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Abstract Genetic differentiation of populations has been traditionally quantified by Wright’s F‐statistics, typically
assuming mutation–migration–drift equilibrium. However, the equilibrium perspective can be unrealistic as many
natural populations are likely not yet in equilibrium. Therefore, understanding the behaviors, robustness, and power of
the differentiation indexes under non‐equilibrium conditions has important implications. Here, we report an extensive
examination of the properties of two major indexes GST and D under non‐equilibrium conditions by theoretical
deduction under the infinite allele model (IAM) and simulation under the stepwise mutation model (SMM). Several
properties of GST and D valid under both SMM and IAM, which have not been recognized under the equilibrium
perspective, were unveiled. First, if gene flow is very weak (e.g.,m < 10�4),GST, likeD, also takes a fairly long time
to reach equilibrium if mutation rate is not very large.WhenGST (D) is in equilibrium depends on whenHS andHT are
both in equilibrium. Under IAM and complete isolation, this is determined by the product of µ and t: GST will not
approach equilibrium as long as µt � 1. Under SMM, 10�4 appears to be the rough threshold migration rate; when
m < 10�4,GST approaches equilibriummuch slower and later thanHS, whereas the opposite is true whenm > 10�4.
Second, contrary to the popular belief, µ � m is neither an obligatory request forGST to be an effective differentiation
measure nor a sufficient condition for using GST to estimate gene flow level (Nm), if GST is not yet approaching
equilibrium. Third, under SMM (but not IAM) and complete isolation, when population size is large (e.g., �1000),
mutation rate shows a great impact on GST but only a mild influence on D; hence D can be much less sensitive to
mutation rate heterogeneity than GST in certain situations. Fourth, whatever the level of gene flow, drift plays a
dominant role on GST, whereas gene flow appears to have a stronger influence on D when subpopulations exchange
individuals (even only infrequently).Moreover,GST appears to have a larger power to detect recent population genetic
events thanD. Finally, it is themigration rate (m), not the absolute number of migrants (Nm), that determines the speed
at whichGST orD approaches equilibrium. These results suggest thatGST andD bear unique revealing powers under
non‐equilibrium conditions.
Key words F‐statistics, GST and D, infinite allele model, non‐equilibrium, population genetic differentiation,
stepwise mutation model.

The uneven spatial distribution of genetic variation
in a species leads to differentiation of populations (Hartl
& Clark, 1997). This is a fundamental process of
evolution, and has been one of the central issues in
evolutionary and population genetics studies. The
distribution pattern of genetic variation within a species
is an integrated consequence of both historical and
contemporary processes, the status of which depends

on a number of factors: mutation; natural selection;
random genetic drift; gene flow; the initial state of
ancestral populations; and population split time.
Traditionally, investigation of genetic differentiation
of populations has been largely based on Wright’s
F‐statistics (the fixation index FST, in particular
Wright, 1951, 1965), typically assuming mutation–
migration–drift equilibrium. This is because, under
equilibrium conditions, simple mathematical relation-
ships between genetic differentiation indexes and some
of the key parameters (such as mutation rate, migration
rate, and population size) may be deduced, making

Received: 27 June 2012 Accepted: 2 October 2012
* Author for correspondence. E‐mail: dxzhang@ioz.ac.cn;
dxzhang@big.ac.cn. Tel./Fax: 86‐10‐64807232.

Journal of Systematics and Evolution 51 (1): 44–60 (2013) doi: 10.1111/j.1759-6831.2012.00231.x

© 2012 Institute of Botany, Chinese Academy of Sciences



estimation of these parameters possible. This in turn
allows us to infer the underlining evolutionary
processes, such as dispersal, speciation, or local
adaptation (Slatkin, 1987; Bohonak, 1999; Revardel
et al., 2010).

However, this equilibrium perspective can be
unrealistic, particularly for populations that experi-
enced recent expansion, or more generally speaking,
species for which recent evolutionary and demographic
history is a major determinant of population structure.
Given the significant impact of Pleistocene glaciations
on the distribution of plants and animals (Hewitt,
1999, 2000, 2004; Weiss & Ferrand, 2007; Shafer
et al., 2010), and considering the timescale required for
populations to reach equilibrium (often in the order of
the reciprocal of the mutation rate, Takahata &
Nei, 1984), we may well believe that many species
are far from reaching equilibrium at many genetic loci.
Nevertheless, current research commonly assumes
equilibrium without due reasoning. This is even more
the case in theoretical discussion. For example, in
the ongoing debate over whether GST can measure
population differentiation, much of the discussion
focused exclusively on equilibrium conditions (Jost,
2008, 2009; Ryman & Leimar, 2008, 2009; Gerlach
et al., 2010; Whitlock, 2011). Given that a central
interest of much empirical research is to estimate the
degree of genetic differentiation of populations, a better
understanding of the behaviors, robustness, and power
of the various indexes under non‐equilibrium con-
ditions, which are likely to be different from the
stationary phase, is needed.

Indeed, some intriguing features of the popular
genetic differentiation indexes (FST, GST, and D) under
non‐equilibrium conditions have already been spotted.
For example, it was observed that when gene flow is
absent, GST can quantify differentiation quite linearly
with time over a long duration after population split, and
the initial heterozygosity of the starting populations has
some important effects on both the individual behaviors
of GST and D and their relative behaviors in early
differentiation (Leng& Zhang, 2011). Here, we report a
more extensive examination of the properties of GST

and D under non‐equilibrium conditions (with a
particular focus on the influence of gene flow over
these indexes), and compare them with the pictures
under the equilibrium perspective. We have uncovered
some interesting properties ofGST andD that have been
overlooked under the equilibrium perspective owing to
the neglect of the temporal dimension of population
differentiation; we also provide some mathematical
framework as the theoretical basis for some of our
earlier observations.

1 Material and methods

1.1 Simulation methods and conditions of popula-
tion dynamics

There exist two possible simulation strategies to
approach the research questions addressed in this
article, forward simulation and (coalescent‐based)
backward simulation, each bearing some specific
advantages and disadvantages (for a recent review,
see Hoban et al., 2012). A main advantage of forward
simulation is that it allows us to examine the whole
population (instead of only a sample, as in backward
simulation) at any stage of evolution. Therefore,
characteristics of populations during the transition
phase preceding mutation–migration–drift equilibrium
can be inspected. Because our central research aim is to
examine, comparatively, the general properties of GST

and D under non‐equilibrium conditions (i.e., we are
interested in the population parameters, not the
statistical properties of samples), and also because we
would like to explore the influence of ancestral
population status (e.g., the initial state of population
at split) on the behaviors of these indexes preceding
mutation–migration–drift equilibrium, we have chosen
a forward simulation approach. The rationale for our
particular interest in the effect of initial conditions just
before population split is as follows. Our earlier work
revealed differential dependency of the behaviors of
GST andD on the initial conditions in the early stages of
population differentiation (Leng & Zhang, 2011), and
we also observed that GST appears to have a greater
detecting power for recent population genetic events
under non‐equilibrium conditions. These observations
are not only potentially important for studying recent
demographic events, as concerned in conservation
genetics or invasive biology, but also create a
dimension for exploring the inferring ability of GST

and D on population processes at short timescales of
divergence.

The software EASYPOP (Balloux, 2001) was used to
simulate microsatellite evolution process and popula-
tion dynamics, which takes a forward process of
simulating evolution. In brief, in every generation
EASYPOP set two matrices (t and t þ 1), which represent
the genetic composition of the populations in the
present and next generations, respectively. Three steps
were carried out in every generation.

Step 1: The matrix t is full and t þ 1 empty. Matrix
t is comprised of n submatrices (corresponding to
subpopulations, where n is equal to the number of
subpopulations). Each submatrix is composed of 2N
elements (alleles), whereN equals the population size of
diploid species. Thus, matrix t has 2N*n elements
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which correspond to different allele states, and matrix
t þ 1 has its elements unassigned in this step.

Step 2: EASYPOP generates matrix t þ 1 frommatrix
t as follows. At the beginning of this process, the state of
elements in matrix t þ 1 is 0. Then for a given element
in matrix t þ 1, an element from matrix t was randomly
chosen as its parent, with the following considerations.
First, under the island model (defining m as the
migration rate), for an element in submatrix i, its parent
element in matrix t has a probability of (1 � m) being
from the same submatrix (subpopulation i) and a
probability of m/(n � 1) coming from any other n � 1
subpopulations. Second, the parent element may mutate
to a new allele state following a specific mutation model
(e.g., the k‐allelesmodel (KAM), the single‐stepmutation
model (SSM)). Mutation occurs with a probability µ, and
the probability that there is no mutation is (1 � µ). When
an element in matrix t þ 1 is filled with a specific allele
state, EASYPOP records it, then repeats the same sampling
process for the next element until all elements in matrix
t þ 1 are generated from matrix t.

Step 3: Matrix t þ 1 is set to matrix t and a new
empty matrix t þ 1 created. The process is then ready for
simulating the next generation by repeating steps 1 and 2.

In this way, EASYPOP can mimic the reproduction
process under the Wright–Fisher model with discrete,
non‐overlapping generations by random sampling of
gametes from subpopulations to form the next genera-
tion, taking into account various biological processes
such as mutation, migration, and inbreeding.

In this study, simulations were mainly under the
finite island migration model (Wright, 1931) and the
single‐step mutation model (SSM, for details see
Balloux, 2006; this is the simplest form of the stepwise
mutation model (SMM)). In addition, a two‐phase
strategy (Balloux, 2006) was used to simulate different
levels of initial population diversity (initial heterozy-
gosity, IH). That is, the whole simulation process was
divided into two phases (for details see Leng &
Zhang, 2011). Phase I was a transient phase for
generating different levels of IH required in Phase II. In
this phase, the migration rate was set to 0.9. This means
no differentiation between subpopulations. The dura-
tion of Phase I determines the IH at the start of Phase II.
For example, if the duration of Phase I was zero
generation, at the time of population split there would
be no gene diversity (i.e., the initial heterozygosity
equals zero). The longer the duration of Phase I, the
higher the initial heterozygosity of Phase II.

The first generation of Phase II was the beginning
of population subdivision (the time at which the
ancestral population split into subpopulations). Differ-
ent statistics of Phase II were recorded for further

analysis. Note that, regardless of the IH level, at the time
of population split there was no genetic differentiation.
In this study, IHwas set as 0, 0.3, and 0.65, according to
Leng & Zhang (2011). Various combinations of
mutation rate (µ), migration rate (m), and population
size (N) were realized to simulate different population
dynamics. Migration rate was set between 0 (complete
isolation) and 0.1 (strong gene flow). For situations
under complete isolation, mutation rate was set from
0.0001 to 0.01, and population size from 100 to 10 000;
thus, 25 combinations of simulation conditions were
simulated (Table 1). Note that when mutation rate is
very low (0.0001) and population size is very small
(100), it is impossible to reach an initial heterozygosity
of 0.3 or 0.65, and they were not carried out in our
simulation study.

For each of our simulations, 100 independent
replicates were carried out. Throughout the simulation,
values of heterozygosities (HT and HS) and differentia-
tion indicators (GST andD) were computed and recorded
for every generation. As they were calculated from the
whole population rather than from samples, sampling
problems were avoided in this study. Additionally, the
impacts of migration rate and absolute number of
migrants (Nm) on time to equilibrium were also
investigated under the conditions listed in Table 2.

1.2 Theoretical deduction under infinite allele
model

Generally speaking, indexes of genetic differen-
tiation can be expressed as functions of heterozygosity

Table 1 Simulation conditions when m ¼ 0

Initial heterozygosity Mutation rate Population size

0 0.0001 100
0.0001 1000
0.0001 10 000
0.001 100
0.001 1000
0.001 10 000
0.01 100
0.01 1000
0.01 10 000

0.3 0.0001 1000
0.0001 10 000
0.001 100
0.001 1000
0.001 10 000
0.01 100
0.01 1000
0.01 10 000

0.65 0.0001 1000
0.0001 10 000
0.001 100
0.001 1000
0.001 10 000
0.01 100
0.01 1000
0.01 10 000
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or probabilities of identical by descent (IBD) within
and between subpopulations. Under some special
population genetic models, heterozygosity or IBD
probabilities can be expressed in terms of population
parameters such as population size, mutation rate,
migration rate, and number of subpopulations. For
example, under Wright’s island model (Wright, 1931)
the probability of two random alleles from the same
subpopulation to be identical (J0) and the correspond-
ing probability for two alleles drawn from different
subpopulations (J1) have the following relations to
heterozygosities (Nei, 1975):

HS ¼ 1� J0 ð1Þ

HT ¼ 1� J1 � J 0 � J 1

n
ð2Þ

In addition, GST and D can be expressed as
(Nei, 1973; Jost, 2008):

GST ¼ HT �HS

HT
ð3Þ

D ¼ HT �HS

1� HS

� �
� n

n � 1

h i
ð4Þ

Hence, they can also be expressed as functions of
J0 and J1. These two probabilities can be calculated by
the following recurrence equations (Nei, 1975):

J0 t þ 1ð Þ ¼

1� �ð Þ2 a
1

2N
þ 1� 1

2N

� �
J0ðtÞ

� �
þ ð1� aÞJ1ðtÞ

� �

ð5Þ

J1 t þ 1ð Þ ¼

1� �ð Þ2 b
1

2N
þ 1� 1

2N

� �
J0ðtÞ

� �
þ ð1� bÞJ 1ðtÞ

� �

ð6Þ

where a ¼ ð1�mÞ2 þmð2�mÞ=n and b ¼
mð2�mÞ=n. Note that when migration rate is 0, these
formulas can be further simplified (see below).
Combining Equations (1)–(6) together, if the initial
values of J0 and J1 were known, then the values of these
statistics in any generation can be calculated. In
practice, under the infinite allele model (IAM) this
can be easily computed and recorded in a personal
computer, whereas under SMM such calculations are
very complex (Supporting Information, “Discrepancy
of the equilibrium value of HS under IAM and SMM”).

2 Results

2.1 Properties of HT, HS, GST, and D under IAM
and complete isolation from theoretical deduction

The properties of HT, HS, GST, and D in non‐
equilibrium conditions under IAM and complete
isolation were examined following Nei’s (1975)
theoretical deduction. Under the infinite island model,
the heterozygosity of the total population (HT) shown in
Equation (2) turns out to be HT � 1� J1 (Nei, 1975).
Furthermore, under IAM and complete isolation, J0 and
J1 can be derived as follows (Nei, 1975):

J0ðt þ 1Þ ¼ ð1� �Þ2 1

2N
þ 1� 1

2N

� �
J 0ðtÞ

� �
ð7Þ

J 1ðt þ 1Þ ¼ ð1� �Þ2J 1ðtÞ ð8Þ
Note that J1(t) is only related to mutation rate and

the initial heterozygosity of the starting populations
(i.e., J1(0)), but J0(t) is also a function of population
size in addition to mutation rate and the initial
heterozygosity (i.e., J0(0)). When the number of
subpopulations (n) is sufficiently large, recursion of
HT turns out to be

HT ¼ 1� ð1� �Þ2t � J 1ð0Þ or 1� e�2�t

� J1ð0Þ ð� << 1Þ ð9Þ

Clearly, HT is only related to mutation rate, time
from population split, and the initial heterozygosity,
whereas HS (here HS ¼ 1� ð1� �Þ2 ð1=2NÞþ½
ð1� ð1=2NÞÞJ 0ðtÞ�, refer to Equations (1) and (7)) is

Table 2 Simulation conditions when m > 0

Population size (N) Migration
rate (m)

Absolute number
of migrants (Nm)

1000 0.001 1
100 0.001 0.1
100 0.0001 0.01
100 0.00001 0.001

1000 0.0001 0.1
1000 0.00001 0.01

10 000 0.001 10
10 000 0.0001 1
10 000 0.00001 0.1

100 0.01 1
100 0.02 2

1000 0.002 2
10 000 0.0002 2

100 0.1 10
10 000 0.001 10

Note: Initial heterozygosity was set to 0 and mutation rate 10�4.
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also affected by subpopulation size. This explains our
previous observations forGST andD under SMM (Leng
&Zhang, 2011) and that of Ryman&Leimar (2008) for
GST under IAM, that under non‐equiibrium conditions
D and GST are influenced by the initial heterozygosity
of populations. This also indicates that drift has some
impact on HS but not on HT.

Moreover, when µt � 1, HT is approximately
equal to unity; this occurs when the time from
population split is sufficiently long or population is in
equilibrium. Noticeably, HT approaches equilibrium in
a negatively exponential manner, hence it increases
rapidly in the beginning and then takes a long time to
reach the stationary state.

Similarly, when µ � 1, J0(t) can be approximated
as

J0ðtÞ ¼ J0ð1Þ þ J0ð0Þ � J 0ð1Þ½ � � e�2ð�þ 1
2NÞt ð10Þ

where J0(1) is the equilibrium value of J0 (from
the recursion equations we can see that when t is very
large J0(t þ 1) will finally equal J0(t), then we call this
value J0(1)) and equals approximately 1/(4Nµ þ 1)
when N � 1 and µ � 1 (Nei, 1975). Combining these
equations together, we can conclude that when
½�þ ð1=2NÞ�t � 1, the equilibrium value of J0 is
approximately 1/(4Nµ þ 1) and that of HS is (4Nµ)/
(4Nµ þ 1) whatever the initial heterozygosity J0(0).
This indicates that the equilibrium value of HS is
constrained by both mutation and drift.

Because µt is always smaller than ð�þ ð1=2NÞÞt
and µ is usually much smaller than 1/2N, the above
analysis suggests that when population size is not very
large, HS generally approaches a stationary value much
quicker thanHT. When HS approaches stationary phase
but HT does not, the following equation holds:

GST ¼ 1� 4N�

ð1� e�2�t � J1ð0ÞÞ � ð4N�þ 1Þ ð11Þ

Hence, GST will keep increasing until µt � 1.
Therefore, GST may still remain in non‐equilibrium
state over a very long period of time after HS has
approached stationary phase, and the duration depends
mostly on µ and N.

Likewise, under the situation whereHS approaches
stationary phase butHT does not, the approximation for
D is:

D ¼ 1� e�2�t � J 1ð0Þ
� 	� ð4N�Þ=ð4N�þ 1Þf g
 �

� n � ð4N�þ 1Þ
n þ 1

ð12Þ

Thus, D shares the same property with GST that it
can increase for a long period of time after HS has
approached equilibrium.

In summary, in non‐equilibrium conditions and in
the absence of gene flow, bothGST andD can serve as a
suitable measure of genetic differentiation over a fairly
long time after population split as long as mutation rate
is not very large (see later sections for further
discussion). However, the functions between GST or
D and population split time are non‐linear. When GST

and D are in equilibrium depends on when HS and HT

are both in equilibrium, which in turn depends on a
number of parameters (e.g., µ, t, andN). Under IAM and
complete isolation, as long as the product of µ and t
remains much smaller than unity, GST can serve as an
effective measure of population differentiation.

We will show later that the above observation
remains valid even under the presence of weak gene
flow (e.g., m < 10�4), and it is also true under SMM.
However, whenmigration rate is moderate or high (e.g.,
10�3, Fig. 1: A), GST approaches equilibrium much

Fig. 1. HT, HS, GST, and D under complete isolation and moderate gene flow. Here shown are results from theoretical deduction under the infinite allele
model using Equations (1)–(6). The initial heterozygosity was set to 0, mutation rate 0.0001, and population size 1000. A, m ¼ 0.001 (moderate gene
flow), GST approached equilibrium much earlier than HS. B, m ¼ 0 (no migration); GST approached equilibrium much later than HS.
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quicker than HT, HS, and D, in marked contrast to the
situation where migration rate is 0 (Fig. 1: B).

2.2 Behaviors of GST and D under SMM and
complete isolation

Theoretical deduction under SMM is too complex
to perform, we therefore undertook a simulation
approach to examine the behaviors of GST and D under
complete isolation, exploring various combinations of
parameters (Table 1).
2.2.1 GST Our results reveal that althoughGST may
reach equilibrium quickly after population split if
mutation rate is high (µ � 10�4), a long period of time
would be needed in many situations for it to approach
equilibrium, including some cases where mutation rate
is high (e.g., µ ¼ 0.001; Figs. 2 and 3). For example,
when mutation rate is 0.001 and population size is not
very large (<10 000), GST can keep increasing up to
100 000 generations (Fig. 2), which conforms to our
biological intuition that the level of differentiation
should increase as time from population split increases.
Thus, if there is no gene flow and mutation rate remains
constant, the dependence of GST on population
separation time holds true under both SMM and

IAM. Hence, GST as a population differentiation
measure can be reassured unless mutation rate is high
(e.g., µ > 0.001) and population size is also large (e.g.,
N > 1000). In addition, it is interesting to observe that
GST is also strongly affected by mutation rate under
SMM (Fig. 3). Given other conditions being equal, the
time for GST to reach equilibrium also depends on
population size (Fig. 3: A vs. C). This is consistent with
our observation under IAM (Fig. S1).
2.2.2 D Under SMM and complete isolation, when
the initial heterozygosity is moderate or high, D
becomes less sensitive to mutation rate (Fig. 4: B, C
vs. A), showing a clear distinction from the low initial
heterozygosity situations (Fig. 4: A). This is even more
pronounced if N is relatively large (e.g.,>1000; Fig. 5:
C). D increases much more quickly (thus being more
sensitive to differentiation) when initial heterozygosity
is high, especially if mutation rate is low (Fig. 5).
Generally speaking, the effect of initial heterozygosity
onD is much larger than that of mutation rate variation,
particularly when the population size is small (e.g.,
N 	 1000; Fig. 5: A, B). Very interestingly, it appears
that in relatively large non‐equilibrium populations,
when gene flow is absent, D is mainly constrained by

Fig. 2. GST under various combinations of mutation rate (µ), population size (N) and initial heterozygosity (IH), when gene flow is absolutely absent and
mutation follows the stepwise mutation model. Note that when µ is 0.0001 and population size is 100, heterozygosity cannot approach 0.3 and 0.65, thus
these two combinations are not present in this figure. Simulations with the same µ are assigned the same color (red, µ ¼ 0.0001; gray, µ ¼ 0.001; black,
µ ¼ 0.01). A, IH is 0. B, IH is about 0.3. C, IH is about 0.65.
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Fig. 3. GST under various combinations of mutation rate (µ), population size (N), and initial heterozygosity (IH), when gene flow is absolutely absent and
mutation follows the stepwise mutation model. This figure is redrawn from Fig. 2 to illustrate the large effect of mutation rate variation. Simulations with
the same IH are assigned the same color (red, IH ¼ 0.65; gray, IH ¼ 0.3; black, IH ¼ 0). A, N is 100. B, N is 1000. C, N is 10 000.

Fig. 4. D under various combinations of mutation rate (µ), population size (N), and initial heterozygosity (IH), when gene flow is absolutely absent and
mutation follows the stepwise mutation model. Note that when µ is 0.0001 and N is 100, heterozygosity cannot approach 0.3 and 0.65, thus these two
combinations are not present in this figure. Simulations with the same µ are assigned the same color (red, µ ¼ 0.0001; gray, µ ¼ 0.001; black, µ ¼ 0.01).
A, IH is 0. B, IH is about 0.3. C, IH is about 0.65.
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the population split time over a long period of time, and
similar values of D can be obtained from loci with very
different mutation rates after a long period of isolation
(e.g., Fig. 5: C). This is one of the most desirable
characteristics of this new differentiation index,
because it indicates that in certain situations under
the neutrality assumption, D estimated from a limited
number of loci could represent roughly the state of
the genome as a whole. This is in opposition to
Whitlock’s remark in the equilibrium perspective
(Whitlock, 2011, p. 1089). However, this property
does not exist when mutation follows IAM (Fig. S2).
This is in line with our previous observation that D
behaves very differently under different mutation
models (Leng & Zhang, 2011).

In brief, under SMM and complete isolation, the
initial heterozygosity and mutation rate have markedly
different effects on GST and D, respectively. The initial
heterozygosity has a noticeable effect on D, but it only
has relatively trivial influence on GST, especially in
large populations. In contrast, mutation rate bears a
great impact on GST but only a mild influence on D in
medium to large populations (Fig. 3: B, C vs. Fig. 5: B,
C). This is markedly different from what has been
recognized in the equilibrium perspective.

2.3 Comparisons between complete isolation and
moderate gene flow

Further simulations under SMM were carried out
to examine the property of various statistics when
moderate gene flow exists and to compare it with that
under complete isolation. As expected, with a moderate
level of migration (e.g., m ¼ 0.001; Table 2) HT

approaches equilibrium at nearly the same time as HS

(Fig. 6: A). For example, when m is 0.001 (and
µ ¼ 0.001 and N ¼ 1000), both HT and HS approach
equilibrium in approximately 20 000 generations
(Fig. 6: A), whereas more than 100 000 and 5000
generations are needed, respectively, under complete
isolation (Fig. 6: B).

Similarly, compared to complete isolation, GST

and D reach equilibrium much faster under moderate
gene flow, but this effect is greater forGST than forD. A
remarkable property of GST under moderate gene flow
is that it approaches equilibrium very quickly (in about
5000 generations, see Fig. 6: A) and much earlier than
heterozygosities and D (after more than 20 000
generations). This is in strong contrast to that under
complete isolation where even after some 100 000
generations GST is still increasing (Fig. 6: B). D also
displays such a trend (but D is generally much larger

Fig. 5. D under various combinations of mutation rate (µ), population size (N), and initial heterozygosity (IH), when gene flow is absolutely absent and
mutation follows the stepwise mutation model. This figure is redrawn from Fig. 4 to illustrate the relative insensitiveness of D to mutation rate variation
when population size is large. Simulations with the same IH are assigned the same color (red, IH ¼ 0.65; gray, IH ¼ 0.3; black, IH ¼ 0).A,N is 100.B,N
is 1000. C, N is 10 000.
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than GST except in the first few hundreds of
generations).

An interesting pattern can be seen by comparing
Fig. 1 (under IAM) and Fig. 6 (under SMM) (note that
mutation rate in Fig. 1 is 0.0001 but in Fig. 6 it is 0.001;
this is mainly for a clearer illustration of the pattern and
does not qualitatively change the conclusion). Whatev-
er the mutation models, GST will approach equilibrium
rather quickly under a moderate migration rate (Fig. 1:
A vs. Fig. 6: A) but will take a long time to reach
equilibrium when gene flow is absent (Fig. 1: B vs.
Fig. 6: B). Similarly, HS approaches equilibrium very
quickly when migration rate is 0 but remains increasing
much longer under a moderate migration rate.
Therefore, the behavior of GST and HS is largely
consistent under both IAM and SMM.
2.3.1 Transition zone of migration rate The
above observations reveal a switch of the behaviors
of GST and HS from complete isolation to the
occurrence of gene flow under non‐equilibrium con-
ditions: when gene flow is below a certain level, GST

approaches equilibrium much slower than HS, and the
reverse is true when gene flow is above that level. We
have thus investigated the transition zone of gene flow
from which GST and HS switch their behaviors under
SMM. For clarity, mutation rate was set to 10�4 in our
simulations using different combinations of migration
rate (10�3, 10�4, 10�5, and 0) and subpopulation size
(100, 1000, and 10 000). All simulations were run
for 20 000 generations for the effectiveness of
computation.

Our results indicate that 10�4 is roughly a
threshold migration rate of transition under SMM;
however, GST and HS are not really synchronous. For
GST, the threshold migration rate lies between 10�4 and
10�3, but for HS the threshold is somewhere between

10�5 and 10�4. For example, when subpopulation size
was 1000 and migration rate 10�3, GST approached
equilibrium in <10 000 generations, but when migra-
tion rate decreased to 10�4, GST kept increasing after
20 000 generations (Fig. 7: C). However, when
subpopulation size was 1000 and migration rate
10�4, HS approached equilibrium in <10 000 gener-
ations, and only when migration rate decreased to 10�5

did HS keep increasing for more than 20 000
generations (Fig. 7: D). Thus, 10�4 should be close
to the threshold migration rate; when migration rate is
higher than 10�4, GST approaches equilibrium much
earlier than HS, while the opposite is true when
migration rate is lower than 10�4.

Note that 10�4 should be regarded as a rather rough
migration rate threshold only. On the one side, the
switch of behavior of GST and HS is not a sudden
transition; on the other side, under different mutation
rates andmutationmodels the behavior ofGST is mostly
consistent, but that of HS is not (see Figs. S3 and S4).
2.3.2 Absolute number of migrants A conven-
tional wisdom of population genetics is that onemigrant
per generation (Nm ¼ 1) is sufficient to prevent
population differentiation (the so‐called One‐Migrant‐
per‐Generation (or OMPG) Rule, e.g., Mills &
Allendorf, 1996; Wang, 2004). We have investigated
this using simulations when mutation rate is relatively
high (10�4) and the loci evolve under SMM (Fig. 8).

Indeed, when the number of migrants (Nm) is 10,
bothGST andDwere very small even after some 10 000
generations of separation, reflecting a low level of
population differentiation (Fig. 8: I, J). However, a few
interesting observations are worthy of particular
attention. First, when the absolute number of migrants
is small (e.g.,Nm is 0–1), population size (N) has a great
influence on both GST and D (Fig. 8: A–F). However,

Fig. 6. HT,HS,GST, andD under complete isolation and moderate gene flow. Here, mutation rate (µ) was set to 0.001 and population size (N) 1000. Solid
or dashed lines are the average values of GST, D, HT, and HS, while dotted envelopes are
2 standard deviations centered on the means in 100 replicates.
Simulation was carried out under the stepwise mutation model with the initial heterozygosity being zero. A, Migration rate is 0.001 (Nm ¼ 1), which
represents moderate gene flow. B, Migration rate is 0, which represents complete isolation.
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GST and D respond to N rather differently along the
course of differentiation, with D being further moulded
by gene flow (even very weak gene flow; please
compare the left panel to the right panel of Fig. 8). GST

was always the largest in small populations (N ¼ 100)
along the course of differentiation but this was not the
case for D. Thus, whatever the level of gene flow, drift
plays a dominant role on GST in non‐equilibrium
populations. In contrast, drift only played a dominant
role on D during the initial stage of population
differentiation when non‐equilibrium subpopulations
exchange individuals (even only infrequent), then it was
overtaken by other forces. For example, when Nm ¼ 0,
DN ¼ 100 kept being the largest for more than 10 000
generations since population split (Fig. 8: B); however,
when Nm ¼ 1, DN ¼ 100 being the largest only for the
first 2000 generations or so (Fig. 8: F). Hence, gene flow
appears to havemore important influence onD. Second,
in non‐equilibrium populations, the value of GST is not
necessarily indicative of the level of gene flow. For

example, a small observed GST may simply mean
subpopulation size being large instead of elevated gene
flow (e.g., Fig. 8: A, when N ¼ 10 000 and m ¼ 0).
When gene flow is highly constrained but subpopula-
tion size is large, GST will remain small unless
populations have experienced a very long time of
separation (e.g.,>104 generations). Here, the key factor
that decides the level of GST is not necessarily the level
of gene flow but population split time. Third, it is the
migration rate (m), not the absolute number of migrants
(Nm), that controls the speed at which GST or D
approaches equilibrium. That is, even if the absolute
number of migrants is the same, GST (or D) may
approach equilibrium at a different time ifm is different.
For example, when the absolute number of migrants is
1, GST approached equilibrium very quickly (at about
the 300th generation) when migration rate was 0.01
(i.e., in small populations, N ¼ 100), but it was much
slower (at more than the 10 000th generation) when
migration rate was 0.00001 (i.e., in large populations,

Fig. 7. Behavior of GST and HS under different migration rates. Here, mutation rate was fixed to 10�4, while subpopulation size set to 100, 1000, and
10 000 and migration rate 10�3, 10�4, 10�5, and 0, respectively. Simulations were carried out under the single‐step mutation model with the initial
heterozygosity being zero. A, GST when population size is 100. B, HS when population size is 100. C, GST when population size is 1000. D, HS when
population size is 1000. E, GST when population size is 10 000. F, HS when population size is 10 000.
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N ¼ 10 000; Fig. 8: E). In general, given Nm being
equal, GST takes a longer time to approach equilibrium
in large populations (large N and thus small m). This

observation from simulation under SSM is consistent
with theoretical deduction carried out under IAM
(Fig. S1).

Fig. 8. Impact of the absolute number ofmigrants onGST andD. Here, mutation rate was fixed to 10�4, population size (N) to 100, 1000, and 10 000, while
the number of migrants (Nm) was set to 0, 0.1, 1, 2, and 10, respectively. Simulation was carried out under the single‐step mutation model with the initial
heterozygosity being 0. The left panel shows simulations forGST, and right panelD.A andB,Nm is 0.C andD,Nm is 0.1.E andF,Nm is 1.G andH,Nm is
2. I and J, Nm is 10.
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2.3.3 Situations where migration rate (m) is larger
than mutation rate (µ) A very popular approxima-
tion under equilibrium perspective for estimating Nm is
Nm ¼ ð1� FSTÞ=4FST, based on Crow & Aoki’s
(1984) formula GST ¼ 1/(4Nm þ 1). This assumes
the infinite island model and µ � m. Its reliability also
depends critically on whether GST has approached
equilibrium.We have investigated the robustness of this
approximation using theoretical deduction as follows:
mutation rate was set to 10�7; migration rate to 10�3,
10�4, and 10�5; and subpopulation size to 100, 1000,
10 000, and 100 000. Hence, µ was much smaller than
m (µ � m). As such, it was assumed that mutation
occurred under IAM rather than SMM.

Two interesting phenomena emerged. First, when
migration rate is equal to or lower than 10�4,GST takes a
long period of time to approach equilibrium, and the
transition phase between population split and equilibri-
um may last for more than 105 generations, particularly
when population size is large (Fig. 9: A–C). Therefore,
for populations with largeN and smallm, it is not safe to
assume that GST has reached equilibrium, and inferring
Nm from the aforementioned approximation may be
problematic (e.g., leading to seriously overestimatedm).
For example, when N is 10 000 and m 0.00001 (thus
Nm ¼ 0.1), in the 10 000th generation after population
splitGST is about 0.18 (Fig. 9: C); the estimatedNmwill
be 1.14, which is 10 times larger than the real value.
Clearly, althoughm � µ, it is inappropriate to infer Nm
directly from GST, especially when the subpopulation is

large andmigration rate is low. This observation extends
the results obtainedwhenm ¼ 0 from simulations under
SMM and from theoretical deduction under IAM
described in the earlier sections. In addition, lower
migration rate, lower mutation rate, and/or larger
subpopulation size can all cause GST to reach equilibri-
um very slowly (Fig. S1). Second, when mutation rate is
very low and IH also small (hence, a very low level of
genetic variation exists in populations),Dmay be unable
to detect differentiation. For example, when mutation
rate was set to 10�7, and migration rate between 10�3

and 10�5, intuition suggests that random drift would
lead to differentiation in small populations (e.g.,
N ¼ 100); however, in such a situation, after some
105 generations, D was only 0.018 (while GST was
approximately 0.99; and D was smaller than 0.1 even
after 107 generations; Fig. 9: D–F).

3 Discussion

3.1 Why GST approaches equilibrium so slowly
when gene flow is absent or very weak

It has been well recognized in population genetics
that GST converges very quickly and faster than the
probabilities of gene identity or heterozygosities (Nei
et al., 1977; Crow&Aoki, 1984; Takahata&Nei, 1984;
Rousset, 2004), which is also supported by simulation
studies (Ryman & Leimar, 2009; Leng & Zhang, 2011;
see also Fig. 1: A). Theory exists to explain these

Fig. 9. Illustration ofGST andDwhenmigration rate is relatively low but much higher than mutation rate.Mutation rate was set to 10�7 (thus it follows the
infinite allele model), migration rate 10�3, 10�4, or 10�5, subpopulation size 100, 1000, 10 000, and 100 000, respectively. The initial heterozygosity was
0.A, GST when migration rate is 0.001. B, GST when migration rate is 0.0001.C, GST when migration rate is 0.00001.D, D when migration rate is 0.001.
E, D when migration rate is 0.0001. F, D when migration rate is 0.00001.
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observations. Under infinite island and IAM, the time to
get half way to equilibrium is approximatelyðln2Þ=
ð2m þ 1=2NÞ forGST, whereas the corresponding time
for the probabilities of gene identity (e.g., J0 or J1 in this
study) is approximately ðln2Þ=ð2�Þ (Crow & Aoki,
1984; Rousset, 2004). As (2m þ 1/2N) is in general
much larger than 2µ (as µ is often very small), GST

clearly approaches equilibriummuchmore quickly than
J0 or J1. In practice, if migration rate is high or
subpopulation size is not very large, it would be
generally safe to assume that GST is in equilibrium and
then connect GST directly with the level of gene flow
(Whitlock & McCauley, 1999; Balloux & Goudet,
2002).

However, we have shown here, by both theoretical
deduction (for IAM) and simulation (for SMM), that
when migration rate is very low (or absent) GST

approaches equilibrium very slowly, and the probability
of gene identity within the same subpopulation J0 (and
thus HS) may approach equilibrium much earlier than
GST. This can be better viewed by considering GST in
the coalescent perspective (Fig. 10). Under the infinite
island model, GST can be expressed as

GST ¼ J 1 � J0

J1

and when µ � 1, it can be further deduced as

GST ¼ T 1 � T0

T1

Here, T1 is the expected time to the most recent
common ancestor of two alleles randomly chosen from
different subpopulations and T0 the corresponding
quantity for two random alleles from the same
population (Slatkin, 1991; Rousset, 2004; subscripts
were modified accordingly). As gene flow is absent,
after population split all subpopulations are indepen-
dent of each other. For neutral loci in a diploid species,
the expectation of T0 is 2N generations, where N is the
(effective) subpopulation size. However, T1 comprises
two parts (Fig. 10). As there is no migration between
subpopulations, alleles in different subpopulations
cannot coalesce with each other until they are in the
same ancestral population, thus the expected T1 equals
the sum of the time from population split (TFPS; note
that TFPS � T0 after a long period of isolation) and the
expected time to the most recent common ancestor of
two random alleles in the ancestral population (TA0,
which is equal to 2NA; here NA refers to the size of
ancestral population). Obviously, T0 is smaller than T1.
Thus, if gene flow is absent within subpopulations,GST

will converge much later than probabilities of gene
identity within subpopulations or the heterozygosity of
subpopulations, which was what our theoretical
deduction and simulation have illustrated.

Given the fact that the transition phase, that is, the
period preceding equilibrium, can last for an extraordi-
narily long time, the behavior ofGST revealed in this study
bears some important empirical and theoretical signifi-
cance. For example, a higher value of GST may simply
mean that the metapopulation has experienced a longer
time of divergence rather than just reduced gene flow.
Actually, even if the island model is valid and migration
rate is much larger than mutation rate, Nm (gene flow)
cannot be reliably estimated fromGST if the population is
still in transition phase. Great caution is also needed for
other statistics bearing similar properties to GST, such as
FST (Excoffier et al., 1992; e.g., Kronholm et al., 2010),
QST (Prout & Barker, 1993; Spitze, 1993; e.g., Edelaar &
Bjorklund, 2011) and any other relatives of FST.

3.2 Measuring population differentiation under
non‐equilibrium conditions: Promising complications

Many factors can influence population differentia-
tion, usually in a tightly interlocked way. When a

Fig. 10. A coalescent perspective on population differentiation under a
long period of complete isolation. Alleles in different subpopulations
cannot coalesce until they are in the same ancestral population. TFPS, time
from population split; T0, the expected time to the most recent common
ancestor of two alleles randomly chosen from the same subpopulations;
T1, the expected time to the most recent common ancestor of two alleles
randomly chosen from different subpopulations; TA0, the expected time
to the most recent common ancestor of two random alleles in the ancestral
population. In a diploid species, the expectation of T0 is 2N generations,
where N is the subpopulation size. T1 comprises two parts, and its
expectation equals the sum of TFPS (note that TFPS � T0) and TA0 (which
is equal to 2NA; here NA refers to the size of ancestral population).
Obviously, T0 is smaller than T1.
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population attains mutation–migration–drift equilibri-
um, some unique simple theoretical and mathematical
properties exist or can be approximated under certain
models. This has greatly facilitated inference or
estimation of some population parameters. However,
many natural populations are likely not yet in
equilibrium, given that many components can influence
the speed at which populations approach equilibrium.
For example, it is well known that mutation rate is such
a component (Takahata &Nei, 1984). Our study reveals
that migration rate can also affect the duration of the
transition phase ofGST, and population size can become
a key determinant as well under some conditions
(Fig. 8). Hence, this introduces great complications
for studying population differentiation under non‐
equilibrium conditions, but also provides some prom-
ising new insights.
3.2.1 GST can be a good estimator of differentia-
tion even if m � µ Our simulation reveals some
unexpected facts. In contradiction to the traditional
concept that GST cannot be a good estimator of
population differentiation when migration rate is very
low or far less than mutation rate (Balloux &
Goudet, 2002; Whitlock, 2011), here we show that
GST can be a reliable measure of differentiation even if
m � µ, especially when gene flow is absent or very
weak (m < 10�4, Fig. 7) andmutation rate is not so high
or population split occurred not very long ago (Figs. 2
and 3). Thus, the real constraint of GST as measure of
population differentiation is not migration rate or the
ratio of mutation and migration rate but heterozygosity
(Hedrick, 1999, 2005). For example, in the absence of
gene flow when mutation rate is 10�4 or 10�5 and
population size not too large (N < 10 000), GST

increases rapidly shortly after population split (e.g.,
only after a few hundreds to thousands of generations;
Figs. 2 and 3), thus is seemingly a more sensitive
indicator to recent demographic events than D.
Moreover, GST can keep increasing over a very long
period of time. In addition,GST is less sensitive to initial
heterozygosity (compared to D), thus providing an
invaluable advantage because the initial heterozygosity
is usually unknown to investigators. However, in such
situations, GST becomes unsuitable for estimating gene
flow (Nm).
3.2.2 Sensitivity to mutation rate heterogeneity
Under equilibrium, it has been shown that GST is not
affected by mutation rate but D is very sensitive to it;
this is a major disadvantage of D (Ryman &
Leimar, 2009; Whitlock, 2011). However, our results
show that this property is true only when migration rate
is far greater than mutation rate. Moreover, when
migration rate is low (e.g., when migration rate is 0),

GST is also very sensitive to mutation rate under both
IAM (Equation 11) and SMM (Fig. 3). Hence, in
practice it is not sensible to assume that mutation rate
heterogeneity has no influence onGST, especially when
migration rate is low. By contrast, when gene flow is
absent and mutation follows SMM, if subpopulation
size is not very small (N � 1000), D is much less
sensitive to mutation rate than GST, especially after
populations have separated for a long period of time
(Fig. 5). Therefore, under non‐equilibrium conditions,
D can be less sensitive to mutation rate heterogeneity in
some situations, thus softening Whitlock’s argument
(Whitlock, 2011).

In practice, it is impossible to know whether
populations are in equilibrium and often difficult to
judge whether there exists great heterogeneity in
mutation rate across loci. Our simulation results under
SMMwith microsatellite loci suggest a potential means
to inspect this in large isolated populations: if GST

manifests a large variation among loci while D only
displays relatively small variation among loci, it could
indicate considerable rate variation among loci and that
populations have experienced a rather long time of
divergence. In such cases, one should be more cautious
when using GST as a differentiation index.
3.2.3 D in large populations Our simulation under
SSM reveals a potential use of D in large populations.
When population size is large and gene flow absent, D
becomes less sensitive to mutation rate or initial
heterozygosity than GST, especially after populations
have gone through a long period of subdivision (Fig. 5:
C). In this situation,D calculated from a limited number
of loci may be able to represent a genome‐wide picture
of genetic differentiation in large populations. This
finding is in opposition to Whitlock’s conclusion
obtained from equilibrium conditions (Whitlock,
2011) that “D will vary in proportion to µ. Thus, D is
not expected to be the same for all loci, but it will vary as
greatly as the mutation rate does from locus to locus.”
However, it seems that this property ofD only holds for
loci following SSM.
3.2.4 Migration rate (m) and the absolute number
of migrants Under equilibrium assumptions, the
absolute number of migrants (Nm) can be estimated
from GST, and Nm has been conventionally taken as an
indicator of gene flow, a typical example being the well‐
known One‐Migrant‐per‐Generation Rule (Mills &
Allendorf, 1996; Wang, 2004). Our results indicate that
if population size is large and gene flow relatively low,
it can lead to seriously overestimatedm because it is not
safe to assume thatGST has reached equilibrium even if
the condition m � µ is fulfilled (Whitlock &
McCauley, 1999 discussed this under IAM; we show
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here that it also holds under SSM). In addition, it is the
migration rate (m), not the absolute number of migrants,
that determines how fast GST or D approaches
equilibrium (valid for both SSM and IAM). For
example, when Nm is fixed to 1, if m is 0.01, GST

took <1000 generations to approach equilibrium;
however, if m is 0.0001 GST took larger than 10 000
generations to reach equilibrium (Fig. 8: E). Moreover,
in non‐equilibrium populations, when the absolute
number of migrants is small (e.g., Nm is 0–1),
population size (N) has a great influence on both GST

and D (Fig. 8: A–F), and the value of GST is often not
indicative of the level of gene flow. Somewhat alike,
when mutation rate is low, D may not be effective to
serve as an indicator of population differentiation. For
example, when mutation rate is 10�7, no matter how
small or big the subpopulation size is (100–100 000),
D remained very small (smaller than 0.1) all the time
(Fig 9: D–F).

4 Conclusion

Many natural populations are likely not yet in
equilibrium. Therefore, understanding the behaviors,
robustness, and power of GST and D under non‐
equilibrium conditions has important implications. Our
theoretical deduction under IAM and simulation under
SMM have revealed the following properties of GST

and D, which were not recognized under the equilibri-
um perspective.

Under non‐equilibrium conditions, if gene flow is
absent or very weak (e.g.,m < 10�4),GST, quite likeD,
also takes a fairly long time to reach equilibrium and
thus can serve as a suitable measure of genetic
differentiation over the transition period as long as
mutation rate is not very large (but the function between
GST or D and population split time is non‐linear). This
behavior of GST is largely consistent under both IAM
and SMM.WhenGST andD are in equilibrium depends
on whenHS andHT are both in equilibrium. Under IAM
and complete isolation, this is determined by the
product of µ and t: GST will not approach equilibrium if
µt remains much smaller than unity. Under SMM, 10�4

appears to be the rough threshold migration rate; when
migration rate is higher than 10�4, GST approaches
equilibrium at a relatively quick rate and much earlier
than HS, whereas the opposite is true when migration
rate is lower than 10�4.

In contrast to the popular belief, µ � m is neither
an obligatory request for GST to be an effective
differentiation measure nor a sufficient condition for
using GST to estimate gene flow level (Nm). On the one

hand, GST can be a good estimator of genetic
differentiation even if m � µ (e.g., m ¼ 0; see above);
on the other hand, although m � µ, if GST is not yet
approaching equilibrium, it cannot be used for inferring
Nm. This observation is tenable under both SMM and
IAM.

Under SMM and complete isolation, initial
heterozygosity and mutation rate have markedly
different effects on GST and D. The initial heterozygos-
ity has a noticeable effect onD, but it only has relatively
trivial influence on GST, particularly in large popula-
tions (see also Leng & Zhang, 2011). In contrast, when
population size is large (e.g., �1000), mutation rate
shows a great impact on GST but only a mild influence
on D. Therefore, under non‐equilibrium conditions, D
can be much less sensitive to mutation rate heterogene-
ity than GST in such situations. This is markedly
different from what has been recognized in the
equilibrium perspective, and provides a potential option
to inspect mutation rate heterogeneity across loci in
large isolated populations.

In non‐equilibrium populations, whatever the level
of gene flow, drift plays a dominant role on GST as
population size has a great influence onGST. In contrast,
gene flow appears to have more important influence on
D, as after the initial stage of population differentiation,
drift appears to only play a secondary role on D when
subpopulations exchange individuals, even if the
exchange is infrequent. This conclusion is valid under
both IAM (data not shown) and SMM. Moreover, GST

appears to respond temporally more quickly and more
sensitively to the change of genetic component of
populations than D (Figs. 2 and 4). That is, in non‐
equilibrium populations,GST builds up more quickly in
time than D. Hence, GST should have a larger power to
detect recent population genetic events than D. An
independent observation also supports this conclusion:
when very low level of genetic variation exists in
populations, D is often unable to detect differentiation
(e.g., when mutation rate is very low and the initial
heterozygosity is also small; Fig. 9: D–F).

We have also observed that it is the migration
rate (m), not the absolute number of migrants (Nm), that
determines the speed at which GST or D approaches
equilibrium. This is consistent under both SSM and
IAM.

Our results suggest that both the advantages and
disadvantages of GST and D have been far from fully
explored for non‐equilibrium conditions. For example,
a higher value of GST may simply mean that the
metapopulation has experienced a longer time of
divergence rather than reduced gene flow, because in
non‐equilibrium conditions when gene flow is weak
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population split time is the key factor that determines
the level of GST. Therefore, approximations based on
IAM and equilibrium assumptions, if being indiscrimi-
nately applied to other situations, may unintentionally
mislead researchers to fallacious conclusions. Our
results also suggest that GST and D bear some unique
revealing power under non‐equilibrium conditions.
More efforts are clearly needed to gain a fuller
understanding of the behaviors of GST and D; this
will not only be helpful for correct use of these indexes,
but also potentially allow to infer evolutionary
processes acting on population differentiation.

Acknowledgements This work was supported by the
Knowledge Innovation Program of the Chinese
Academy of Sciences (Grant No. KSCX2‐EW‐J‐2),
the National Natural Science Foundation of China
(Grant Nos. 30870360, 30730016), and the Ministry of
Science and Technology of China (Grant No.
2011CB808001).

References

Balloux F. 2001. EASYPOP (Version 1.7): A computer program
for population genetics simulations. Journal of Heredity 92:
301–302.

Balloux F. 2006. EASYPOP 2.0.1 Manual [online]. Available
from http://www.unil.ch/dee/page36926_fr.html [accessed
5 October 2012].

Balloux F, Goudet J. 2002. Statistical properties of population
differentiation estimators under stepwisemutation in a finite
island model. Molecular Ecology 11: 771–783.

Bohonak AJ. 1999. Dispersal, gene flow, and population
structure. Quarterly Review of Biology 74: 21–45.

Crow JF, Aoki K. 1984. Group selection for a polygenic
behavioral trait: Estimating the degree of population
subdivision. Proceedings of the National Academy of
Sciences USA 81: 6073–6077.

Edelaar P, Bjorklund M. 2011. If FST does not measure neutral
genetic differentiation, then comparing it with QST is
misleading. Or is it? Molecular Ecology 20: 1805–1812.

Excoffier L, Smouse PE, Quattro JM. 1992. Analysis of
molecular variance inferred from metric distances among
DNA haplotypes: Application to human mitochondrial
DNA restriction data. Genetics 131: 479–491.

Gerlach G, Jueterbock A, Kraemer P, Deppermann J, Harmand
P. 2010. Calculations of population differentiation based on
GST and D: Forget GST but not all of statistics! Molecular
Ecology 19: 3845–3852.

Hartl DL, Clark AG. 1997. Principles of population genetics.
Sunderland: Sinauer Associates.

Hedrick PW. 1999. Perspective: Highly variable loci and their
interpretation in evolution and conservation. Evolution 53:
313–318.

Hedrick PW. 2005. A standardized genetic differentiation
measure. Evolution 59: 1633–1638.

Hewitt GM. 1999. Post‐glacial re‐colonization of European
biota. Biological Journal of the Linnean Society 68: 87–
112.

Hewitt GM. 2000. The genetic legacy of the Quaternary ice ages.
Nature 405: 907–913.

Hewitt GM. 2004. The structure of biodiversity—insights
from molecular phylogeography. Frontiers in Zoology 1: 4.

Hoban S, Bertorelle G, Gaggiotti OE. 2012. Computer
simulations: Tools for population and evolutionary genet-
ics. Nature Reviews Genetics 13: 110–122.

Jost L. 2008.GST and its relatives do not measure differentiation.
Molecular Ecology 17: 4015–4026.

Jost L. 2009. D vs. GST: Response to Heller and Siegismund
(2009) and Ryman and Leimar (2009). Molecular Ecology
18: 2088–2091.

Kronholm I, Loudet O, de Meaux J. 2010. Influence of mutation
rate on estimators of genetic differentiation—Lessons from
Arabidopsis thaliana. BMC Genetics 11: 33.

Leng L, Zhang DX. 2011. Measuring population differen-
tiation using GST or D? A simulation study with
microsatellite DNA markers under a finite island model
and nonequilibrium conditions. Molecular Ecology 20:
2494–2509.

Mills LS, Allendorf FW. 1996. TheOne‐Migrant‐per‐Generation
rule in conservation and management. Conservation
Genetics 10: 1509–1518.

Nei M. 1973. Analysis of gene diversity in subdivided
populations. Proceedings of the National Academy of
Sciences USA 70: 3321–3323.

Nei M. 1975. Molecular population genetics and evolution.
Amsterdam: North‐Holland Pub. Co.

Nei M, Chakravarti A, Tateno Y. 1977. Mean and variance
of FST in a finite number of incompletely isolated
populations. Theoretical Population Biology 11: 291–306.

Prout T, Barker JS. 1993. F statistics in Drosophila buzzatii:
Selection, population size and inbreeding. Genetics 134:
369–375.

Revardel E, Franc A, Petit RJ. 2010. Sex‐biased dispersal
promotes adaptive parental effects. BMC Evolotionary
Biology 10: 217.

Rousset F. 2004. Genetic structure and selection in sub-
divided populations. Princeton: Princeton University
Press.

Ryman N, Leimar O. 2008. Effect of mutation on genetic
differentiation among nonequilibrium populations. Evolu-
tion 62: 2250–2259.

Ryman N, Leimar O. 2009. GST is still a useful measure of
genetic differentiation—a comment on Jost’s D. Molecular
Ecology 18: 2084–2087.

Shafer AB, Cullingham CI, Cote SD, Coltman DW. 2010. Of
glaciers and refugia: A decade of study sheds new light on
the phylogeography of northwestern North America.
Molecular Ecology 19: 4589–4621.

Slatkin M. 1987. Gene flow and the geographic structure of
natural populations. Science 236: 787–792.

Slatkin M. 1991. Inbreeding coefficients and coalescence times.
Genetical Research 58: 167–175.

Spitze K. 1993. Population structure in Daphnia obtusa:
Quantitative genetic and allozymic variation. Genetics
135: 367–374.

© 2012 Institute of Botany, Chinese Academy of Sciences

LENG & ZHANG: Behaviors of GST or D in non‐equilibrium conditions 59



Takahata N, Nei M. 1984. FST and GST statistics in the finite
island model. Genetics 107: 501–504.

Wang J. 2004. Application of the One‐Migrant‐per‐Generation
rule to conservation and management. Conservation
Biology 18: 332–343.

Weiss S, Ferrand N. 2007. Phylogeography of southern European
refugia: Evolutionary perspectives on the origins and
conservation of European biodiversity. Dordrecht: Springer.

Whitlock MC. 2011. G’ST and D do not replace FST. Molecular
Ecology 20: 1083–1091.

Whitlock MC, McCauley DE. 1999. Indirect measures of gene
flow andmigration:FST not equal to 1/(4Nm þ 1). Heredity
82: 117–125.

Wright S. 1931. Evolution in Mendelian populations. Genetics
16: 97–159.

Wright S. 1951. Genetical structure of populations. Annals of
Eugenics 15: 323–354.

Wright S. 1965. The Interpretation of population‐structure by F‐
statistics with special regard to systems of mating.
Evolution 19: 395–420.

Supplementary material

The following supplementary materials are avail-
able online for this article at http://onlinelibrary.wiley.
com/doi/10.1111/j.1759‐6831.2012.00231.x/suppinfo:

Fig. S1. Time for GST to reach equilibrium under
the infinite allele model.

Fig. S2.D under various combinations of mutation
rate (µ), population size (N) and initial heterozygosity
(IH), when gene flow is absent and mutation follows the
infinite allele model.

Fig. S3. Behaviors of GST and HS under different
migration rates and population sizes under the stepwise
mutation model.

Fig. S4. Behaviors of GST and HS under different
migration rates and population sizes under the infinite
allele model.

© 2012 Institute of Botany, Chinese Academy of Sciences

60 Journal of Systematics and Evolution Vol. 51 No. 1 2013


