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Quantitative predictions for the spread of mutations in bacterial populations are essential to interpret
evolution experiments and to improve the stability of synthetic gene circuits. We derive analytical
expressions for the suppression factor for beneficial mutations in populations that undergo periodic
dilutions, covering arbitrary population sizes, dilution factors, and growth advantages in a single stochastic
model. We find that the suppression factor grows with the dilution factor and depends nontrivially on
the growth advantage, resulting in the preferential elimination of mutations with certain growth advantages.
We confirm our results by extensive numerical simulations.
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The fixation of random mutations is the driving force of
evolutionary adaptation. Mutations can also be problem-
atic, e.g., in synthetic biology, where long-term stability is
required to reliably and safely translate more than a decade
of circuit design to in vivo or industrial settings, but
disabling a synthetic gene network is often beneficial to
the cell [1]. Maintaining a bacterial strain over long times in
a lab setting to study its evolution [2,3] requires enforcing
certain population dynamics. To be able to interpret the
results and build quantitative models, it is therefore
essential to understand how these dynamics themselves
alter the impact of beneficial mutations.
We consider the most widely used protocol, serial

passage [3], which is characterized by phases of exponen-
tial growth alternating with strong reductions in population
size (“bottlenecks”). A constant population size main-
tained, e.g., in a turbidostat [4] or in microfluidic traps
[5] serves as the reference scenario for which theoretical
results are well known [6–9]. These established results
were recently extended to include populations that vary
in size [10,11], transmission phases [12], or clonal inter-
ference [13]. While repeated pruning of an exponentially
growing population was considered before [14–17], closed-
form predictions currently only exist for certain limiting
cases and, as we show below, their range of applicability
is even more limited than previously thought. Therefore,
a complete and consistent picture of the fixation process
during serial passage is still lacking. Using two comple-
mentary approaches for a single evolutionary model, we
derive closed-form analytical expressions which provide a
quantitative characterization of mutant fixation for arbitrary
dilution factors, population sizes, and selective advantages
that agrees with direct numerical simulations.
We use a stochastic model of division by binary fission:

X ⟶
αð1−μÞ

2X; X⟶
αμ

X þ Y; Y ⟶
ð1þsÞα

2Y: ð1Þ

X and Y represent wild-type and mutant cells, respectively.
To obtain analytical results, memoryless reactions are
assumed, resulting in exponentially distributed division
times. However, we will later extend some of our results to
more realistic distributions. In Eq. (1), α is the wild-type
division rate, μ ≤ 1 is the mutation probability upon
division, and s ≥ 0 is the growth rate change of the mutant.
For a constant population with Nc individuals, a random
individual is removed after each division (Moran process).
In dynamic populations, cells divide freely for some time T,
then the population is pruned (“diluted”) to a fixed number
of survivors Ns and the cycle repeats. The latter resembles
subculturing in fresh growth medium in the serial passage
protocol. The survival probability is assumed to be equal
for all cells. On average, the population size before dilution
is fNs, where f ¼ expðαTÞ is the dilution factor. We use
Nc ¼ Nsðf − 1Þ= log f, rounded to the nearest integer, to
achieve approximately the same time-averaged population
size in both cases (for μ ¼ 0).
Typical trajectories of the model are depicted in Figs. 1(a)

and 1(b). The fixation time τ is defined as the time until the
population consists of only mutants. We numerically com-
puted the average fixation times τc and τd for a constant
population and the dynamic protocol, respectively [see
Fig. 1(c)]. Figure 1(d) shows that τd > τc across all s,
meaning that the dynamic population can withstand the
evolutionary pressure of beneficial mutations longer.
Below, we will calculate the fixation probability p of a

single mutation under the influence of the above population
dynamics. If μ is sufficiently small, there is a direct
correspondence between τ and p: Based on the idea of
the slow-scale stochastic simulation algorithm [19], the
mutation rate can be approximated by αμnX [20], where nX
is the time-averaged number of wild-type cells for μ ¼ 0.
Since only a fraction p of mutations becomes fixed
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eventually, the average fixation time is τ ¼ ðαμnXpÞ−1,
implying τd=τc ¼ pc=pd.
We will first use a diffusion approach to characterize p

for s close to zero and then employ a recently developed
branching process approach for larger s.
Diffusion approximation.—This approach was initially

developed by Kimura [9] and is valid for weakly bene-
ficial mutations when the fixation process is dominated by
genetic drift. In contrast to Wahl and co-workers [14,15],
we will consider all contributions to stochastic fluctuations,
including cell division, and model random selection upon
dilution with the exact hypergeometric distribution. Let
MδyðyÞ and VδyðyÞ be the mean and variance, respectively,
of the change of the fraction of mutants from the current
generation to the next, given that the current fraction of
mutants is y ¼ nY=ðnX þ nYÞ. Then, with the definition
GðyÞ ¼ exp½−2 R y

0 Mδyðy0Þ=Vδyðy0Þdy0�, the probability of
fixation uðyÞ is given by uðyÞ ¼ R y

0 Gðy0Þdy0=
R
1
0 Gðy0Þdy0.

LetΛ be the Taylor expansion ofMδyðyÞ=VδyðyÞ near s ¼ 0

up to the order of s chosen such that Λ is independent of y.
Then, the fixation probability for an initial fraction of
mutants y is

uðyÞ ¼ 1 − expð−2ΛyÞ
1 − expð−2ΛÞ : ð2Þ

For dynamic populations, we define y as the fraction of
mutants at the beginning of each cycle. Therefore,
MδyðyÞ=VδyðyÞ describes the effect of one growth cycle
and subsequent pruning. Mutations occur at any time
during the growth phase, implying that the initial fraction

of mutants y for Eq. (2) (i.e., at the beginning of the cycle
following the mutation’s introduction) is a random variable.
We accommodate this by approximating pd ≈ udðȳdÞ,
where ȳd is the average initial fraction of mutants.
Hence, estimating pd amounts to calculating Λd and ȳd.
To obtain MδyðyÞ=VδyðyÞ for dynamic populations and

subsequently Λd, we note that, for the growth phase, the
wild-type and mutant subpopulations are described by
simple birth processes which start with ð1 − y0ÞNs and
y0Ns individuals, respectively. At the end of a cycle, t ¼ T,
the mean and variance for a population starting with N0

individuals and a division rate λ are

MλðN0Þ ¼ N0 expðλTÞ; ð3aÞ

VλðN0Þ ¼ ξ2N0 expðλTÞ½expðλTÞ − 1�: ð3bÞ

ξ2 will allow us later to scale the stochastic fluctuations
during growth, but we will initially evaluate only the case
ξ2 ¼ 1, which corresponds to the model Eq. (1).
As dilution does not, on average, alter the fraction

of mutants, Eq. (3) can be used directly to obtain Mδy,
whereas for Vδy, Eq. (3) is combined with the variance of
the hypergeometric distribution for the dilution event [20].
A first-order expansion of Mδy=Vδy around s ¼ 0 then
leads to Λd ≈ 2sðNs − ξ2Þf log f=½ðf − 1Þð1þ ξ2Þ�. To
estimate ȳd, we consider a mutant subpopulation that first
appears at time θ into a cycle and initially consists of ms
individuals. For the model Eq. (1), ms ¼ 1, since the
second reaction produces a single mutant cell. By the
end of the initial cycle, the mutant subpopulation will have
grown for a time T − θ to a size larger thanms. As might be
intuitive (and can be shown explicitly [20]), the probability
distribution of θ is pmutðθÞ ¼ expðαθÞ= R T

0 expðαθ0Þdθ0,
i.e., proportional to the average rate of division events at
a given time θ within a cycle. Using pmutðθÞ, we obtain the
average sizes of the wild-type and mutant subpopulations
for random θ as weighted averages of Eq. (3b) and estimate
the average initial fraction of mutants as limNs→∞Nsȳd ¼
½msðfs − 1Þ=sðf − 1Þ�, independent of ξ2 [20].
Substituting ȳd and Λd into Eq. (2), we obtain

pd ¼
1 − exp

�
− 2ms

1þξ2
ðNs−ξ2Þf log f ðfs−1Þ

Nsðf−1Þ2

�

1 − exp

�
− 2

1þξ2
ðNs−ξ2Þf log f

f−1 s

� : ð4Þ

Equation (4) can also be used for the constant population
case by replacingNs → Nc and taking the limit f → 1, so it
reduces to

pc ¼
1 − exp½−2mss=ð1þ ξ2Þ�
1 − exp½−2Ncs=ð1þ ξ2Þ� : ð5Þ

Note that a more accurate approximation of pc can be
obtained by calculating Λc directly [20]. For ξ2 ¼ 1 and
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FIG. 1. Typical trajectories of the model Eq. (1) for
(a) a dynamic population undergoing repeated pruning and
(b) a constant population. Parameters are α ¼ 1, Ns ¼ 10,
T ¼ log 10, μ ¼ 10−3, resulting in f ¼ 10, Nc ¼ 39. (c) Fixation
times in constant (crosses) and dynamic (squares) populations
from 10 000 stochastic simulations using an accelerated algorithm
[18]. (d) Fixation time ratio. Solid lines in (c) and (d) indicate exact
numerical values from Markov models for a constant population
and a population pruned when reaching a fixed size fNs.
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ms ¼ 1, the theoretical estimates Eqs. (4) and (5) are
plotted in Fig. 2(a). As expected, the theory matches the
numerical data towards s ¼ 0. The accuracy is remarkable
considering it being a continuous approximation of a
discrete process in small populations and the usage of a
large-Ns approximation for ȳd. A Taylor expansion of
τd=τc ¼ pc=pd around s ¼ 0 yields (for large Ns)

τd=τc ≈ 1þ sNs
ðf − 1Þ½1 − Δ−1ðfÞ�

ð1þ ξ2Þ log f þOðs2Þ; ð6Þ

withΔðfÞ ¼ ½ðf − 1Þ= log f�2=f. For any f > 1,Δ is larger
than 1, so the slope of τd=τc at s ¼ 0 is positive. Thus,
periodic dilutions do not impact neutral mutations as
expected, while beneficial mutations are suppressed by a
factor that grows with s in the vicinity of s ¼ 0. The slope
of τd=τc increases with Ns, in agreement with Fig. 2(b).
First taking the limit Ns → ∞ and subsequently con-

sidering small s, we obtain pd ≈ ½2ms=ð1þ ξ2Þ�Δ−1s and
pc ≈ ½2ms=ð1þ ξ2Þ�s from Eqs. (4) and (5), respectively,
which corresponds to the only limit for which analytical
results were previously available [15]. The factor by which
mutations are suppressed by serial dilutions in this limit is,
therefore,

lim
s→0

lim
Ns→∞

τd
τc

¼ ΔðfÞ; ð7Þ

which is shown as a gray dashed line in Fig. 2(b). For any
finite population size, there is a smooth transition of τd=τc
towards Δ with the rate indicated by Eq. (6).

Branching process approximation.—As a complemen-
tary approach, we employ the framework developed by
Uecker and Hermisson [21]. Based on an inhomogeneous
branching processes, they derived the following expression
for the fixation probability:

p¼ 2

�
1þ

Z
∞

0

ðλþδÞðtÞexp
�
−
Z

t

0

ðλ−δÞðt0Þdt0
�
dt

�
−1
;

ð8Þ
where λðtÞ and δðtÞ are the per capita birth and death rates,
respectively, of the mutant subpopulation in the “branching
limit.” It implicitly assumes that stochastic fluctuations
of the wild-type population size can be ignored and, thus,
we do not expect this approximation to capture finite
population size effects present for small s.
For a constant population, we have the per capita birth

rate λcðtÞ ¼ ð1þ sÞα for the mutant subpopulation. Mutant
individuals are replaced by wild-type individuals when a
wild-type individual is born with rate αnX and a mutant is
chosen for removal with probability ½nY=ðnX þ nY þ 1Þ�≈
ðnY=nXÞ. The per capita death rate is therefore δcðtÞ ¼ α.
Substitution into Eq. (8) yields

pc ¼
s

1þ s
: ð9Þ

For the population undergoing serial dilutions, we assume
small time intervals of length σ ≪ T during which cells die
with rate σ−1 log f, reducing the population size from fNs
toNs exactly in the branching limit. Assuming the mutation
is introduced at time θ into a cycle, these “windows of
death” occur at times ti ¼ iT − θ, i ¼ 1; 2;…. Therefore,
we have

λdðtÞ ¼ ð1þ sÞα; ð10aÞ

δdðtÞ ¼
� log f

σ ti < t < ti þ σ; i ¼ 1; 2;…

0 otherwise:
ð10bÞ

Substituting these rates into Eq. (8) and taking the limit
σ → 0 yields the fixation probability pdðθÞ conditioned on
the time of appearance θ [20]. By averaging over pmutðθÞ,
we obtain the unconditional fixation probability

pd ¼
1

f − 1

�
fF

�
f − 1

1 − f−s

�
− F

�
f − 1

f1þs − f

��
; ð11Þ

where Fð·Þ is defined using the hypergeometric function

2F1ða; b; c; zÞ as FðxÞ¼2F1(1;1=ð1þsÞ;1þ1=ð1þsÞ;−x).
Figures 2(c) and 2(d) show a comparison of this theory
with numerical simulations. As s → 0, pd converges to
0, but τd=τc ¼ pc=pd approaches the finite value Δ,
which is identical to the result derived earlier from the
diffusion approach, Eq. (7), and therefore consistent with
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FIG. 2. (a) Fixation probabilities from numerical simulations
(symbols) compared to diffusion approximation, Eqs. (5) and (4)
(lines). (b) Numerical τd=τc (symbols) and diffusion approxima-
tion (lines). Colored dashed lines show initial slope at s ¼ 0
according to Eq. (6); gray dashed line is the asymptotic ratio Δ,
Eq. (7). For all data in (a) and (b) f ¼ 20, ξ2 ¼ 1, ms ¼ 1. (c),(d)
Numerical p and τd=τc (symbols) compared to branching process
approximation, Eqs. (9) and (11) (lines). The y intercept in
(d) is also Δ.
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the implicit assumption of large populations. In contrast,
for finite population sizes, only the diffusion approximation
correctly captures the immediate vicinity of s ¼ 0, where
τd=τc → 1 [compare Figs. 2(b) and 2(d)].
Exponential division time distributions, which have zero

mode, are unrealistic, because cells need time to mature
before the next division. In reality, the division time
distribution has a clear peak with a Fano factor smaller
than 1 [22]. According to Eqs. (6) and (7), the initial
increase of τd=τc should be faster for a less stochastic
division process (i.e., smaller ξ2), while the plateau value Δ
should not depend on ξ2.
To test these predictions, we consider an extension of

Eq. (1), where the simple memoryless division is replaced
by a process with k stages, which has been characterized in
detail by Kendall [23]: The total division time d of, e.g., a
wild-type cell is distributed according to 2kαd ∼ X2

2k. After
individuals have established an equilibrium distribution
across the k different stages, the population grows like
exp½αkð21=k − 1Þt�, leading to deterministic growth ∝ 2αt as
k → ∞. We use an adjusted growth rate of α½kð21=k − 1Þ�−1
in numerical simulations to maintain an effective popula-
tion growth according to expðαtÞ, resulting in the same
average population size for unchanged cycle lengths T.
For a population of individuals starting in the first stage,
the initial population growth is delayed, reducing the
effective initial size of the mutant subpopulation from 1
to ms ¼ 1=½2kð1 − 2−1=kÞ�. The variance of the population
size is different from that of a memoryless division process
by a factor of ξ2 ≈ ½2ðlog 2Þ2=k�.
Figure 3(a) shows numerical simulations for different k,

along with the approximation of Eq. (6), substituting the
changed value for ξ2. Note that this neglects the fact that
division events in the mutant subpopulation are initially
correlated. Nevertheless, there is good quantitative agree-
ment with Eq. (6). Figure 3(b) shows that there are some
quantitative differences for larger s, but, according to
Fig. 3(d), for small s beyond the initial region of
increase for finite population sizes [cf. Fig. 2(b)], τd=τc
is indeed at most weakly dependent on k, as predicted
by Eq. (7).
In this study, we have developed a complete analytical

characterization of the fixation probability of beneficial
mutations in exponentially growing populations with
repeated bottlenecks, akin to serial passage. The most
intriguing result is that the impact of serial passage on
the fixation probability depends nontrivially on the growth
rate change s, a novel effect not seen in the previously
considered large-population, low-s limit, where all
fixation probabilities were found to be proportional to s
and, therefore, the ratio pc=pd is a constant [15,17].
Therefore, the experimental protocol acts as a filter which
biases the distribution of selective advantages of fixed
mutations with respect to a constant population or serial
passage with different f. Our results provide quantitative

predictions for three distinct regimes: Firstly, starting from
pc=pd ¼ 1 at s ¼ 0 (no suppression of neutral mutations),
the suppression factor increases gradually (and more
quickly for larger Ns) as s increases, which is captured
by the diffusion approach, Eqs. (4)–(6). Secondly, in an
intermediate regime, pc=pd reaches a plateau value Δ,
Eq. (7), which only depends on the dilution factor f.
Thirdly, towards large s, the fixation probability for the
serial passage protocol slowly returns to that for a constant
population, as described by the branching process approxi-
mation, Eq. (11).
To our knowledge, no previous analytical results existed

for the first and third regime. For the plateau, we find Δ to
be monotonic with respect to f [cf. Fig. 3(d)] and to
approach 1 for f → 1, which is in contrast to the prediction
of an optimal dilution factor f from the previously derived
formula Δ0 ¼ f=ðlog fÞ2 [15]. However, this earlier result
used a binomial distribution for the dilution process, which
is only a good approximation for large f [20], and, indeed,
in this regime,Δ0 ≈ Δ. Our prediction is not only confirmed
by full numerical simulations, but also intuitive as frequent
but mild dilutions are experimentally indistinguishable
from a constant population. Furthermore, as can be shown
explicitly [20], it is consistent with Ref. [17].
Equation (6) reaches Δ at a selective advantage

δs ¼ f½ðf − 1Þð1þ ξ2Þ�=½fNs log f�g, providing an
order-of-magnitude estimate for regimes of validity of
Eq. (6) (s≲ δs) versus Eq. (11) (s≳ δs), which is particu-
larly important for very small population sizes, when δs is
large. For larger populations, the value of s at which Δ is
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Eq. (6) with ξ2 ¼ 2ðlog 2Þ2=k. (b) τd=τc from numerical simu-
lations for larger s. (c) pc and pd as functions of the dilution
factor f. (d) τd=τc for the data shown in (c) compared to
the analytical approximation, Eq. (7). Parameters are Ns ¼ 50,
f ¼ 20 (a), (b) and Ns ¼ 20, s ¼ 0.2 (c), (d).
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attained is negligible compared to the region in which
τd=τc ≈ Δ [cf. Fig. 2(b), Ns ¼ 100], which indicates equal
suppression of mutations conferring arbitrary moderate
growth rate changes.
While, in reality, cell division and mutation are far more

complex than described by the model Eq. (1), our results
establish a baseline that can be used to gauge the influence
of other effects. We confirmed that they hold qualitatively
for more realistic division statistics and even quantitatively
through the proxy parameters ξ2 andms in the low-s regime
(cf. Fig. 3). Generalizing the branching process approxi-
mation to take these statistics into account for larger s
presents an interesting direction of future research. We also
found that the exact periodicity of dilutions is not essential,
as pruning at a fixed number of cells fNs leads to almost
identical numerical results [20]. Another possible extension
is to consider nonexponential growth, although a previous
study found little effect for the specific case considered
there [15].
Our quantitative analytical results provide a framework

for the interpretation of evolution experiments involving
serial passage by predicting how the experimental protocol
itself can facilitate or suppress the fixation of mutations
with certain selective advantages, which is a prerequisite
for investigating the relation between population level
adaptation and its molecular basis for other than neutral
mutations [24]. They may also provide guidance for
limiting the impact of undesired mutations in engineered
bacteria by adjusting the experimental protocol or employ-
ing synthetic ecologies to shape their inherent population
dynamics.

All authors acknowledge funding from NIH Grant
No. R01-GM069811, from NSF Grant No. MCB-
1121748 and partial support from the San Diego Center
for Systems Biology, NIH Grant No. P50-GM085764. P. B.
also acknowledges support from HFSP fellowship
LT000840/2014-C.

*pbittihn@ucsd.edu
[1] S. C. Sleight, B. A. Bartley, J. A. Lieviant, and H.M. Sauro,

J. Biol. Eng. 4, 12 (2010).
[2] E. Loh, J. J. Salk, and L. A. Loeb, Proc. Natl. Acad. Sci.

U.S.A. 107, 1154 (2010).
[3] M. J. Wiser, N. Ribeck, and R. E. Lenski, Science 342, 1364

(2013).
[4] T. G. Watson, J. Appl. Chem. Biotechnol. 22, 229 (2007).
[5] A. Prindle, P. Samayoa, I. Razinkov, T. Danino, L. S.

Tsimring, and J. Hasty, Nature (London) 481, 39 (2012).
[6] R. A. Fisher, Proc. R. Soc. Edinburgh 50, 205 (1930).
[7] R. A. Fisher, Proc. R. Soc. Edinburgh 42, 321 (1922).
[8] J. Haldane, Math. Proc. Cambridge Philos. Soc. 23, 838

(1927).
[9] M. Kimura, Genetics 47, 713 (1962).

[10] S. P. Otto and M. C. Whitlock, Genetics 146, 723 (1997).
[11] E. Pollak, Theor. Popul. Biol. 57, 51 (2000).
[12] A. Handel and M. R. Bennett, Genetics 180, 2193 (2008).
[13] P. R. A. Campos and L. M. Wahl, Evolution 63, 950 (2009).
[14] L. M. Wahl and P. J. Gerrish, Evolution 55, 2606 (2001).
[15] L. M.Wahl, P. J. Gerrish, and I. Saika-Voivod, Genetics 162,

961 (2002).
[16] J. M. Heffernan and L. M. Wahl, Theor. Popul. Biol. 62, 349

(2002).
[17] J. E. Hubbarde and L. M. Wahl, Math. Biosci. 213, 113

(2008).
[18] W. H. Mather, J. Hasty, and L. S. Tsimring, Bioinformatics

28, 1230 (2012).
[19] Y. Cao, D. T. Gillespie, and L. R. Petzold, J. Chem. Phys.

122, 014116 (2005).
[20] See Supplemental Material at http://link.aps.org/

supplemental/10.1103/PhysRevLett.118.028102 for a de-
tailed derivation.

[21] H. Uecker and J. Hermisson, Genetics 188, 915 (2011).
[22] S. Iyer-Biswas, C. S. Wright, J. T. Henry, K. Lo, S. Burov,

Y. Lin, G. E. Crooks, S. Crosson, A. R. Dinner, and N. F.
Scherer, Proc. Natl. Acad. Sci. U.S.A. 111, 15912 (2014).

[23] D. G. Kendall, Biometrika 35, 316 (1948).
[24] S. Wielgoss, J. E. Barrick, O. Tenaillon, S. Cruveiller,

B. Chane-Woon-Ming, C. Médigue, R. E. Lenski, and
D. Schneider, G3 (Bethesda) 1, 183 (2011).

PRL 118, 028102 (2017) P HY S I CA L R EV I EW LE T T ER S
week ending

13 JANUARY 2017

028102-5

http://dx.doi.org/10.1186/1754-1611-4-12
http://dx.doi.org/10.1073/pnas.0912451107
http://dx.doi.org/10.1073/pnas.0912451107
http://dx.doi.org/10.1126/science.1243357
http://dx.doi.org/10.1126/science.1243357
http://dx.doi.org/10.1002/jctb.2720220206
http://dx.doi.org/10.1038/nature10722
http://dx.doi.org/10.1017/S0305004100015644
http://dx.doi.org/10.1017/S0305004100015644
http://dx.doi.org/10.1006/tpbi.1999.1436
http://dx.doi.org/10.1534/genetics.108.093013
http://dx.doi.org/10.1111/j.1558-5646.2008.00595.x
http://dx.doi.org/10.1111/j.0014-3820.2001.tb00772.x
http://dx.doi.org/10.1016/S0040-5809(02)00002-3
http://dx.doi.org/10.1016/S0040-5809(02)00002-3
http://dx.doi.org/10.1016/j.mbs.2008.03.006
http://dx.doi.org/10.1016/j.mbs.2008.03.006
http://dx.doi.org/10.1093/bioinformatics/bts130
http://dx.doi.org/10.1093/bioinformatics/bts130
http://dx.doi.org/10.1063/1.1824902
http://dx.doi.org/10.1063/1.1824902
http://link.aps.org/supplemental/10.1103/PhysRevLett.118.028102
http://link.aps.org/supplemental/10.1103/PhysRevLett.118.028102
http://link.aps.org/supplemental/10.1103/PhysRevLett.118.028102
http://link.aps.org/supplemental/10.1103/PhysRevLett.118.028102
http://link.aps.org/supplemental/10.1103/PhysRevLett.118.028102
http://link.aps.org/supplemental/10.1103/PhysRevLett.118.028102
http://link.aps.org/supplemental/10.1103/PhysRevLett.118.028102
http://dx.doi.org/10.1534/genetics.110.124297
http://dx.doi.org/10.1073/pnas.1403232111
http://dx.doi.org/10.1093/biomet/35.3-4.316
http://dx.doi.org/10.1534/g3.111.000406

