (1= u) v N (1 = u)

G#1) Kj=x—1

1 = %01 T 1

7  x dies, x; (different) reproduces, no mutation X1 =x —2 T xl%(l —u) s hi(x = 1)(1 — u)
Xo = xo + 1
8  x; dies, anything reproduces, mutation Xp=x + 1 Wixu 2”% No2Nu
(i>1) X1 = x5 T 1
9  xo dies, anything reproduces, mutation X1 =x + 2 Lo2x0u %)\OQNu
X9 = x9 — 1
10  x; dies, anything reproduces, mutation — XU Qx'N No2Nu

The effects of each of the 10 transition types on X = {x;, xo, ...

’lTr(Xl, X2y .-

o) x2N) = CrH;
—1 (A
(2)

when selection occurs at reproduction. The normali-
zation constants, Cq and C, are unknown functions of
selection and population parameters. These probabil-
ity distributions are difficult to work with directly, in
part because of the unknown constants, but they can be
verified as correct, and used to show that their re-
spective Markov chains are reversible, by a simple
proof. With reversibility, at stationarity we have

m(X)q(X, X') = w(X")q(X", X), (3)

where ¢(z, j) is the rate of transition from state ¢ to state
j in the chain. If our posited m-distributions satisfy
all such relationships, the stationary distributions are
verified, and the processes are reversible; see Theorem
1.8 in KeLLy (1979).

, Xon} and their rates under the two modes of selection.

Using Table 1, we can group transitions into classes
that change X in similar ways: type 1 and type 4 alter
the counts in three adjacent elements, types 6 and 8
both alter x; and two adjacent elements, types 7 and
9 alter x; and xo, and type 5 transitions alter two pairs
of (nonoverlapping) adjacent elements, x; ; and x;, and
xjand xj+1. Each one-step transition can be undone by
another one-step transition within the same class. For
example, a type 1 transition with ¢ = 6 is reversed by a
type 4 transition with ¢ = 5, and a type 6 transition with
j = bis reversed by a type 8 transition with i = 6.

We can use these four transition classes to present
a set of detailed balance equations (3) for the process at
stationarity, and we use those balance equations to
validate our posited stationary distributions and verify
reversibility for the infinite-alleles mutation models in
APPENDIX A. We also present similar reversibility argu-
ments for a k-allele model of mutation, in APPENDIX B.
There we derive both stationary distributions analogous
to (1) and (2) and average allele frequency spectra for
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that mutation model, as we now do for infinite-alleles
mutation.

Average allele frequency spectra: We begin our
derivation of average allele frequency spectra with an
identity,

2N .
J%

2N

which is true for every state vector X =
Then, we have

{X], X9y « v vy x2N}

2N
X; = Z%Xl

Using a stationary distribution (X) and taking expect-
ations at equilibrium, this becomes

N
> wm(x) =) %xﬂT(X)

We derive the equilibrium expected values E[ X;] by first
finding the expectations of the products E[X;Xj] and
then applying the equation above. The approach we use
is to consider again the detailed balance equations and
take expectations at stationarity, yielding a relatively
simple system of equations relating the E[X;]’s and
E[X;X]’s. This system of equations can then be solved
numerically.

Selection at death: The first balance equation uses
transitions of type 1 and type 4. The total expected rate
of type 1 transitions at stationarity is

—2)x;_9
§ ’ - 1
al le 2N ( u)

— E[X X, o], "(;f) (1-u

and the total reverse rate of corresponding type 4
transitions (that would on average exactly undo the
type 1 transitions above) is

i— S
Zﬂd I ( 1)Xi—1(2—N
= E[Xifl(xifl - 1)]P~17  —

With reversibility these total rates are equal so that

Pivp t— Lt
B @ i

E[X;X] = E[X]] + E[Xi1Xis1],  (5)
giving us our first expression for the relationship of the
random variables X; o, X; 1, and X;. Two more such
expressions are necessary and are derived from two
more balance equations. Balancing two type 5 transi-
tions and taking expectations gives

el -
i ELX (1 = )

= Mj+1%ﬂ&—l&+ﬂ(l - u),

where i > 1, j# 4, i— 1,7 — 2, so that

—1) (j+1
M7+1 (l - ) (] - )E[}(l }(j#»]},
wiood j

E[X:Xj] = 1<j. (6)

The last necessary pair required equates a type 6
transition and a type 8 transition for
(i-1)

wAEXilu = 5

EXi X1 = w),
for ¢ > 1, and thus

b (i+1) 2N
oy ¢ 1—u

E[X,X] = E[Xi], i>1.  (7)

Combining Equations 5-7, we have

i+7j 2Nu d Mgy ..
E[X;X] = — » E[Xi+i], i<j (8
[Xi Xj] ; 1—u<,_1mm> [Xi+)] j (®)
) 2 2Nu (v i, ..
EX,X] = E[X]+7 (H - )b[xzi]. (9)
? —u r:lu‘i—r-%—l

From the identity (4) and Equations 8 and 9, we arrive
finally at an expression for the average allele frequency
spectrum under infinite-alleles mutation and selection
at death:

Min(i2N—i) ., . ¢ j
i+j  2Nu Wit
LX) = tr VEIXL
-3 (H ts rpx,
. ON—i i+j  2Nu (ﬁ [T >E[X |
i+ -
j=Min(i,2N—i) (2N - l) I—u r=1 iyt

(10)
While not a closed-form solution, this suffices to calculate
numerically the vector of L[ X;] values. We first calculate
all terms recursively relative to L[ X;x] and then normal-
ize by 32" iE[X;] = 2N. Note that once we have com-
puted expectations E[X;], we can also compute Var[X]
and Cov[X;X]], through use of (8)—(10). In addition,
we can use the last element of the vector, E[Xon], to
obtain the normalization constant C4 of the stationary
distribution mq(X), using E[Xon| =D xenTa(X) =
7a(0,..., 0, 1). With this, we now have a fully specified
stationary distribution (1) for the Markov chain.
Selection at reproduction: Analysis for this model pro-
ceeds along a very similar line to that for the previous
model. The rates of the 10 types of transitions in this
model are listed in the last column of Table 1, and
reversibility of the process is formally verified in APPEN-
DIX A. We can use the same fundamental relation (4) for
the expectations and again focus on using the detailed
balance equations to derive expressions for the cross-
product expectations. Using the same informative pairs



1146 C. A. Muirhead and J. Wakeley

of transitions as before and the transition rates for this
model (Table 1), we find

i+j 2Nu ( VI

EINX] = T

. )E[XWL i<j (1)
=1 ytr-1

EXX)] = BX] + 2 22 (H Mo )E[Xgi] (12)

i1l —=w\ G N

and

so that we may calculate E[X;] values as before.

RESULTS

Comparison to results from diffusion theory and
simulations: We compare results from our approach to
those from existing stochastic models of balancing
selection, beginning with the well-studied case of sym-
metric overdominance. WATTERSON (1977) assumed
very weak selection to derive his multidimensional
diffusion approximation to symmetric overdominance.
In this case, weak means that the fitness advantage of
heterozygotes, s, is O(N"). Analysis of the full diffusion
model is impractical, and WATTERsON (1977) provided
the following approximation for the expected one-
dimensional allele frequency spectrum under an infin-
ite-alleles model of mutation,

d(x) ~ 031 (1 — x)"!

ox[2 — (2+ 0)«]
x{1+W

0'296

+
2(1+0)%(2+6)(3+6)
X [—80 + x(24 + 320 + 46?)
— x%(1+ 0)(48 + 2460 + 46%)

+ x3(1+0)(24 + 220 + 80% + 93)]},

which is valid for small o = 2N_s, where N, is the effective
population size, and 6 = 4N.u. d(x)dx is defined as the
equilibrium number of alleles expected in the fre-
quency class (x, x + dx) and is equivalent to our vector
of E[X;] values with an appropriate dx. We have kept
multiple terms in the Taylor expansion above to
improve the accuracy of the approximation.

Kimura and Crow (1964) assumed strong selection
to obtain a different, one-dimensional, diffusion ap-
proximation for multiallelic symmetric overdominance
and infinite-alleles mutation:

d)(x) ~ Ce—o‘(x—F)2—9xx—l )

0 and o are as before, except that in this model s
represents the decrease in fitness of homozygotes. The
random variable Fis the homozygosity of the population
(the sum of squared allele frequencies), which Kimura
and Crow (1964) assumed to be a constant at equilib-
rium under strong selection. When evaluating KIMURA
and Crow’s (1964) diffusion, instead of using one of
the available closed-form approximations for the two
unknown constants C and F (requiring additional
assumptions), we used Mathematica 7.0 (WOLFRAM
2008) to numerically integrate the equations

Jl xd(x)dx =1

0

and

Jl ’db(x)dx = F,

solving simultaneously for C and F The intent was to
provide a solution that was minimally dependent on
approximations beyond the assumptions inherent
in the strong-selection, one-dimensional diffusion ap-
proach itself.

To assess the accuracy of the Moran model approach
developed here, relative to the Wright-Fisher model
diffusions above, we performed extensive individual-
based simulations of Wright-Fisher populations with
symmetric overdominant selection and infinite-alleles
mutation. The simulations use a discrete-time, non-
overlapping generation framework, with reproduction
and selection implemented as follows. In each genera-
tion, tentative new diploid individuals are created by
drawing two allele copies in a multinomial draw from
the previous generation’s gamete pool (with each allele
copy given a chance to mutate to a novel allele with
probability u). The individual created is given a fitness
value according to its genotype and is accepted or
rejected as a member of the next generation according
to the value of a random number drawn and compared
to the fitness value. The process is repeated for all N
individuals in each generation. Simulations were begun
with triallelic populations and run for at least 100,000
generations, at which point allele frequencies were
recorded. To ensure that the data were being sampled
at stationarity, allele number and homozygosity were
recorded at regular time points during the run. All sets
of simulations appeared to have reached stationarity for
average allele number and homozygosity by generation
20,000.

Comparisons between the Moran model and the
Wright-Fisher model must account for the factor of
2 difference in timescale that results from differences
in the distributions of the numbers of offspring per
individual between these two modes of reproduction
(FELDMAN 1966). All comparisons among the two
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Wright-Fisher diffusions, the Moran model prediction,
and the simulation results adjust for this difference, as
well as for the slight differences in the selection model
between the two diffusion approximations. In all cases
the Nreported is the N of the Moran model, so that, for
example, the corresponding Wright-Fisher simulation
would be of a population of size N/2. The sreported is
the s of the following Moran model implementation of
symmetric overdominance.

Symmetric overdominant selection in the Moran
model is easily imposed through death-step selection.
Allele copies in heterozygotes die at rate 1, and allele
copies in homozygotes die at rate 1 + s. Assuming
Hardy—Weinberg proportions, a copy of an allele whose
population frequency is /2N will find itself in a
homozygote with probability i/2Nand in a heterozygote
with probability 1 — i/2N. This leads to

i i
- 4
Hi 1(1 QN) (+9955

i
=1+ SQN.
The s used here is equivalent to the s of the Kimura-
Crow diffusion model.

Figure 1 shows three comparisons between the simu-
lations and the various analytic predictions for average
allele frequency spectra. In Figure 1A (where N = 2000,
s=10.001, and u = 10"7) selection is relatively weak (o =
2) and Watterson’s weak-selection diffusion (dotted line)
tracks closely with the simulations (solid line, average of
10,000 iterations). The Moran model solution (thick
dots) also tracks the simulations, while the Kimura—Crow
strong-selection diffusion (dashed line) does not. In
Figure 1C (where N = 2000, s = 0.01, and u = 107°),
selection is strong (o = 20) and the Watterson diffusion
no longer performs well, while the Kimura—Crow diffu-
sion does. Again, the Moran model also accurately
predicts the outcome of simulations. Figure 1B shows
an intermediate situation (N= 2000, s= 0.005, u=10"°)
in which neither diffusion approximation is able to
predict the results of the simulations, but the Moran
model predicts simulation behavior very accurately.

Application to two specific types of selection: Plant
self-incompatibility: GSI is a genetic system by which some
plant species ensure outcrossing. A compatible mating
can result when there are no alleles in common at the
incompatibility locus (S locus) between haploid pollen
(male gamete) and diploid stigma (female reproductive
structure). For example, if a plant has diploid genotype
A;A;j at the S locus, its stigmas will express that diploid
genotype and the ovules of the plant may be fertilized only
by pollen bearing a different allele A;, k # 4, j. Pollen
expressing A;or Ajlanding on an A;A;stigmawill trigger an
incompatibility reaction, so that no zygote will be formed.

This type of mechanism, in a Moran model frame-
work, naturally suggests selection at the reproduction
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F1Gure 1.—Correspondence between Moran and diffusion
predictions and accuracy of predictions as assessed by simula-
tions (averaged over 10,000 iterations). Dotted line, Watter-
son diffusion; dashed line, Kimura—Crow diffusion; thick
dots, Moran solution; solid line, simulations. Symmetric over-
dominant selection is shown. Moran model parameters: (A) N=
2000, s = 0.001, w = 107, (B) N = 2000, s = 0.005, u = 105,
(C) N=2000, s =0.01, u= 107",

step. We approximate GSI by assuming that selection
occurs only through the male part and that the re-
productive success of an allele copy in pollen (relative to
the success of a copy in a female gamete) is directly
proportional to the frequency of diploid plants not
containing that allele. Because all plants are hetero-
zygotes under GSI, the frequency of plants containing
an allele in frequency /2N is simply i/ N. Thus, we can
approximate the reproductive rate of an allele copy in
frequency i/ 2N by
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FIGURE 2.—Accuracy of self-incompatibility approximation
assessed by simulation: average allele frequency spectrum.
Solid line, Moran solution using (14) for N = 2000, u =
107%; dashed line, diffusion approximations for gametophytic
self-incompatibility, N. = 1000, « = 10~ dots, individual-based
simulations of a population (averaged over 10,000 indepen-
dent iterations) with Wright-Fisher reproduction (nonover-
lapping generations) and gametophytic self-incompatibility,
N, = 1000, u = 10"°.

() (D)) e

This approximation lacks some of the notable features
of GSI. In particular, it does not require an overall
number of alleles =3 (as required for a functional GSI
system), and it does not restrict the allele frequencies to
be =0.5 (which follows directly from the observation
that all individuals in a GSI system must be hetero-
zygotes). Nevertheless, this simple formulation per-
forms well as judged by simulations.

The simulations shown in Figures 2 and 3 are again of
Wright-Fisher (nonoverlapping generations) repro-
duction with an appropriate population size conversion
and in this case are individual-based simulations of
gametophytic plant self-incompatibility under an infin-
ite-alleles model of mutation. GSI was simulated by the
following scheme: a diploid female parent and haploid
pollen were picked randomly from the population and
tested for compatibility. If they were compatible, a new
zygote was generated from the possible gamete combi-
nations; if incompatible, the pollen was discarded and a
new pollen gamete picked until a compatible mating
was achieved. Mutation to novel alleles occurred with
probability u per gamete per generation.

Figure 2 shows the average allele frequency spectrum
predicted using the Moran approximation (14) for a
population size of N = 2000 and mutation rate of u =
10-° and compares it to the average spectrum obtained
from forward simulations (25,000 iterations) and to the
Wright-Fisher model diffusion prediction. The diffu-
sion prediction was calculated following UYENOYAMA’S

50
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FIGURE 3.—Accuracy of self-incompatibility approximation
assessed by simulation: allele number. Shaded triangles, ex-
pected total number of alleles from the Moran solution for
N = 1000 and mutation rates v = 107%, 107°, 10, and 10~
shaded stars, expected total number of alleles from the
Wright-Fisher model diffusion approximation with N, =
500 and the appropriate mutation rates. Simulation results,
from individual-based forward simulations of a Wright-Fisher
population (N, = 500) with gametophytic self-incompatibility,
are represented by box-and-whisker diagrams.

(2003) implementation of Wright’s model. Specifically,
the effective number of common alleles (n) was ob-
tained by solving

1= no eQNJL/(TL*l)(”*?)*e/?
n—u(n—1)(n—2)

x \/QNe(n/(n 1)) +6

n—29 Nen/(n—1)+6/2
“|

(1+2u(n—1)/n)

numerically and then substituting the resulting value of
ninto the appropriate expression for ¢ (x),

(b(x) _ egQNcnzx/W*])("*Q)(l _ 2x)1\/cn/(nfl)+6/27lx71

(UyENovaMa 2003; VALLEJO-MARIN and UYENOYAMA
2008).

Figure 3 compares the total number of alleles pre-
dicted by both the Moran approach and the diffusion
approximation to simulation results. To compute the
total number of alleles predicted by the diffusion ap-
proximation, we integrate ¢&(x)dx over the allowable
allele frequency range. Figure 3 shows that, in general,
the Moran approximation tends to slightly underesti-
mate the total number of alleles produced by simula-
tions (100 iterations for each point, box-and-whisker
plot) unless the mutational inputis extremely high, while
the diffusion prediction follows a reverse pattern. Both
estimates, however, fall within the ranges commonly seen
in simulations for all parameter sets examined.
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Ficure 4.—“Threshold” frequency-dependent selection.
The fitness function (through differential rate of reproduc-
tion) is plotted on the right axis (shaded line). On the left
axis is the Moran model prediction for average allele fre-
quency spectrum at equilibrium (solid line) and simulation
results (dots, average of 25,000 independent runs). N =
1000, w = 10"°. The simulations are of a population reproduc-
ing according to a Moran model.

A model of threshold frequency dependence: The Moran
treatment of multiallelic selection is versatile and allows
the study of any model in which the mode of selection is
solely due to the frequency of an allele. Figure 4 shows
the expected allele frequency spectrum for a very simple
model of frequency dependence, in which selection
depends on a critical threshold frequency. In this exam-
ple, selection is applied at the reproduction step, such that

1.0 ifg; <0.1,
N = {0.98 otﬁérwise. (15)
The expected allele frequency spectrum is shown for this
selection model (Figure 4, shaded line; see right-hand
axis), with N = 1000 and infinite-alleles mutation rate
u=107". The analytic prediction from the Moran model
approach is represented by the solid line, and forward
simulations (average of 25,000 iterations) are shown by
dots. Simulations in this case were of a discrete-time
Moran model of reproduction, where in each time step
one allele copy was picked to die and one to reproduce
and possibly mutate, as in the preceding analytic model.
To run discrete-time simulations, we converted the
reproduction rates given by (15) into per-time step
probabilities, dividing by the total reproduction rate
>~ ix;N;. The analytic prediction provides an accurate
description of the consequences of this simple selection
model. Analysis of additional complex selection models
is equally straightforward with the analytic approach
described above, limited only by the requirement that it
must be possible to express an allele’s fitness as a
function of its frequency, independent of allele identity.

DISCUSSION

The Moran approach to modeling multiallelic selec-
tion has some immediate advantages over previous

methods based on diffusion analyses of Wright-Fisher
models. Moran models can sometimes yield exact
solutions where Wright-Fisher models cannot; in this
case, the solution obtained is exact for a continuous-time
model and appears to be an excellent approximation
for discrete-time models such as those implemented in
the Wright-Fisher model simulations. The exact solu-
tions accurately portray the expected state of a popula-
tion at equilibrium under selection across a range of
parameters and modes of selection. The diffusion
approximations based on the Wright-Fisher model, on
the other hand, can falter when parameter values are
outside their applicable ranges and have been developed
only for a few well-studied modes of multiallelic selec-
tion. Thus, although the diffusion approximations
perform very well within their allowable parameter
values, and with careful attention should yield accurate
results, the Moran approach may be generally prefer-
able. Additional simulations (not shown) demonstrate
that the k-allele version of the Moran model with multi-
allelic selection (APPENDIX B) performs as well as the
infinite-alleles version that is the focus of the diffusion
comparisons, representing another extension of the
applicability of the approach.

The traditional diffusion approximations have one
significant practical advantage over the Moran ap-
proach, in that the solutions, once obtained, tend to
be easier to work with analytically. For example, while
the expressions for the expected allele frequency
spectra are exact in the continuous-time multiallelic
Moran model, they are expressed as a system of equa-
tions, rather than closed-form expressions as is possible
for some of the one-dimensional diffusion approxima-
tions. Moreover, the number of calculations required to
obtain results from the Moran solution grows rapidly
with population size N, making study of very large
population sizes tedious and potentially vulnerable to
inaccuracies due to machine precision limits. Neverthe-
less, despite these difficulties resulting from the large
size of the state space in an exact model, we believe that
the disadvantages are outweighed by the advantages of
having a more fully described stochastic model.

One biological system that could benefit from having
amore complete stochastic description of allele dynam-
ics is plant selfincompatibility, in which analysis has
been hindered by the complexity of the selection mode.
The good fit between the GSI simulations and our
simple Moran model parameterization may be initially
surprising, particularly in light of the realization that our
parameterization (14) is algebraically equivalent to a
simple model of overdominance with complete homo-
zygote infertility. It has been pointed out (VEKEMANS and
SrATKIN 1994) that such a model underestimates the
strength of selection in an SI system, and Wright’s more
complicated analytic model of relative pollen success
(WRiGHT 1939) has thus been favored in the study of
GSI. Cases with low mutational input (Nu <1) show the
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expected apparently weaker selection of the Moran
model approximation compared to full GSI simulations,
through a smaller total number of alleles maintained
(Figure 3) at higher frequency (Figure 2). The weakness
of mutation is also evident in the lack of a lowfrequency
class in Figure 2. At higher mutational inputs (Nu > 1),
however, the Moran model actually overestimates the
total number of alleles maintained by selection, appar-
ently overestimating selection. A closer examination
reveals that the discrepancy is due to the substantial
number of alleles in the lowest (1-copy) frequency class
in the Moran model, a frequency class that does not
exist in simulations due to the transformation N= 2N..
Overall, however, the difference between simulation
and either of the two analytic predictions is small. In
fact, the average allele frequency spectrum obtained via
the Moran approach seems to provide as good a match
to simulations as does the diffusion prediction based on
the more complicated (and biologically accurate) GSI
approximation of Wright.

We explain this initially puzzling result by pointing
out that the simulation method used (repeated pollen
trials against a chosen female plant) is intuitively quite
close to the Moran formulation of selection (females
reproduce at rate one, males reproduce according to
their probability of finding a compatible female plant).
This is the standard simulation method for GSI (Mayo
1966; YokoyaMa and NE1 1979; VEKEMANS and SLATKIN
1994; UvENnoYAMA 1997; SCHIERUP 1998; SCHIERUP et al.
2000; MuirHEAD 2001), chosen in part via biological
intuition (Mayo 1966). The standard simulation meth-
od has been an accepted way to model the complex
selection in GSI; our results suggest that the simple
Moran approach (or the algebraic equivalent, complete
infertility of homozygotes) is an equally acceptable
analytic model, at least for considering the quantities
derived here, allele number and average allele fre-
quency spectrum. The relationships among simula-
tions, the Moran model analytic predictions, and the
Wright-Fisher diffusion analytic predictions are not
constant across all population parameters, however,
indicating a need for caution in the use of any analytic
approach. Here again, however, the Moran model
approach may be preferred because, with its limited
set of approximations, it is relatively easy to isolate the
causes of any discrepancies from simulations and to
predict and account for other discrepancies in other
parameter ranges.

The exact Moran approach for multiallelic selection
may be helpful in studying other difficult systems of
selection. Through its generality, it opens up a large
number of selection models that were inaccessible (or,
at least, unaccessed), using traditional diffusion meth-
ods. An example is the fitness function shown in Figure
4, which while itself is quite simple (a threshold model
with two alternative reproduction rates) yields a surpris-
ingly complex expected allele frequency distribution.

As simple as this fitness model is, the work required to
develop an appropriate diffusion approximation to its
dynamics would be considerable, and simple adjust-
ments to the model would require additional analysis.
With the Moran model approach, due to reversibility, we
have immediate access to the stationary distribution of
allele frequencies, the equilibrium allele frequency
spectrum, and related quantities for any exchangeable
selection model, i.e., in which fitnesses depend only on
allele frequencies.

The Moran model approach has been shown to
provide a useful means of modeling a wide variety of
fitness schemes, in particular those relevant to highly
multiallelic systems of balancing selection. The ap-
proach is minimally dependent on approximations and
thus, unlike alternative methods, can be applied regard-
less of the values of population parameters such as the
strength of selection, mutation rate, and effective pop-
ulation size. In addition to generating accurate expres-
sions for the average allele frequency spectrum, using
the Moran model yields fully specified expressions for
w(X), the joint allele frequency spectrum, independent
of the diffusion assumptions used to derive the standard
results for multiallelic selection (first developed by
WRriGHT 1949). The expressions are general for any
model of exchangeable multiallelic selection with par-
entindependent mutation, as are our proofs of revers-
ibility of the underlying processes. We also obtained
exact transition probabilities for all possible one-step
transitions from a given population state X under any
model of exchangeable selection. It is hoped that these
results, by giving us a reasonably detailed picture of this
class of complex stochastic processes, may prove useful in
extending the analysis of multiallelic selection to prob-
lems of ancestral inference, which has previously been
restricted to a limited number of models of selection.

We are greatly indebted to Rick Durrett for many helpful comments
and for suggesting a product form of the stationary distribution of
allele frequencies that improved the work immensely. This work was

supported by a Career Award (DEB-0133760) to J.W. from the National
Science Foundation.
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APPENDIX A: REVERSIBILITY, INFINITE-ALLELES MODEL

To simplify notation, let

 2Nu 1

m—1

Q;

2Nu

471'_1LM1 m:?Tan

l)kmfl

B;

so that for our posited stationary distributions we have

and

:l—u

o [T ~ (A2)

m=2

2N x;
G H F . (A4)

We begin by considering the selection at death stationary distribution. If the stationary distribution is correct, and the

process is reversible, then
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ma(X) (X, X") = ma(X') (X", X)
m(X)  q(X', X)

ma(X) ~ g(X, X')° (A5)

Let ¢; be the unit vector with x; = 1 and all other elements 0. From the transition types in Table 1, there are four
possible detailed balances, with new population vectors X’ given by

X' :X—ei_2+26,~_1 - ¢, i>2,
X’:X+ei71_ei_ej+€j+l7 2751,]752,2—1,2—2,

X'=X-a—-¢+e, j#1,
X' =X—2¢ + e.

To further simplify notation in evaluating the detailed balances, let f3(x;) = a}"/x;!. Then, for the first detailed balance
in the selection at death model, we have

ma(X) _ Jalxie)  falxicn)  Ja(x)
ma(X')  Jalxice = 1) fa(xics +2) fa(xi — 1)
_ o9 (X,;l + I)L(XFl + 2)&

2 .
i—1 Xi

Xi—2 (01
_ (= (i +2)(i = 1) (a1 + 1)
Hixi (1 — 2) %o

(X', X)
(X, X)) (A6)

The last line holds because this balance equation equates two events, “death of an i-copy allele and reproduction of an
(i— 2)-copyallele (no mutation),” which has transition rate ¢(X, X') = wix;((i — 2)x,_9) (1 — u), and “death ofan (i — 1)-

copy allele and reproduction of a different (i — 1)-copy allele (no mutation),” with rate ¢(X', X) = p,_1 (i — 1) (x;_ + 2)
(=1 (x1 + 1)/2N) (1 — w).

We have three remaining detailed balances to verify for the selection at death model. Substituting as before into
(Ab), we have for the second balance equation, for i# 1,and j# i, i — 1, i — 2, X =X+ 61 — ¢, — ¢+ €41,

ma(X) _ falxic)  falx)  Jalx)  Ja(xe)
ma(X')  falxior + 1) falx — 1) fa(xy — 1) fa(xe1 + 1)
(xi-1 + 1) oy (x41 + 1)

Q1 X X O+
B G D 16— D)y +1)

(XX (A7)

where the two events are “i-copy dies, fcopy reproduces, no mutation,” with rate ¢(X, X) = w;ix;(jx;/2N) (1 — u), and

“(j+ 1)-copydies, (i — 1)-copy reproduces, no mutation,” with rate ¢(X', X) = ;1 (j+ 1) (1 + 1) (0 — 1) (%, + 1)/
2N) (1 — u).

The third balance uses, with X' = X — ¢, — ¢+ ¢y and j# 1,
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ma(X) _ jala)  Jalx)  falxe)
ma(X")  fala = 1) fa(x — 1) fa(xe1 + 1)

_ iyt

X1 X QG+
B (D (e + 1)2Nu
B R (1 — )
q(X', X)

1% X) e

with the two events, “1-copy dies, fcopy reproduces, no mutation,” having rate ¢(X, X') = p1x(jx/2N) (1 — u), and
“(j + 1)-copy dies, mutation,” with rate ¢(X', X) = pj+1(j + 1) (xj41 + Du
The fourth detailed balance has X' = X — 2¢; + &, yielding

ma(X) _ fala)  Ja(xe)
ma(X')  Ja(x —2) fa(xe + 1)
_a o (wmtl)
S xa(n—1)
 e2(xe + 1)2Nu
C (= 11— w)
9(X’, X)
J(X, X)’ (49)

where the two events are “l-copy dies, different 1-copy reproduces, no mutation,” with rate ¢(X, X') = % ((x; — 1)/
2N) (1 — u), and “2-copy dies, mutation,” with rate ¢(X', X) = po2(xe + 1)u. And

™ (X)q(X, X') = m(X")q(X", X)

m(X) ~ g(X.X) (A10)

to verify the stationary distribution and reversibility of the process.
For the first balance equation, we have for selection at reproduction,

m(X) _ filxie)  filxia)  filx)
m (X)) filwice — 1) fr(xior +2) fi(x — 1)
_Big (i + 1)(xi1 +2) B,
B 2271 Xi
(i = D(xic1 + 2)Nig (i — 1) (i1 +1)
ixi)\,;_g(i - 2)xi_2

Xj—2

7(](}(, X)) (A11)

with ¢(X', X) and ¢(X, X') as before, with transition rates appropriate for selection at reproduction.
For the second balance equation,

m(X) ki) k) () ()
m (X)) (i D) Sl = 1) (g = 1) (a1 + 1)
(31 + 1) BB (41 + 1)
Bin xix B
(G 1)1 + Do (i — 1) (31 + 1)
N

4‘](}(, X (A12)
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The third balance equation gives

m(X) _ flx) () f(xa)
m(X) Sl = 1) £ — 1) fi(xg41 + 1)
_BiBjx 1
xt % By
(+1) (x50 + 1)No2Nu
xijNjx; (1 — w)

= M Al3
(0% X)° A1)
and for the final detailed balance, we have
m(X) _ flw) ()
m(X')  filx —2) i + 1)
_Bi B (% +1)
xt(a—1) B
o 2(x + 1)N2Nu
o xl)\l(xl - 1)(1 - u)
— M Al4
9% X)° (A1)

This completes the reversibility proof for the infinite-alleles model with selection at reproduction and validates the
posited stationary distribution (2).

APPENDIX B: k-ALLELE MUTATION

Stationary distributions and reversibility: We now consider the case of kallele mutation. In this model, there are k
possible allelic types, and the probability of mutation to a particular type is u/k, independent of the “parental” type, for
each reproduction event. Analysis of the k-allele model is similar to that of the infinite-alleles model, with some important
departures. The population state vector Xnow includes a term x, representing the number of the k possible alleles not
present in the population (z.e., those having zero copies). There are, as in the infinite-alleles models, 10 basic types of
transitions possible from a given Xvector, but because of the different role of mutation, these transitions are not the same
as in the previous model. Because of the more consistent role of mutation in affecting alleles in different frequency
classes, there are fewer special cases among the transitions that change the population state. We need to consider only two
detailed balances: one in which death and reproduction occur to copies in nonoverlapping frequency classes (affecting
i,i—1,j,andj+ 1,i#0andj# i, i— 1,i— 2) and one in which reproduction and death affecta common frequency class,
similar to paired transitions 1 and 4 in the infinite-alleles model. Formally, the two X’ vectors we must consider are

X’:X‘f‘ei_]*ei*ej‘f'éj_*_], 2#07]#2,271,272
and
X' =X—¢.9+2¢.1—¢, i>1.

We again suggest expressions for the stationary distributions,

2N 1
Trkd(x()a Xlyeooy X‘ZN) = deH;
i=0 Xi*

L ((m—1)/2N)(1 — u) + u/k |
[H(( )/2N)(1 — w) /]

m=1 My,

for selection at death and

2N i X;
"‘Tkr(X(h Xlyenny XQN) = Ckr H% [H )\m—l(((m — 1)/2]\7)(1 — u) + u/k)] (BQ)
i=0 "

m=1 m
for selection at reproduction, where C;, and (; again represent normalization constants. Reversibility can be verified
by the same methods as before, using these stationary distributions and appropriate transition rates. Our simplifying
notation is, for the kallele model,
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i

w=]] R (B3)

m=1 mp,,
i )\m—lRfm—l

B, =[], (B4)

m=1 m

where we have defined R; as
i u
= 1—u)+—. B

Ri=gg (= w+ 7 (B5)

We also use fq(x;) and f.(x;) as before in the infinite-alleles model.
For the first balance equation we have, with X' = X+ ¢,_1 — ¢, — ¢, + ¢;11,

(X)) Jalxia)  Ja(x)  Ja(y)  fa(x+)
T (X)  Ja(xicy + 1) fa(x — 1) fa(x; — 1) fa(xie1 + 1)
(%1 1) o (x541 + 1)

Qi1 X X Q]
i (T D + D (%1 + 1R
B Py R

“ X X (B6)

Here the forward event is “an ¢copy allele dies, and a new copy of a jcopy allele is created (through reproduction
or mutation),” with rate ¢(X, X') = pix;x;R;, and the reverse eventis “a (j + 1)-copy allele dies, and a new copy of an

(i — 1)-copy allele is created (through reproduction or mutation),” with rate ¢(X', X) = wj+1(j + 1) (%41 + 1)
(i1 + )R 1.

For the second balance, X' = X — ¢,_s + 2¢,_1 — ¢; and with selection at death,

T (X) _ Jalxie)  fa(xion)  Ja(x)
T (X)  fa(xiee — 1) fa(xia +2) fa(x — 1)
_ g (w1 F 1) (i +2) o
- 12'71 Xi
_ (G D +2)(xi + DRy
Wi X9 Ri—g
_ X', X)
(X, X' (B7)

Xi—9 a

The events here are “icopy dies, and an (i — 2)-copy is created (through reproduction or mutation),” with rate ¢(X,
X') = wixix;_oR; o, and “(i — 1)-copy dies, and a (different) (i — 1)-copy is created (through reproduction or
mutation),” with rate ¢(X', X) = p;—1(i — 1) (%1 + 2) (x;-1 + 1) R;_1.

This completes the reversibility proof for selection at death with k-allele mutation. The proof for the selection at
reproduction case is similar, using the same balance equations. We have, for the first balance equation,

m(X) ki) () () A1)
m (X)) flxn + 1) (e — 1) (g — 1) (x40 + 1)
(31 +1)B,B; (501 + 1)
Bit xx  Bjy
(j+ D (x+1 + DNip (1 + 1) Ry
N Ry

For the second balance equation we have
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m(X)  felxicg)  A(xia) ()
m (X) f(xie — 1) filxion +2) fi — 1)

~ Bico (ximn F 1)(x1 +2) By
- 2

Xi—2 i1 Xi
o (l - 1)(961',1 + 2))\1'71(952'71 + I)Rt;l
B ix;Ni—oxi—9Ri9
X' X
— q( ) ,) , (Bg)
9(X, X")

verifying the posited stationary distributions and reversibility in the Moran model of selection at reproduction under a
k-allele model of mutation.

Average allele frequency spectra: To obtain the equilibrium expectations for X, we begin again with the identity (4),
N pixx,
E[X] =} 5 EIXiX],

and focus on finding expressions for the cross-products E[X;Xj]. Using the transitions in the first detailed balance
above and taking expectations gives us, for the selection at death case,

M;ZE[XZX/]Rj = “‘;+1(]+ 1) [ X1 Xi- 1]R1 1, >0 jF G i—1,i-2
so that, for i <j

]+1p‘]+1R’L 1

o R

We also have from the other set of detailed balances that

EX.X)] = X1 Xn) (B10)

B[ Xi(X; = DR = pi (04 DE[Xin1 Xia [ R

fori>1or
A+ 1w R
E[X,X)] = E[x;] + P 0 gy X (B11)
iow R
Combining (B10) and (B11), we have
: ] +r Hojtr R, . .
EX:X| = - E[X)Xivi], i< B12
[ ]] (E i—r+1 iyt Rj+r—l [ +]] J ( )

i itr opy, Ry
EXX;| =L X+ - E[ Xy Xo,], B13
[X.X] = E[X] (1_[11—7+1Mi1-+1&+r1> [X0Xe] (B13)

leading to

Min(i,2N—i) . i
ttr Wy, i—r
Ex]= QN]_Z.<H er 1 )[XOXm]
j:

r 1]_T+1IJ“] r+1R’l+7 1

2N—i
+r Wity iI—r
D SR ( T >E[xoxi+j1- (B14)
N\ T R

j=Min(i,2N—

These expressions are more complex than in the infinite-alleles case, and it appears that in addition to the problem
of finding the set of 2N + 1 E[X;] elements, we have also set ourselves the task of first finding the set of E[ X, X;]
elements. These tasks, however, can be accomplished simultaneously. We first note that
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2N
j=1

and therefore

2N

xox; = kx; — Z Xx; ;.

J=1
Then, taking the usual equilibrium expectations,

ELX0X] = RELX] — 3 EIX)]| (B15)

We then have
E[XXi] = (k—1)E[X]]

Min(i,2N—i) / j itr g, R
i+r -
i) = R

) E[XX;+]

j=1

ON—i i 4 _
o Z (H J +r Mojtr R, >E[)(()Xl+]] (B16)

Min(i2niy+1 \ret & 7 T T Ty By

We have now expressed E[ X, X;] in terms of the “higher” vector elements E[XOX,;H] ,just as we were able to express
E[X;] in terms of the higher E[X;, ;] in the infinite-alleles model. In that case, we obtained results by calculating all
E[X;] terms beginning with E[ Xon] and moving down the vector, relative to E[ Xon], and then normalizing to obtain
E[X5n]. Here, our procedure is very similar, but with an added layer of calculation as we move down the vector to
calculate the E[ X, X;]’s relative to E[ Xy Xon]. The procedure is straightforward because E[ Xy Xon] = (k — 1) E[ Xopn], and
thus we can calculate all the E[ X, X;]’s, as well as E[ X}], relative to E[ Xon], and normalize at the end as before. The full
expression for [ X;] obtained in this manner is cumbersome, buta computer program can calculate the values readily.
As in the infinite-alleles model, once we have the expectations E[ X;], we can immediately calculate the normalization
constant G, as well as Var[X;] and Cov[X;X]] for the kallele model.

Analysis of k-allele mutation and reproduction-step selection is very similar, using the familiar balance equations and
the appropriate transition rates. The expression for the cross-product expectations in the case of selection at
reproduction is

w1 (1T Jtr N Ry R
XX = <;l_[1 i— 71+ 1Nt R )E[XOXW]’ P=J (B17)
¢ i+ )\ifr Rifr
EXX;| = E|X;| + - E Xy Xo; B18
XX 1] (rlj[llr+l)\i+r—l Ri+r—1> %o Xei (BI8)

and we again use (B15) to obtain
E[XoX)] = (k- 1)E[X]

Min(i,2N—i) / j .
itr N, iy
- 1I- i B ) pixx)
J=r+ 1N Rirr

j=1 r=1

2N—i i .
_ Z (H : Jtr N, R, >E[)Q)X,+7] (Blg)

Min{ian—i) \ro1 LT T INjir1 Riv

Again, a full expression for E[ X;] is not useful to write down, but a computer program can readily calculate the values.



