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ReminderFor discussion in class on Tuesday, Nov. 3, read OOReilly et al. (2004), which has
been emailed to you from your instructor. As an aid to understanding the problem described in
this paper, see the sections in these lecture notesMittedsatelite Evolutionand
Microsatellite Homoplasy
¥ O'Rellly, P. T., M. F. Canino, K. M. Bailey, and P. Bentzen. 2004. Inverse relationship between
F-ST and microsatellite polymorphism in the marine fish, walleye polldbkragra
chalcogrammg implications fo resolving weak population structure. Molecular Ecology
13:17991814

Migration and Gene Flow
Read Halliburton pp.33849. See also Hartl and Clark Ch. 5; Hedrick Ch. 7.

Allele Frequency Variation at Equilibrium Between Gene Flow and Genetic Drift

We will investigate models that address three general biological situations:

1. Models of gene flow assuming random migration among historically stable populations:
¥Continentlsland Model individuals (or genes) enter a population from a single large source
population (does not incorporate genetic drift).
¥WrightO#nfinite Island Modelimmigrants can be treated as drawn at random from the total
population, with a constant migration rate across subpopulations.
¥n-Island Model a more general treatment of ihtOs island model with a finite numbrer,
of subpopulations.

2. Models of gene flow in metapopulations:
¥Extinction and Recolonization Model3wo extreme scenarios
¥PropagulePool Modei colonists come from a single parental population.
¥Migrant-Pool Model colonists represent a random sample of individuals drawn from
surviving populations.

3. Models of gene flow assuming a geographic, spatial dimension:
¥|solationby-Distance Modelsthe probability of migration from site to site declines with
increasing distance between sites.
¥ SteppingStone Modelsl- and 2dimensional, a form of isolation by distance model with
migrants moving only among neighboring, discrete subpopulations.

These models will be discussed beginning with the simplest, thién€otisland Model.

Note Due to time constraint$he Continerisland Model was not presented in class. You
should read its description, below, making sure that you understand the logic of it.

The Continent-Island Model

A simple model of unidirectiwal gene flow involving neutral alleles.

This model was not discussed in class but is presented here.

Read Halliburton pp.33334. See also Hartl and Clark p.189; Hedrick p-268.

Biological scenarios that may be realistically described by this madedm
¥ species with populations on islands and nearby large land masses
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¥ aquatic species in ponds with a lake as a source of gene flow

¥ peripheral populations of any species that are continually replenished by individuals from the
main part of the spézs range

¥ populations in habitat remnants that receive immigrants from a larger area of continuous habitat

Layout of the Continemisland Model
The OcontinentO constitutes a single, large source population:
¥ Although reciprocal gene flow may occue assume it has a
negligible effect on allele frequencies in the source populat
¥ We also assume that both populations are large enough the
effects of random genetic drift are small relative to gene flo

i.e., allele frequency in the source pgaidn is constant over
\L m time and the island responds only to migration from the sot
Let the proportion ofmigrantsmoving into thdsland population be
m and let the proportion afon-migrants(residents) be-n.
Om = Pr(Ay) in the migrants (the conting, assumed to be constant
U over time.
1-m 0o = Pr(a2) on the island at generatiors 0, before gene flow.

The modeBbThe allele frequency on the island after one generation of migration is given by
q, = Pr(A, |nor" migrant}# Pr(nori migrant)+ Pr(A, |[migrant)# Pr(migrant
=" m)qy+mgq, =q," m(g," q,).
The change in allele frequencyefone generation of gene flow is then
AQ=0 -0y =-M(dp — ) -

Interpretation after one generation of migratidtrom the expression forg it is obvious that
there will be no change in allele frequencynif 0 ordo = gy,

¥ Ifm= 0 then there is no gene flow.
¥ Ifgo = gm then there is a stable equilibrium frequencypétq,, = Q.

¥ If go < gm then the frequency @ will increase orthe island towardg,,
¥ Ifgo > gm then the frequency @ will decrease on the island towaigjs

Extending the model to multiple generations of gene flow
Now we consider modeling the approaclygfo g, over time. Assuming thaj,, andmare

constanbver time, then in the second generation

Oy =(@-m)g, + mqy,
= (1- m)[(@- m)gp + May] + ma,

= (1- )0 + [1- (L M)°| Oy

The general solution to tliecursion equatiomelating the frequency @&; in generatior to that
in the initial generation is

o =" e+ 1" (" m)' o
=Gy + (1" M)'(% " Gn)




EEOB 567, Fall 2009,ecture 17 p3

This indicates that @sncreasesy, asymptotically W @ ]
approaches the equilibrium valgg. 08 N
¥ The greater the differentil - g, the faster 06 ~—

S5 T

the initial approach of the frequencyAfon ol —

the island tagy, | —
¥ This is evident in the figure to the right whe ’ L |
On = 0.4 andn=0.1. ool . , ‘ |
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Generation

Recursion guations

¥ Note that the change in allele frequency from one generation to the next on the island,
G+ =" m)g; + Mg, is an example of @eneral linear modelA general linear modéias the
form y =bx+ a whereb is the slope and is aconstant (theyntercept). More specifically,
Gi+1 = (1" m)g; + mq,, is an example of general linear recursion equatiasf the form
X,;,1 =bx, + a, where in our casg corresponds tg, (1-m) to b, and mg,, to a. Such rectsion
equations are often encountered in population genetics and have standard soluiiptiefor (
equilibrium value ok, call it X (corresponding tq and q*, respectively), andi{ the general
solution for x;,; =bx; +a (corresponding t@, ). For details see Halliburton (p.333). Here
we will just consider the solutions.

Solutioni: We find the equilibrium value ofby settingx;,; = X; = X . Solving for X we get

X =a/(1" b). In our case, solving fay we getq” =ma,,/[1" (1" m)]=q,,. This tells us that
at equilibrium, allele frequency on the island will equal that of the continent (the migrants).

Solutionii: The solition to the general linear recursion equationxfqy =bx, +a is
x,=x +b'(xo+x ). For the continenisland model, we ged, = ¢, + (1" M)'(Gy " Gpy)-
Since (1- m) <1, the equilibriumg” =g,, is stable (i.e.q” " g, andg” " #).

The point to this exercise is that there are general solutions to commonly encountered problems
in population genetics and that you should be aware of them. Further examples of this later in
the course.

¥ Finally, for an example in which the continestdnd model is applied to a real biological
situation see the study of Hansen et al. (1995) involving brown trout populations in Denmark.

WrightOs Infinite Island Model(i.e., the Island Model, Wright 1981
Read Halliburton pp.33341 and pp.34849. See too Hartl and Clark pp.1926, Hedrick
pp.288291, and Gillespie p.99.

¥ The island model is an equilibrial model of genetic structure for a set (population) of
subpopulations each of finite sizd)(

¥ Tte effect of finite subpopulation size is to cause the allele frequencies to drift apart, whereas
gene flow serves to counteract this effect and keep frequencies similar.

¥ At equilibrium, allele frequency variation among populations reflects a balane=behe
opposing forces of gene flow and genetic drift, often catiegtation-drift balance

¥ These effects can be evaluated by examining the equilibrium value of the fixatiofrindex
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¥ Indeed, becaudg, and dele frequency variation among populations can be measured
empirically, the model is often used to infer migration rates among populations within a
species.

Population genetic models make explicit assumptions about the evolutionary process. The island
model is no exception.

Assumptions of the island model

¥ Neutral alleles.

¥ Infinite number of subpopulations (islands).
- With infinite subpopulationsp for the total population is constant over time.
- This assumption is relaxed sontfet in then-island model (more later).

¥ The effective size of subpopulationslis N,.

- N is finite and constant across subpopulations and over evolutionary time.
- SinceN is finite, random genetic drift operates to increase ityeloy descent within and
genetic variation among subpopulations.
¥ Subpopulations receive migrants at matdrawn at random from other subpopulations.
- mis constant across subpopulations.
- The expected allele frequency in migrant®is
- There is no geographic or spatial dimension to the island model, that is, variation in gene
flow is not assumed to be a function of the proximity of subpopulations to one another.
Slatkin (1987) notes OThis model assumes that every local fapigaequally accessible
from every other, and it represents the extreme in dispersal over large distancesO.
¥ The mutation rate, is much less than the migration rate,

Development of the island model

¥ Given assumptions of the model, subpopulago@®quivalent. As a result, we can model the
dynamics of one subpopulation as representative of the entire collection.

¥ Recall thakst, here denoteB, measures the probability of identity by descent of alleles

within subpopulationselative to the total population.
Within a focal subpopulation at generatiothere is probability 1/2 that a pair of genes drawn
at random are identical by descent (IBD) in generaticand a probability1! (1/2N)]F,q) that
they are idential by descent from the preceding generatidn, Thus, the fixation index in
generatiort is

1 1
Fo=—+t|1-—|F ...
O "oN ( ZN) -1

Identity by descent requires that both alleles are not migrants, the probability of which is

A" m)?, so
1 1

1-m)2.
2N N (L=m)

Fiy =

If we assume that at some point in time an equilibrium is reached where the opposing effects of
gene flow and genetic drift balance out, then the identity by descent of alleles in the focal
subpopulation (due to differentiation among subpopana)i isF,, = F,+ ) = Fsr . Solving for

Fst we get
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B 1" 2m+m?)
TN 2N 1)A" 2m+ m?)
Note that whem = 0, Fy; = 1, and that whem = 1, K- = 0. If terms im” are ignored (since
typically m<<1) then this reduces to

1#2m
ANm +1#2m
Finally, whenm < 0.01, terms in& can ignored, in which case we obtain the impressively
simple equilibrium approximation

1
4Nm+1

This can be solved to estimalien under tke island model, wherdmis the effective number of
migrants per generation, averaged over subpopulations

Fst [egn. 1]

ST

Fgr [egn. 2]

$ 1
N TSt :l&i#l [eqn. 3]
AFsr A%y %

Of note concerning assumptions

¥ Wherm < 0.01 egns. 1 and 2 give similar values. Wimen 0.01, however, the sirtifying
assumptions used to obtain egn. 2 result in an overestimidta fobm eqgn. 3.

¥ The relationshipNm= (1/4)[(1/Fs7) —1] assumes that the mutation rate is much less than the
migration rate, however, it doesnOt assume that the mutation ratsaisiehfor all alleles and
loci since Fyp is expected to be the same for alleles at loci with different mutation rates.

The relationship between Nm andsir 04
The figure to the right plots the approximat
equilibrial relationship betwedfsr andNm
under eqgn. 2. This figure shows that even 0.3 -
small amounts of effective gene flow can
have dramatic affects dfsrand hence the
extent of genetic differentiation among Fg o2t
populations. For example:
¥ WherNm! 1, Fsr" 0.2, a level of genetic
differentiation that Sewall Wright -1 -
considered to be great.
¥ In contrast, wheNm" 4, Fst! 0.06, a low
amount of genetic differentiation. 00

Considerations regarding the interpretation of Nm
1) Nmis the historical effctive number of migrants per generation (an average over

subpopulations and through time) and is a function of both the historical effective population

size (\) and the historical mean migration rat@.(Thus a set of large subpopulations with
low migraton may have the sanimas a set of small subpopulations with high migration.
This illustrates that you should not simply interpdet as the migration rate.
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2) Estimates oNmare often requested as part of management plans for rare and endangered
populdions, for example. Keep in mind, however, that it is a historical estimate and an
average over the entire set of subpopulations. As a result it is insensitive to contemporary
processes, such as habitat fragmentation and provides no information oni#the spat
geographic patterns of gene flow among populations.

3) An opposing voice: Whitlock and McCauley (1999) provide an excellent discussion of the

potential pitfalls of estimating and interpretiNg) obtained fromi€:

Whitlock, M. C., ad D. E. McCauley. 1999. Indirect measures of gene flow and migration:
Fst#1/(ANm+1). Heredity 82:11-125.

Abstract: The difficulty of directly measuring gene flow has led to the common use of indirect
measures extrapolated from geadtequency data. These measures are variarigrob

standardized measure of the genetic variance among populations, and are used toNmive for
the number of migrants successfully entering a population per generation. Unfoytuhatel
mathematical model underlying this translation makes many biologically unrealistic
assumptions; real populations are very likely to violate these assumptions, such that thereg is often
limited quantitative information to be gained about dispersah fusing gene frequency data.
While studies of genetic structure per se are often worthwhilefgni$ an excellent measure

of the extent of this population structure, it is rare fgtcan be translated into aocarate
estimate oNm

The n-Island Model
See Hartl and Clark, (p.19196), Hedrick (p.28&291), Gillespie (p.99), and Slatkin (1985) for
general description. See Latter (1973) and Takahata and Nei (1984) for greater detalil.

A more general treatment WfrightOs infinite island model with a finite numbemf
subpopulations. That is to say tlmas the actual number of subpopulations in the total
population, not the number of subpopulations sampled.

¥ Sincenis finite, p for thetotal population can change over time due to random genetic drift.

Ultimately, in the absence of mutation, all genetic variation would be lost from such a system.

There are two ways of examining genetic variation in such models:

i) Assume no mutation ancgtkrmine allele frequency variation among subpopulations before
fixation occurs.

i) Assume mutation does occur and find the extent of genetic differentiation at equilibrium
between mutation and genetic drift. Models including mutation are more inteterie¢glause
all loci are mutable.

Predictions of the 4sland model

For a model assuming the mutation rate is much less than the migration «aten], at
equilibrium between mutation, gene flow, and drift:

2

1 $n
Fer=— where " =
ST ANmo +1 §fm#12

As n becomes largefy, for then-island model becomes similar to that expected for the infinite
island model, as would be expected.
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" 104
Solving for the average effective migration rate we/gat= # (%F—( 8/)
ST

Since a will always be greater that ongm for then-island model is less than that for the

infinite island model given the same amount of differentiation (g.).

¥ As a result, using the infinite islanbdel to estimaté&\m=[(1/Fs1)" 1]/4 when the actual
structure of the population is better fit by tiresland model will lead to an overestimateNyh

(i.e., the actuaNmwill be smaller than estimated). In this event we may over estimate the
influence of gene flow on the evolution of population genetic structure.

Notes on estimators ofsr_and Nm

1) There are various estimatorsFestatistics. Weir and CockerhamOor "¢, 1984; see also
Weir 1996) accounts for
¥ finite sample sizes
¥ the sampling of a finite number of subpopulations
¥ the variance in sample sizes among subpopulations
¥ weighting values for different alleles so as to minirtheebias and variance of the
combined estimate
2) With large sample sizes, large numbers of subpopulations, and no variation in sample sizes,
NeiOs estimator d¢t;, Gst (Nei 1973; Nei and Chesser 1983), become=asingly similar
to Weir and CockerhamOs estimator. However, gigeadoesnOt take into account uneven
sampling it is generally better to use Weir and CockerhartsstimateF; and functions
of Fgr, i.e.,Nm Upper and lower 95% confidence limits figg; should be used to construct
confidence limits about estimatesiin (the programs GDA, Fstat, andléguin calculate
Weir and CockerhamOs estimators and their significance. Links to these programs are found in
the course web site).
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Microsatellite Evolution
herkules.oulu.fi/isbn9514259246/html/c101.html

Replication slippage or ipped-strand mispairingd appeavde the main mechanism

generating length mutations in microsatellites. As illustrated in the figure below, in replication
slippage the nasceDNA strand dissociates from the template strand during the replication of
the repeat area and the nascent strand eanneal oubf-phase with the template strand. When
replication is continued, the eventual nascent strand will be longer or shontéhehtamplate,
depending on whether the loopedt bases have occurred in the template strand or the nascent
strand. Microsatellites will then lose or gain a single or a few repeats. These kinds of small
length changes are the most common mutational ipp@scrosatellite loci.

Replication

Nascent sirand
o o Y

- Template strand

4) Shippage

Misalignment

- -—?-—-—
¢) ~1 repeat | repeat

'&—-—-—-_ -

- '-—?—-—-—

For an excellent illustration of how this OslippageO may occur, see Moxon and Wills (1999).
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Microsatellite Homoplasy
www.woodrow.org/teachers/esi/2002/Biology/Projects/p3/evolution.htm

6
...CAGCAGCAG.] . CAGCAGCAIG... i C;AGCAGCAG ..... ICAGCAGCAGCAG...

CAGCAGCAG CéGCAGCAGCAG*

...CAGCAGCAG...
Common Ancestor

In this figure, population 1 gavesa to two populations, 2 and 3. In population 3, there was a
stepwise mutation, so that now there are four CAG repeats instead of three. Population 3 gave
rise to two more populations, 6 and 7. Population 6 lost a repeat, so now it has three CAG
repeats. The problem is that populations 4, 5, and 6 have the same allele at this microsatellite
locus, yet they have different evolutionary histories. We can say that their alleles are identical in
state but not by descent. If a scientist were only examthiagne locus, he/she would

mistakenly conclude that population 6 is more closely related to populations 4 and 5 than it is to
7. (Remember that the scientist usually only has access to the genotypes in the current
generation, or the top line.)

This ph@@aomenon, when two alleles are identical in state but not identical by descent, is known
ashomoplasy In population studies, homoplasy can lead to underestimates of divergence. The
only way to detect homoplasy would be to examine many other loci.
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