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Abstract

Natural populations often show enhanced genetic drift consistent with a strong skew in their offspring number distribution. The skew arises
because the variability of family sizes is either inherently strong or amplified by population expansions. The resulting allele-frequency fluc-
tuations are large and, therefore, challenge standard models of population genetics, which assume sufficiently narrow offspring distribu-
tions. While the neutral dynamics backward in time can be readily analyzed using coalescent approaches, we still know little about the ef-
fect of broad offspring distributions on the forward-in-time dynamics, especially with selection. Here, we employ an asymptotic analysis
combined with a scaling hypothesis to demonstrate that over-dispersed frequency trajectories emerge from the competition of conven-
tional forces, such as selection or mutations, with an emerging time-dependent sampling bias against the minor allele. The sampling bias
arises from the characteristic time-dependence of the largest sampled family size within each allelic type. Using this insight, we establish
simple scaling relations for allele-frequency fluctuations, fixation probabilities, extinction times, and the site frequency spectra that arise
when offspring numbers are distributed according to a power law.
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Interpreting The Genetic Differences between and within popula-
tions we observe today requires a robust understanding of how
allele frequencies change over time. Most theoretical and statisti-
cal advancements have been based on the Wright-Fisher model
(Fisher 1930; Wright 1931), which has shaped the intuition of gen-
erations of population geneticists for how evolutionary dynamics
works (Crow and Kimura 1970). The Wright-Fisher model
assumes that the genetic makeup of a generation results from
resampling the gene pool of the previous generation, whereby
biases are introduced to account for most relevant evolutionary
forces, such as selection, migration, or variable population sizes.
For large populations, the resulting dynamics can be approxi-
mated by a biased diffusion process, which simplifies the statisti-
cal modeling of the genetic diversity. More importantly, the
Wright-Fisher diffusion is the limiting allele frequency process of
a wide variety of microscopic models, as long as they satisfy
seemingly mild assumptions (see below). This flexibility has
made the Wright-Fisher diffusion the standard model of choice
to infer the demographic history of a species, loci of selection, or
the strength of polygenic selection (Bollback et al. 2008; Berg and
Coop 2014; Feder et al. 2014; Foll et al. 2015; Schraiber et al. 2016;
Tataru et al. 2017).

Despite its versatility, the Wright-Fisher diffusion can be a
poor approximation when the population dynamics is driven by

rare but strong number fluctuations. It is increasingly recognized
that number fluctuations can be inflated for very different rea-
sons. First, the considered species may have a broad offspring
distribution, which occurs for marine species and plants with a
Type III survivorship curve (Hedgecock 1994; Eldon and Wakeley
2006) as well as viruses and fungi [reviewed in Tellier and
Lemaire (2014)]. Broad offspring distributions also arise in infec-
tious disease, when relatively few super-spreaders are responsi-
ble for the majority of the disease transmissions (Lloyd-Smith
et al. 2005). In the recent SARS-CoV-2 pandemic, for example, a
strongly skewed offspring distributions were consistently inferred
from both contact tracing data and infection cluster size distribu-
tions (Adam et al. 2020; Laxminarayan et al. 2020). Understanding
allele frequency trajectories in these systems is extremely chal-
lenging, as statistical inference based on the Wright-Fisher
model is often misleading (see, e.g., Sackman et al. 2019).

A second mechanism for strong number fluctuations are so-
called jackpot events, which can occur in any species no matter
the actual offspring distribution. Jackpot events are population
bottlenecks that arise when the earliest, the most fit or the most
advanced individuals have an unusual large number of descend-
ants. Temporal jackpot events (“earliest”) were first discovered by
Luria and Delbriick (1943) and studied as a signal of spontaneous
mutations in an expanding population. They observed that a
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phage resistant mutant clone can grow exceptionally large if the
resistance mutation by chance occurs early in an expansion
event. Despite being rare, these jackpot events are easily detect-
able in large populations because they strongly inflate the vari-
ance of the expected number of mutants and lead to power-law
descendant distributions.

The very same descendant distribution arises in models of
rampant adaptation and background selection. In these models,
mutations generate jackpot events when they arise within the
few fittest individuals (Neher and Hallatschek 2013). Jackpot
events also arise in range expansions, where the most advanced
individuals in the front of the population have a good chance to
leave many descendants over the next few generations. This phe-
nomenon of gene surfing can produce a wide range of scale-free
descendant distributions (Hallatschek and Nelson 2008; Fusco
et al. 2016; Birzu et al. 2018, 2021).

To account for skewed offspring distributions, a number of
theoretical studies have been conducted in the context of the co-
alescent framework. Based on this backward-in-time, a striking
feature of broad offspring distributions is the simultaneous merg-
ing of multiple lineages. One of the most widely studied models is
the beta-coalescent (Schweinsberg 2003a), which is a subclass of
the A-coalescent and corresponds to the population dynamics
with a power-law offspring number distribution o« u='** The
case a=1, called Bolthausen-Sznitman coalescent (Bolthausen
and Sznitman 1998), has been shown to be the limiting coales-
cent in models of so-called “pulled” traveling waves, which de-
scribe the most basic scenarios of range expansions (Brunet et al.
2007) and of rampant adaptation (Desai et al. 2013; Kosheleva and
Desai 2013; Neher and Hallatschek 2013; Schweinsberg 2017).
Moreover, so-called “semi-pushed” traveling waves that contain
some level of co-operativity, induced e.g. by an Allee effect, gener-
ate power-law offspring distributions with 1 < o < 2 (Birzu et al.
2018), indicating that their coalescent is intermediate between
the Bolthausen-Sznitman and Kingman coalescents.

The tractability of coalescent approaches make it particularly
useful for inferring demographic histories and detecting outlier
behaviors (Basdevant and Goldschmidt 2008; Eldon 2009 2011).
However, as it is notoriously difficult to integrate selection in coa-
lescent frameworks, there is also a strong need for forward-in-
time approaches that capture the competition between genetic
drift and selection. While for o > 2, the limiting allele frequency
dynamics is given by the well-understood Wright-Fisher process,
much less is known for the case o < 2. This is unfortunate be-
cause, as mentioned above, any exponent 1 < a < 2 can arise
dynamically.

Recently, the forward-dynamics of the special case a=1 was
studied by one of the authors (Hallatschek 2018), finding that an
emergent sampling bias generates strong deviations from the
Wright-Fisher dynamics. The sampling bias arises because, in
each generation, an allele with high frequency can sample more
often and, hence, deeper into the tail of the offspring distribution
than an allele with small frequency. The major allele of a biallelic
site, therefore, has with high probability a greater number of off-
spring per individual than the minority type. This sampling bias
acts like a selective advantage of the major allele, but its average
effect is compensated by rare frequency hikes of the minor allele
so that the expected change in frequency only changes in the
presence of genuine selection.

Here, we focus on the understudied case 1 < o < 2 intermedi-
ate between the known cases of a>2, corresponding to the
Wright-Fisher diffusion, and «=1 described by jumps and

sampling bias but vanishing diffusion. Similarly to the «=1 bor-
derline case, we find that a minor-allele-suppressing sampling
bias arises but that it is fading over time as the offspring distribu-
tions are sampled more and more thoroughly. This time-
dependent sampling bias determines the scaling of the fixation
probability, extinction time, stationary distribution, and site fre-
quency spectrum (SFS). The combination of jumps and bias gen-
erates a so-called Levy-flight which controls the variability of
allele frequency trajectories, for instance between unlinked genes
or between populations. The flexibility of our model should en-
able to fit wide range cases that deviate from the Wright-Fisher
diffusion.

Model and methods
Model

To study the impact of broad offspring numbers, we consider an
idealized, panmictic, haploid population of constant size N that
produces non-overlapping generations in the following way. First,
we associate with each individual i a “reproductive value” (Fisher
1930; Barton and Etheridge 2011) U;, which represents its expected
contribution to the population of the next generation. The ran-
dom numbers U; are drawn from a specified distribution Py. In a
second step, we sample each individual in proportion to its repro-
ductive value until we have obtained N new individuals repre-
senting the next generation.

Our model belongs to the general class of Cannings models
(Cannings 1974). The Wright-Fisher model is obtained if we
choose Py to be a Dirac delta function, such that all individuals
have the same reproductive value.

We focus most of our analysis on the dynamics of two mutu-
ally exclusive alleles, a wild type and a mutant allele. The dy-
namics of the two alleles is captured by the time-dependent
frequency X(t) (0 < X < 1) of mutants. The wild type frequency
is given by 1 — X(t). The total reproductive values M and W of the
mutant population and the wild type population, respectively,
are given by

(M) &0 w)
M= 21 u, w= 21 U™, (1)
1= 1=

Here, UfM) and Ufw) are the individual reproductive values of
mutants and wild types and sampled from the distribution Py.
The population at the next generation is generated by binomially
sampling N individuals with success probability (namely, the
probability that the parent of a randomly chosen individual is a
mutant) 324 Mutations and selection are included as in the
Wright-Fisher model. If the fitness of the mutant relative to the
wild-type is 1 + s, where s is the selection coefficient, and the for-
ward- and back- mutation rates are p; and u,, respectively, then
the success probability is given by %%

For the offspring distribution Py, we consider a family of fat-
tailed distributions, which asymptotically behave as Py ~ i+
with « being a positive constant. To make our presentation con-
crete, we choose Py(u) = a/u***(u > 1), which is known as the
Pareto distribution. In the large population size limit, the neutral
allele-frequency dynamics is known to only depend on the as-
ymptotic power law exponent o provided we measure time in
units of the coalescence time (Schweinsberg 2003b). For different
but closely related modeling of broad offspring distributions, see

Bah and Pardoux (2015).
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Figure 1 The mean (blue dashed curve) and median (red solid curve) of allele frequency trajectories for o = 0.8,1,1.5,2, and 2.5. For each «, 10*
trajectories are generated with the initial frequency xo = 0.01. For ease of viewing, only 50 trajectories are shown in gray in each panel. The time tin
units of generations and the one t = {-re-scaled by the coalescent timescale T, are shown in the horizontal axes. The dependence of the coalescent time
on the population size N is written below each panel. The population size is N = 10°.

Methods

Our goal is to understand the asymptotic dynamics of our model
for large N, where the frequency becomes continuous over time
(Kimura 1955; Gardiner 2009) provided that o > 1 (Schweinsberg
2003b). We first present simulation results regarding relevant
measures in the population genetics. Later, we provide a heuristic
argument to explain them. Many separate observations (the fixa-
tion probability, extinction time, allele frequency fluctuations,
stationary distribution, and SFS) can be matched up with a unify-
ing scaling picture.

Below, t and t = t/T, denote a time in units of generations and
one normalized by the characteristic (coalescent) timescale Tg, re-
spectively. T. depends on the population size and the exponent «
as follows: T, = N when o > 2, T, = N/logN when a=2, T, = N*"!
when 1 < o < 2, and by T, =logN when «=1. These timescales
were originally derived in the coalescent framework
(Schweinsberg 2003b). Later, we explain how they can be ratio-
nalized within the forward-in-time approach.

To understand the frequency dynamics when 1 < o < 2, itis
essential to distinguish between average and typical trajectories.
As a proxy for typical trajectories, we use the median of the fre-
quencies, denoted by X™¢d (1), throughout this paper.

Results

Neutral dynamics: typical trajectories and
extinction time

First, we characterize the allele frequency dynamics in the ab-
sence of selection s=0. In this neutral limit, the expected value
of the allele frequency does not change over time, ie.,
(X(t)) = X(0). Yet, despite the overall neutrality, a typical trajec-
tory experiences a bias against the minority allele. This can be
seen in Figure 1, where the mean and median are plotted across
many realizations that start from the same frequency
X(0) =0.01. While the mean does not change over time, as re-
quired from neutrality, the median decays to zero in an «-depen-
dent manner. By symmetry, the median increases toward
fixation if the starting frequency is larger than 50%. Thus, the
median experiences a bias against the minor allele. Note also
that, when 1 < o < 2, the velocity of the median approaching
extinction decreases as it approaches the extinction boundary
(see the red curve in Figure 1). As we will show later, an uptick of
the SFS at the boundaries originates from this slowing.

Numerical simulations of the early part of trajectories show
that time-dependent median displacement follows a simple
power law,
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Figure 2 Trajectories of the median (red thick line) and the mean (blue
dashed) of allele frequency when o = 1.5 and N = 10%. Inset: The
trajectory (red points) of |AX™ed| = X(0) — X™*d(1) is shown in log-log
plot. The median agrees well with the expectation from the scaling
argument AX™4 ~ —z (black solid line).

1

AX™ed = X7e(1) — X(0) ~ —2, 2)

up to an X(0)-dependent prefactor. Figure 2 shows the numerical
result for o = 1.5. The red curve represents the median of trajec-
tories, which agrees well with AX™ed ~ —13.

Next we quantify the time to extinction, which turns out to be
driven by the above minor-allele suppressing bias. Numerical
results of the mean extinction time are consistent with

Text ~ X(O)%l’ (3)

as shown in Figure 3. Hence, in units of the coalescence time, the
mean extinction time tex: becomes larger as « decreases (namely,
for a broader offspring distribution). Note, however, that if one
measures time in units of generations, Equation 3 can be rewrit-
ten as text = TextIc ~ (NX(O))“'l, which becomes smaller as «
decreases since NX(0) > 1. As we show later, Equation 2 can be
analytically derived from a short-time approximation of the dy-
namics (Equation 25). Equation 3 can be explained from an effec-
tive sampling bias (Equation 35).

Allele frequency fluctuations as a signature of
broad offspring distributions

Next, we explore to what extent the spectrum of allele frequency
fluctuations can provide a clue for identifying the exponent o of
the offspring distribution. A deviation from the Wright-Fisher dif-
fusion is most clearly revealed by measuring the median square
displacement [median standard deviation (SD)],
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Median SD = M[(X(t) — X(t = 0))%], (4)

where M[-] denotes taking the median (e.g., M[X(t)] = X™e4(t)). To
measure the median SD, we simulate 1000 neutral allele fre-
quency trajectories with initial condition X(0) = 0.5, foraa =1, 1.5
and the Wright-Fisher model (Figure 4A). As shown in Figure 4B,
the median SD computed from this data set is consistent with
the scaling,
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Figure 3 The mean extinction time tex (in units of generations) as a
function of initial allele frequency X(0) is plotted for & = 1.4,1.5,1.6. Each
of the straight lines has the slope o — 1. The initial-frequency
dependence of tey can be fitted well by Equation 3. The population size is
N = 10°
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when t/T. < 1. Noting 1 < a < 2, this scaling means that typical
fluctuations characterized by the median SD exhibit super-
diffusion. Later, we derive the superdiffusive exponent 2 in
Equation 5 analytically (Equation 32).

Usually, allele frequency fluctuations are quantified by
using the mean SD = ((X(t) — X(0))%), rather than the median
SD. For the Wright-Fisher diffusion, the distinction between
these two measures is irrelevant since both of them increase
linearly with time, except with differing prefactors. However,
for 1 < a < 2, the a-dependence in Equation 5 can be detected
by measuring the median SD. As shown in Figure 4C, the
mean SD (computed from a large data set) grows linearly in
time even when « is less than 2, as if the underlying process was
diffusive.

That the dynamics is not diffusive also impacts the mean SD,
but somewhat subtly in that its value depends on the size of the
data set (Le., the number of frequency trajectories) used to mea-
sure it. This is because while rare large jumps contribute the
mean SD in a large data set, these jumps are not observed in a
small data set (with high probability). To demonstrate this data-
size dependence, we prepare an ensemble of data sets, where
each data set consists of a given number of allele-frequency tra-
jectories. Then, for each data set, we measure the diffusion expo-
nent «, which is defined by
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Figure 4 (A) Fluctuations of neutral allele frequencies when o = 1.5 and N = 10°. For X(0) = 0.5, the median X™¢4(t) (red) is constant as well as the mean
(X(t)) (blue). (B) The median square displacement computed from a data set of 1000 trajectories. For o = 1, 1.5 and the Wright-Fisher model,

N = 108,10%, and 10° are used respectively. The straight lines represent the scaling in Equation 5. For a =1, the fitting after t = 5 is not perfect, since

t/Te = t/InN « 1is not satisfied. (C) The mean square displacement (mean SD) for different values of «. Solid lines represent linear scaling, which is
expected for a regular diffusion process. (D) Data-size dependence of the estimated diffusion exponent kesimateq for the mean SD (blue circle) and that
for the median SD (orange triangle). See the main text for the detailed explanation. The horizontal lines show k = 2 and x = 1. The bars represent the

standard deviations of Kestimated, @ = 1.3, and N = 10° are used.
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Mean SD « t*. (6)

In Figure 4D, the ensemble-averaged exponent is shown by
the blue circle. We can see that, as the data size increases, fluctu-
ations characterized by the mean SD exhibit a crossover from
super-diffusion (x = 2) to normal diffusion (k= 1). For the median
SD, by contrast, we find that its diffusion exponent x can be com-
puted reliably without any significant dependence on the size of
the data set (orange triangles in Figure 4D). For example, under
the parameter setting in Figure 4D, given a date set of 320 trajec-
tories, the diffusion exponent kestimatea Of the median SD falls
within the interval [1.45,1.57] with probability ~68%. This in turn
predicts degtimated = 452 ~ 1.32+0.05, which is close to the ac-
tual value o = 1.3.

Fixation probability

Next, we examine the effect of natural selection on the fixation
probability of beneficial mutations. We consider a mutant with
positive selective advantage s > 0 arising in a monoclonal popula-
tion. The fixation probability Pg,(s) of a single mutant depends
on the parameter o of the offspring distribution. In the Wright-
Fisher model (or equivalently, o > 2), the fixation probability can
be obtained using a diffusion approximation and is given by
Prix(S) —m, which becomes Pgy ~2s when Ns>> 1 and s is
small. When «=1, an analytic result has been recently obtained
in (Hallatschek 2018), which can be approximated as Pgy(s) ~ mi=.
For the intermediate case, 1 < a < 2, we find that the fixation
probability is given by

Pr(s) ~ 57, 7)

See Figure 5 for the numerical results. Note that since Pgy(s) — &
in the neutral limit independently of «, these results hold for suf-
ficiently strong selection, 1 < Ns#. Equation 7 can be deduced
from the balance between the selection force and an emergent
sampling bias (Equation 38 and Figure 13A).

As Equation 7 shows, for a fixed population size and selective
advantage, the fixation probability becomes smaller as «
decreases. Intuitively, this is because, for smaller «, the success
of fixation in catching a ride on a jackpot event depends more
strongly on luck than on fitness differences.

Site frequency spectrum

We return to the neutral case and present the scaling behaviors
of the neutral SFS. The SFS is often used as a convenient sum-
mary of the genetic diversity within a population. Theoretically,
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Figure 5 The fixation probability Pg, as a function of selective advantage

s. The lines are the expectations from the scaling argument in Equation
40. The population size is N = 108.

the SFS is defined in the infinite alleles model (Kimura 1969) as
the density fsrs(x) of neutral derived alleles in the population
(namely, fsps(x)dx is the number of derived alleles in the fre-
quency window [x — £, x + £]).

Figure 6 shows numencal plots of the neutral SFS for
a=1,1.5, and the Wright-Fisher model. In the standard Wright—
Fisher model, the SFS is proportional to 1/x, which decreases
monotonically as x increases. By contrast, when offspring
numbers are broadly distributed (when o < 2), the SFS is non-
monotonic with a somewhat surprising uptick toward the fixa-
tion boundary. When «=1, the analytic understandings of
asymptotic behaviors near both boundaries are well-established:
fses(x) is proportional to Tog? ear x ~ 0 and — WM near
x ~ 1, respectively ( Kosbeleva and Desai 2013; Neher and
Hallatschek 2013) (see also Appendix A).

For the intermediate case 1 < a < 2, the rare-end behavior
of the SFS has been analytically studied. From a backward ap-
proach (the A-coalescent), the authors in Berestycki et al. (2014)
showed

@ Tita-2)
B e T

®)

Here, n is a sample size and Ci(”) is the number of sites at which
variants appear i times in the sample (see Berestycki et al. 2014)
for the proportionality constant of the right-hand side of
Equation 8). By using Stirling’s approximation in Equation 8, we
have

fsrs(x) o Xg% whenx < 1. 9)

Equation 8, cannot be used for high-frequency variants, be-
cause the number of times the variants appear (i in Equation 8) is
kept finite in taking the limit of the sample size n. To the best of
our knowledge, a precise behavior at the high-frequency end for
1 < o < 2 has not been reported. As shown in Figure 7, we find
that the asymptotic form of the uptick of fsps(x) is given by

fgps (X) o' ﬁ (forl XK 1) (10)

(1
We will show that the uptick arises due to the fact that an ef-
fective sampling bias decreases as an allele-frequency trajectory
approaches the fixation boundary (Equation 42).
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Figure 6 The neutral site frequency spectrum for different values of «
and fixed population size N = 10°. When 1 < o < 2, the rare-end
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respectively (see also Figure 7).
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Figure 7 The SFSnear x=1for o = 1.3, 1.4, 1.5, 1.6 (circle, squares). The
horizontal axis is 1 — x. The solid lines are drawn assuming
fors (%) ﬁ N = 10° is used.

Mutation-drift balance

A broad offspring distribution also affects the stationary distribu-
tion of allele frequency when mutations and genetic drift are bal-
ancing one another. For simplicity, we consider symmetric
reversible mutations between two neutral allele types. We denote
the scaled mutation rate (per unit time in the continuous descrip-
tion) as 0 = Tcp, where p denotes the mutation rate per genera-
tion. In the Wright-Fisher model, it is known that the stationary
distribution is given by Kimura (1955)

Py (%) oc X211 — x)?71 (11)

There is a critical value 6'F = 1 When 0 > 0F, the distribution in
Equation 11 has a single peak at the center x = %, when 0 < 0%,
it has a U-shaped distribution, where the density is increasing
monotonically from the center to the boundaries.

Figure 8, A and B show the numerical results of the stationary
distributions for the Wright-Fisher model and o = 1.5, respec-
tively. When 1 < o < 2, while a critical value of the mutation
rate 0. exists as in the Wright-Fisher model, there is a qualita-
tively different feature: For a small mutation rate 6 < 6., the sta-
tionary distribution is not a U-shaped but an M-shaped
distribution with two peaks near the boundaries. Note that the
M-shaped distribution indicates a stochastic switching behavior,
as illustrated in Figure 8D (the blue curve). As shown in
Figure 8D, the peak positions are approximately given up to pre-
factors by

Xpeaks 1- Xpeak = 9271“ (12)

In Appendix B, we show that the M-shaped stationary distribu-
tion persists even in the presence of natural selection, provided
that selection is weaker than the sampling bias at the peaks of
the distribution.

A similar M-shaped distribution was observed for the EW pro-
cess in (Der and Plotkin 2014), wherein moments of the stationary
distribution were extensively studied. However, the origin of the
M-shaped distribution remained unclear. Below, using scaling
arguments, we explain why the bimodal distribution arises in our
case (see the argument above Equation 44).

Analytical arguments

Limiting process, transition density, and
time-dependent effective bias

We now provide analytical arguments for the observations made
in the simulations described in the first part of this paper. Our
discussion starts with an exact but somewhat unwieldy descrip-
tion of the allele frequency dynamics. We then show how exact
short-time and intermediate time asymptotics can be derived
and used to rationalize the sampling bias and the scaling laws
discovered above.

The allele frequency dynamics can be fully characterized by
the transition probability density wy(y[x) that the mutant fre-
quency changes from x to y in one generation. Since one genera-
tion consists of random offspring contributions to the seed pool
and binomial sampling from the seed pool, we have

wy(yx) = [dM [dW PMUT(M; xN)PVT(W; (1 — x)N)
X Plyinom. <yN7N (13>

v)
M+W)/*

Here, PMUT(M; xN) is the probability density that the sum of xN
random mutant offspring numbers takes the value M,
PWT(W; (1 — x)N) is that for the wild type, and Py, is the proba-
bility of getting yN successes in N trials with success probability
ik First, we will focus on the neutral case, for which PMUT and
PWT are the same function, i.e.,, PMUT(.) = PWT(.).

While the resampling distribution wy may in general behave
in complex ways, it has few options in the large N limit. These
constraints emerge from two asymptotic simplifications. First,
since M and W are the sums of many random variables, PMUT and
PWT tend to stable distributions as described by the generalized
central limit theorem (Gnedenko and Kolmogorov 1968; Uchaikin
and Zolotarev 2011) (see also Appendix C for a brief description of
the theorem). Second, the fluctuations associated with binomial
sampling become negligible compared with those induced by off-
spring number contributions to the seed pool, provided that the
offspring distribution is sufficiently broad, i.e., o < 2. Thus, we
can replace Pryinom. (YN, N,WLW) with a Dirac delta function,
8(y — 7%7). By using these facts and evaluating the integral in
Equation 13 (see Appendix D for details), we obtain a simple ana-
lytical expression of wy(y|x), which is valid in the large N limit:
When o =1 (Hallatschek 2018),

1 x(1-x)
wn(yx) = . 14
N(y‘ ) IOgN(X—y)Q ( )
Whenl < a < 2,
a—1
NT#Cyx(1 — x)% whenx <y
wn () = v (1s)
N7*Cyx(1—x)—"———= whenx >y,
(x =y

where C, = o2 *

To obtain the continuum description, we must appropriately
scale the time t with the population size N (Gardiner 2009). The
characteristic timescale (coalescent timescale) T, can be read
from the dependence of the transition density on N. Hallatschek
(2018) showed that, when «=1, the resulting limiting process is
described by,
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Figure 8 (A) Stationary distribution of the allele frequency in the Wright-Fisher model, when the mutation rate is small (6 = 0.1) and large (6 = 1.0). (B)
Stationary distribution for o = 1.5, when the mutation rate is small (6 = 0.1) and large (6 = 1.0). (C) The time-series of the allele frequency in the case of
a = 1.5, when the stationary distribution is bimodal (6 = 0.1) and unimodal (6 = 1.0). (D) The position of the peak near x =0 of the stationary distribution

versus the mutation rate u. N = 10* is used.

EP()@ 1) =— %V(X)P(X, )

o + [dx (w(x|x)P(x', 1) — w(X'|x)P(x, 1)), (16)

where the jump kermel w(x'|x) is given by

, x(1-x)
wX'x) =—5, 17
R (17)
and the advection (bias) term V(x) is given by
V(x) = —P.V. de’(x' —x)w(x'|x) = x(1 - x)log I i(x' (18)

where P.V. denotes the Cauchy principal value. It is easy to check
that Equation 16 satisfies the neutrality condition 2(X) =0 (see
Hallatschek 2018 for the calculation). Equations of the form in
Equation (14) are sometime called differential Chapman-
Kolmogorov equations (Gardiner 2009).

To develop intuition, it is useful to interpret the different
terms in Equation 16. First, V(x) has a form of frequency-
dependent selection that enhances the major allele (with fre-
quency > 50%) and suppresses the minor allele. The apparent fit-
ness differences between the mutant and wild type is given by
the log-ratio of their frequencies. Such a selection-like effect
arises because the major allele can sample the offspring number
from Py(u) more deeply than the minor allele (see Hallatschek
2018). Second, in spite of this apparent bias, the neutrality of the
whole process is maintained due to rare large jumps, character-
ized by w(y|x). This also means that the neutrality does not hold
if we focus on “typical” trajectories (see Figure 1). In fact, as we

show in Appendix A, the median xy,q of the mutant frequency,
which is a proxy of “typical” trajectories, evolves according to

%xmed(r) =V(X™d(1)) (whena=1). (19)

When 1 < o < 2, using the same reasoning as the derivation
of Equation 14 and choosing t = =&, we can obtain the follow-

CiNufW )
ing differential Chapman-Kolmogorov equation,

%P(X,T) = 7(%(\/()()13()(,1)
+ oy X (WEKPX, 1) —w(X'X)P(x,7))  (20)
where
x(lfx)% whenx < X’
W(X[x) = WX (1)
X(1-%X)——— Whenx>¥
(x —x1)
and
V(x) = 71‘ . ax' (X' — x)w(x'|x). (22)

As in Equation 16, the advection term guarantees the neutrality.
Equation 21 means that, when x < 1, rightward jumps occur
more frequently than leftward ones, and this tendency reverses
when x > 1. Noting the overall minus sign in Equation 22, this in
turn means that Veg is a bias against the minor allele (see
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Figure 1), as in the case of a=1. We will later show that when
x < 1, the median trajectory is initially decaying like AX™ed ~ —g
(Equation 2).

We note that the short-time superdiffusive behavior in
Equation 5 implies that Equation 20 cannot be simplified to a
Fokker-Planck equation. We also note that, in the limit e — 0,
two divergencies arise in Equation 20, one in the integral for
the advection velocity in Equation 22 and one in the jump inte-
gral in Equation 16. However, since both divergencies exactly
cancel, the entire right-hand side of Equation 20 is well-
defined. As shown in Appendix E, Equations 16 and 20 can also
be derived as a dual of the A-Fleming-Viot process, namely as
the adjoint operator of the backward generator (e.g., Etheridge
et al. 2010; Griffiths 2014).

Although it is difficult to study Equation 20 analytically, itis
possible to derive exact short-time and long-time asymptotics
that, combined with scaling arguments, paint a fairly compre-
hensive picture of the ensuing statistical genetics.

Short-time dynamics and fluctuations

First, we describe the transition density P(x,1t|xo,t1=0) of
Equation 20 for small times. When 1 < a < 2, the allele fre-
quency changes due to the deterministic bias V(x) and random
occurrence of jumps, sampled from the broad distribution
in Equation 21. Since the number of jump events is enormous
(~ &) even for small 7, the generalized central limit theorem
applies, and X(r) is asymptotically distributed according to a
stable distribution (Gnedenko and Kolmogorov 1968). For a
general stable distribution, its analytical expression is not
available, and only its characteristic function can be expressed
analytically. As we show in Appendix F, the random displace-
ment AX(t) = X(1) — Xo can be expressed as

AX(t) = X(t) — X0 = Y(1,%0)Z. (23)

Here Z is sampled from the stable distribution p(z) whose charac-
teristic function (e*?) = [ dze*?p(z) is given by

() — exp {_‘Hv(l —iB(xo) tan %sign(k))} ; (24)

and the scale parameter y(t,x) and the skewness parameter p(x)
are respectively given by

1
s fx(1—x)"+ (1 -x)x*)\"
=1 - 25
(nx) =z ( 2I (o + 1) sin & ’ (25)
A 200, - B
1000 — t=25
= %0 =10 o
~ 600 g
8 | —t=35 g
~— et
=i 400: SRR
200| R

P I 0. g ond
0.000 0.002  0.004 0.006 0.008
Allele frequency X

Generations

O x(1=x)*=x*(1-x)
(1 -x) +x(1-x0"

B() (26)

Note that statistical properties of Z are independent of t, and
AX(t) depends on t via the scale parameter y(t,Xo). As shown in
Figure 9A, for small times, the transition density P(x,t|Xo,T = 0)
computed from the stable distribution agrees precisely with nu-
merical simulation results in the discrete-time model. Our result
can be regarded as a counterpart of the Gaussian approximation
often employed for the Wright-Fisher diffusion (see Tataru et al.
2017 and the references therein).

Now, we study the mean and median of the allele frequency
using the short-time expression. The mean does not change in
time since (AX(1)) = y(1,X0){Z) = 0, which is consistent with the
neutrality. On the other hand, the median changes as

AX™e (1) = y(1,%0) 2™ (o), (27)

where Z™¢4(x,) denotes the median of Z. Z™¢4(x,) depends on xo
via B(xo) (see Equation 24), and Z™4(x,) SO for xo S 3. Equation 27
agrees with numerical simulations in the discrete-time model,
while X(t) is close to the initial frequency xo (see the red and
black curves in Figure 9B).

The scaling property AX(t) « w in Equation 2 immediately
follows from Equation 27, since y « . This scaling implies that
there is a time-dependent bias driving the median of the allele
frequency. Differentiating Equation 27 with respect to time
gives

d

o X™ed (1) = Vege (1) (28)

where the effective time-dependent bias Vg (1) is given by

oy(t, X
Verr (1) = %me(xo} (29)
Near the boundaries x=0 and x=1, Veg(t) is approximately

given by

—k T?l (x<1)
Vere (1) = v , (30)
p (1= Xo)*
Tl

_ |Zmed(x9=0)]|
where k = £ %=0)| (2r( n

o o+1) sin %X

1, "
)’ is a positive constant.
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Figure 9 (A) The allele frequency distribution p(x, t|xo = 0.005) at generation t = 5, 10, 35, for o = 1.5. The solid lines denote the short-time transition
densities given by Equations 21 and 22, and the open markers denote those computed from 10,000 allele frequency trajectories in the discrete-time
model. (B) The initial dynamics of the median of the allele frequency (black). The red and blue lines denote the short-time solution in Equation 25 and
the long-time solution in Equation 35, where constants of integration and the prefactor of Equation 36 are determined by fitting to the discrete-time
model (black line) between 40 < t < 800. (C) The overall trajectory to extinction. The color scheme is the same as that in (B). In (A-C),

o =15, N =10, xo = 0.005 are used.
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Figure 10 Schematic explanation of the effective time-dependent bias
Vese(1). The black curve shows the jump rate w(y|x) in Equation 19 when
X < 1.In a time t, small jumps within the region [y_(t),y.(t)] are likely to
occur, offsetting a part of the original bias V(x). Veg(7) is the residual part
of the bias.

The advection term arises from a sampling bias

Intuitively, the time-dependent bias V.g(t) arises from a time-
dependence of the largest sampled offspring number (Figure 10).
To see this, consider a typical trajectory of the allele frequency
starting from x. Up to a short time 7, only jumps from x to y €
[y-(1),y+(7)] are likely to occur, where y_(t) and y. () can be esti-
mated by the extremal criterion (Krapivsky et al. 2010),

y-(1) (1
T X J w(yx)dy ~1, 1x J w(yx)dy ~ 1. (31)
0

v+ (1)

These conditions give

X X+

B~y y+(t) ~ > (32)
14 (1(1;x>) 1+

y-(v) ~

Because these small jumps cancel a part of the bias V(x) in
Equation 22, the typical trajectory is then driven by the uncan-
celed residual part of the bias V(x),

== 0 - ) wiykdy. 3)
Ye[0y- (DU« (1).1]

When x <« 1, the dominant contribution to this integral is from
y ~y+(1). Using u1)(y|x) ~ W from the first line of Equation 21
and y; —x ~ (1x)* from Equation 312, the above integral can be
evaluated as Vg ~ —ﬁ~ —rxﬁ which agrees with Vs in
Equation 30 for x < 1 (up to the factor ). When 1—-x < 1, the
dominant contribution to Vi is from y ~ y_(t) and can be evalu-
ated in a similar way, reproducing Vs in Equation 30 for
1-x< 1L

One interpretation of Equation 33 is that the bias V(x) in
Equation 22 is mitigated by small jumps in a short time, and
therefore, the integration over small jumps is excluded in
Equation 33. Another interpretation is that, for typical short-time
dynamics, small jumps and the bias V(x) are relevant, and, from
the overall neutrality, the change caused by these two is equal to
the negative of that caused by large jumps, thus resulting in
Equation 33.

Allele frequency fluctuations are inconsistent with the
Wright-Fisher diffusion

In the simulations, we found that, for 1 < a < 2, allele frequency
fluctuations are inconsistent with the Wright-Fisher diffusion
and characterized by super-diffusion with diffusion exponent 2
(see Equation 5). This finding is readily explained by the short-
time asymptotic in Equation 23. Recalling y « w (Equation 25)
and statistical properties of Z are independent of t, we obtain

Median SD = (1, x0)’M[Z?] x T (34)

This scaling can also be justified heuristically by noting that,
for 1 < o < 2, the square displacement is dominated by large
jumps. During time r, an allele frequency X(r) around x typically
jumps to y. given in Equation 32. When 1 < 1, it is easy to see
ly+ — x| ~ = with x-dependent prefactors. Because the median SD
is dominated by the largest displacements, it can be evaluated as

Median SD ~ (y+ (1) — X)? ~ 4, (35)

where 1 = £ <« 1is assumed.
-

Long-time dynamics and extinction time

Above, we saw that at short times, allele frequencies carry out an
unconstrained Levy flight. This random search process, however,
gets distorted as soon as the allele frequency starts to getin reach
of one of the absorbing boundaries. Interestingly, the dynamics
then enters a universal intermediate asymptotic regime that con-
trols both the characteristic extinction time as well as establish-
ment times and fixation probabilities.

To see this, let us consider the extinction dynamics of a trajec-
tory starting from a small frequency xo < 1 (Figure 4). At short
times, we can apply the short-time asymptotics in Equations 28
and 30. We expect Equations 28 and 30 to break down when the
displacement AX™¢d(1) computed from Equation 28 becomes
comparable to xo, which occurs at t ~ T = x4 1. By taking a
coarse-grained view, the rate of the frequency change in tgor iS
roughly given by

AXmed
~ x5 (36)

Tshort

This suggests that, in a long timescale (t = t5p0rt), the median fre-
quency decreases as

% XA () = Vo (XM (1)) (for X < 1), (37)

where, up to a prefactor, the frequency-dependent bias V¢ (X) is
given by

Vet (X) ~ =X (38)

In Figure 9C, it is numerically shown that the long-time trajectory
Xmed(1 > 14,4) 1S consistent with Equation 37. By solving
Equation 37, the median trajectory goes to extinction at text ~
x3~! (Equation 3), in agreement with our simulations (Figure 4).
Note that, for 1 —x <« 1, the bias in Equation 38 is replaced by
Verr (X) ~ (1= X)"
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Figure 11 (A) Log plot of P(x,1|xo = 0.01) at generations

t =700, 1100, 1500, 1900 computed from the discrete-time model.

N =10’ and o = 1.5. (B) Log-log plot of ©?"P(x, t|xo = 0.01) versus

£ = x/1", where n = (o« — 1)%, at t = 700, 1100, 1500, 1900 (solid curves).
The dashed curve represents the analytic result of g(&) (see Appendix F).
The curves t*"P(x,1|Xo = 0.01) at the different time points collapse into
g(&), supporting the scaling ansatz in Equation 37.

Importantly, Equations 37 and 38 can also be rigorously justi-
fied from a scaling ansatz for the transition density. After some
time, P(x,1|Xo) spreads broadly over the region x « 1 with a peak
at x=0 (Figure 11A). As shown in Figure 11B, P(x, 1) is consistent
with the following scaling ansatz;

P(x,7) ~ 1 Mg(¢) (forx < 1), (39)
where n = 215 and g(§) is a function of § = . Up to an overall con-
stant, g(&) can be determined analytically and expressed as an in-
finite series (see Appendix F). Note that the t-dependent factor in
Equation 39 is motivated from the fact that the extent over which
the distribution spreads increases like t. Equation 39 implies
that, conditional on establishment at t, the median frequency
increases as X™®4(t)|ograprisn ~ T". Then, Equation 38 follows by
evaluating the bias in Equation 28 at t ~ (Xmed)% and at X™ed in-
stead of at xo.

As a consistency check of the exponent o — 1 in Equation 3, we
consider two solvable, extreme cases. First, in the limit o — 2, the
dependence on X, in Equation 3 becomes linear. In the Wright-
Fisher model, the mean extinction time can be obtained analyti-
cally by solving the backward equation —1 =x(1 — x)% (see,
e.g., Karlin and Taylor 1981). The solution is proportional to xo
with a logarithmic correction, text &~ —Xologxo. Second, when
o — 1, the mean extinction time no longer depends on xo. We can
obtain this explicitly, by solving Equation 17: Using V(X) ~ X log X
when X « 1, the solution is given by log % = 1. Therefore, if
we approximately define the mean extinction time tex as
X(Text) & &, We obtain tex ~ log log_ log logN, which is to

—Togxo
leading order independent of x, if X, is taken to be of order one.

Natural selection and fixation probability

One important advantage of the forward-time perspective is that
we account for natural selection by introducing an appropriate
bias favoring of the beneficial variant. Suppose that the mutant
type has a selective advantage s> 0, such that the average off-
spring number of mutants is increased by a factor of 1 + s relative
to the wild type. In time-rescaled Chapman-Kolmogorov equa-
tion, this adds the term ox(1 — x), where ¢ = Tcs, into the advec-
tion V(x) of Equation 20.

The key observation underlying the argument below is that
when X is sufficiently small, the selection force ox(1 — x) ~ ¢X is
negligible compared to the bias Vg(X) ~ —X2~* in Equation 38
because, while the former is approximately linear in X, the latter
is sublinear. If the frequency happens to grow and reach a certain

i

e
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Figure 12 Example of trajectories of the frequency of the beneficial
allele, starting from xo = 0.05, & = 1.5,5 = 0.03, and N =5000. Fixed
trajectories are colored in blue and extinct ones in gray. Here, the
crossover point X, can be estimated as X. ~ 0.2, assuming that the
proportional constant in Equation 39 is one. Once a trajectory reaches
the crossover point, it becomes fixed in high probability.

Effective bias X
[ ————

Selection

Effective bias X
U= —
Mutation

Figure 13 (A) The crossover from the effective bias to genuine selection.
V(X) ~ —CX*™* 4 X is plotted, where C is a positive coefficient and

o > 0. Deterministically, an unstable point exists at x ~ X.. (B) The
balance between the effective bias and mutation. V(X) ~ —CX?*~* + 0 is
plotted. Deterministically, a stable point exists at X ~ 6%~

value X, the genuine selection begins to dominate over the bias,
and the trajectory fixes with high probability (see Figure 12 for ex-
ample trajectories and Figure 13A). By using Equation 38, the
crossover point X, can be estimated from the balance between
the selection force and the sampling bias V¢ (X),

oX = —Veg(X) ~ X2, (40)

which gives

Xe~ o

_1S —
=S

(41)

For X « X,, the dynamics are essentially neutral (described by
Equation 20), while, for X > X, the trajectory grows almost deter-
ministically. Therefore, the fixation probability Pgy, of a beneficial
mutation can be estimated by using the neutral fixation probabil-
ity in a population of size ~NX.. Although the full dynamics in
Equation 20 is difficult to analyze, it is obvious that the neutral
fixation probability is equal to the inverse of the population size.
Therefore, we have

1 N
Pry ~ N_XC ~ Sull’ (42)

which is valid for § « s71. Equation 42 reproduces our simulation
results in Figure 5 for 1 < o < 2 and, as o — 2, also reproduces
the known result of the Wright-Fisher model, PIF ~ 2s (up to a
prefactor).
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Site frequency spectrum

By using the time-dependent effective bias, we can also estimate
the behavior of the SFS fsps(x) for frequent and rare variants.
While the SFS is theoretically defined in the infinite alleles model,
it can be computed from our biallelic framework (Ewens 1963):
fsrs(X)Ax is defined as the expected number of neutral derived
alleles in the frequency interval [x — 4%, x — 4] in a sampled popu-
lation (here, the whole population). Because new mutations are
assumed to arise uniformly in time, the SFS for unlinked neutral
loci is given by the product of the total mutation rate uN and the
mean sojourn time, namely, the average time an allele spends in
the frequency interval [x — 4%, x — 4] until fixation or extinction.

First, we consider the low-frequency end, x <« 1, of the SFS
(see Cvijovi¢ et al. 2018 for a similar argument). Since the SFS is
proportional to the sojourn time, trajectories whose maximum
frequencies are x or slightly larger than x dominantly contribute
to the SFS fsrs(x) at x. Since these trajectories typically go extinct
due to the bias, and we can roughly estimate their sojourn times
at x as the inverse of “velocity”, [Ves(x)| ~ x2™* in Equation 38.
Since the probability that a trajectory grows above a frequency x
is roughly given by ~1/(Nx), the SFS is proportional to

_r
NxVeg(x) X7

(forx <« 1). (43)

Similarly, for the high-frequency end of the SFS, only the tra-
jectories that grow above x can contribute to feps(x). Typically,
these trajectories go to fixation due to the bias
Veer(X) ~ (1 — x)*™*. Therefore, the SFS is proportional to

1 1
= o 7o
NxVeg(x)  (1-x)

(for1-x<1). (44)

The effect of the genuine selection on the SFS can also be
studied by using the effective bias. See Appendix G.

Bimodality of stationary distribution

Now, we turn to explaining the bimodality observed at mutation-
drift balance. We found that, when the mutation rates are small,
the stationary allele frequency distribution is not a U-shaped, as
expected from the Wright-Fisher dynamics, but M-shaped, as
shown in Figure 8. The M-shaped distribution arises from the bal-
ance between the mutational force and the effective bias (see
Figure 13B). In the Chapman-Kolmogorov equation, the muta-
tional force is given by

+6 (x<1)

0 (1-x<1), (45)

76X+6(17X)z{

which pushes the frequency toward the center x = 1. On the other
hand, the effective bias, Ve (x) &~ —x2* for x < 1 and Ver(x) ~
(1-x)>" for 1—x< 1, pushes a trajectory toward the closer
boundary. Therefore, the positions where these two forces bal-
ance are approximately given by

Xpeak ~ €077, 1 — 73, (46)

where cis a positive constant. If 0 is sufficiently small, we can al-
ways find the balancing points. The presence of these two bal-
ancing points means that we can think of the allele frequency
dynamics as a two-state system, essentially analogous to a
super-diffusing particle in a double-well potential (see Figure 8C

for a realization of trajectories). This explains the bimodal shape
of the stationary distribution.

Finally, we remark that, even in the presence of natural selec-
tion, the balancing positions are still determined from the
mutation-effective bias balance provided that 6 < 1: while the ef-
fective bias and the mutational term are sub-linear and constant
respectively, the selection term ox(1—x) is linear in x when
X < 1. Thus, when 0 is sufficiently small, the magnitude of the se-
lection term around x = c675, 1 — 75 is negligible, and the peak
positions are given by Equation 46.

Discussion

In this study, we analyzed the effect of power law offspring distri-
butions on the competition of two mutually exclusive alleles. Our
main reason to consider such broad offspring distributions is that
they often emerge in evolutionary scenarios that inflate the re-
productive value (Barton and Etheridge 2011) of a small set of
founders. For example, range expansions blow up the descendant
numbers of the most advanced individuals in the front of the
population, an effect that has been called gene surfing
(Hallatschek and Nelson 2008). Likewise, continual rampant ad-
aptation boosts the descendant numbers of the most fit individu-
als. The resulting allele frequency dynamics becomes
asymptotically similar to that of a population with scale-free off-
spring distributions.

In the case of narrow offspring distributions, which is predom-
inant assumption in population genetics, it is usually an excel-
lent approximation to describe the allele frequency dynamics by
a biased diffusion process, which forms the basis of powerful in-
ference frameworks (Tataru et al. 2017). If the offspring distribu-
tion is broad, however, allele frequency trajectories are disrupted
by discontinuous jumps, resulting from so-called jackpot
events—exceptionally large family sizes drawn by chance from
the offspring distribution. Our goal was to find an analytical and
intuitive framework within which we can understand the main
features of these unusual dynamics.

We found that the main counter-intuitive features can be un-
derstood and well-approximated from a competition of selection
and mutations with a time-dependent emergent sampling bias,
Vegr(t). The sampling bias favors the major allele and arises, be-
cause the sub-population carrying the major allele typically sam-
ples deeper into the tail of the offspring distribution than the
minor allele fraction.

In the remainder, we first summarize the unusual population
genetic patterns that can be explained by the action of these ef-
fective forces. We then discuss how broad offspring dynamics
could be detected in natural populations and what its implica-
tions are for the dynamics of adaptation. Finally, we demonstrate
that these dynamics are also ubiquitous in populations with
narrow offspring distributions, when mutational jackpots are
possible. Therefore, we believe our theoretical framework
may be taken as a general null model for populations far from
equilibrium.

Unusual dynamics

We found that the sampling bias effectively acts like time- and
frequency-dependent selection. In the absence of true selection,
Ve (%, 7) drives the major allele to fixation, first rapidly and than
gradually slowing down with time and proximity to fixation. The
slowing down of the sampling bias near fixation also leads to an
excess of high-frequency alleles, given continual influx of neutral
mutations. This generates a high-frequency uptick in the SFS,
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which is characteristic of the tail of the offspring distribution. In
mutation-drift balance, the allele frequency distribution is M-
shaped, in contrast to the U-shape expected from the Wright-
Fisher dynamics. The peaks reflect the balance of the mutational
and sampling bias.

Non-neutral dynamics depends on whether the genuine selec-
tion force dominates over the sampling bias. The sampling bias
tends to dominate near extinction or fixation, and wanes near
50% frequency. A de novo beneficial allele will not be able to fix
unless it overcomes, by chance, the switch-point frequency at
which genuine selection becomes stronger than the sampling
bias. Finally, fluctuations in typical trajectories are getting stron-
ger over time. As a consequence, allele frequencies super-diffuse:
fluctuations grow with time more rapidly than under the Wright-
Fisher diffusion.

Detecting dynamics driven by broad offspring
distributions

The time-dependent over-dispersion is most readily detected by
plotting the median square displacement as a function of time
(see Figure 4B). Testing deviations in this statistic is an attractive
avenue for detecting deviations from the Wright-Fisher diffusion
because the signal is strong for intermediate allele frequencies,
which can be accurately measured by population sequencing. By
contrast, the time-dependent bias vanishes when an allele has
50% frequency. So, the detection of the sampling bias requires ac-
curate time series data of low frequency variants, which is diffi-
cult to obtain given sequencing errors.

It is clear that a single super-diffusing but neutral allele would
not abide by the diffusive Wright-Fisher null model and thus
might be falsely considered as an allele under selection. But im-
portantly, allele super-diffusion has an impact even on statistics
that sum over many unlinked loci. This is significant for infer-
ence methods, for instance to detect polygenic selection, which
argue that trait values follow a diffusion process, if not for an un-
derlying Wright-Fisher dynamics of the allele frequencies then
because they sum over many independent allele frequencies
(Berg and Coop 2014). However, o < 2 dynamics breaks both of
these arguments. In particular, sums of many unlinked loci tend
to non-Gaussian distributions (so-called alpha-stable distribu-
tions). Hence, for traditional inference methods based on the
Wright-Fisher diffusion or standard central limit theorem
(Tataru et al. 2017), an underlying super-diffusion process should
be ruled out.

If time serles are not available, broad offspring numbers can
also be detected from the SFS (Neher and Hallatschek 2013). A
tail-tale sign of the sampling bias is a characteristic uptick at the
high-frequency tail of the SFS, which is difficult to generate by
demographic variation (Neher and Hallatschek 2013). As we have
shown, the shape of the uptick is characteristic of the tail of the
offspring distribution (the parameter ).

Implications for the dynamics of adaptation

We found that the fixation probabilities quite sensitively depends
on the broadness « of the offspring distribution (Equation 42).
Accordingly, the dynamics of adaptation, which ultimately
depends on the fixation of beneficial variants, should change
quantitatively. To estimate these modifications, we consider an
asexual population of constant size N with a broad offspring dis-
tribution with 1 < a < 2, wherein beneficial mutations occur at
the rate pg. For low mutation rates, mutations sweep one after
the other but when mutation rate are sufficiently high, multiple

mutations occur and most mutations are outcompeted by fitter
mutations. Such a situation is known as clonal interference.

We can study the effect of the exponent « on the adaptation
dynamics quantitatively by repeating the argument in Desai and
Fisher (2007), wherein the variance of offspring numbers is as-
sumed to be narrow. As discussed in Appendix H, clonal interfer-
ence should occur if

uzNsTn(Ns¥1) =1 (clonalinterference), 47)

where s> 0 is the fitness effect of a mutation, which we assume
to be constant. The rate R of adaptation is given by

ppNs1  (successive selective sweeps)
R ~ { 252In(Ns#1)
(Ins)?

(clonalinterference) (48)

Note that the second line in Equation 48 reproduces Equation 5 of
Desai and Fisher (2007) in the limit o — 2. Thus, the rate of adap-
tation depends only weakly (logarithmically) on o in the clonal in-
terference regime, even though the condition for clonal
interference in Equation 47 depends on o quite sensitively.

Emergence of skewed offspring distributions in
models of range expansions

Our study can be regarded as an analysis of the population genet-
ics induced by power-law offspring distributions. The main rea-
son to consider these scale-free offspring distributions is that
they quite generally emerge in models of stochastic traveling
waves (Birzu et al. 2018). Such models are ubiquitous in popula-
tion genetics because they describe a wide range of evolutionary
scenarios, including range expansions, rampant asexual and sex-
ual adaptation as well as Muller’s ratchet (Brunet et al. 2007;
Desai et al. 2013; Kosheleva and Desai 2013; Neher and
Hallatschek 2013; Schweinsberg 2017; Birzu et al. 2018). Our
analysis should therefore apply most directly to these evolution-
ary scenarios, which we now demonstrate using a simple model
of a range expansion. We end by discussing the question of
whether some of our results may also arise in scale-rich offspring
distributions.

Birzu et al. (2018) argued that any exponent 1 < a < 2 can
emerge in a simple model of range expansions that incorporates
a tunable level of cooperativity between individuals (Figure 14A).
The model can be described by a generalized stochastic Fisher—
Kolmogorov equation

on *n .
i D@ + r(n)n + noise, (49)
for the time-dependent population density n(x, t) at position x in
a linear habitat and time t. The growth rate r(n) is assumed to be
density-dependent, with

r(n) =y (1 - %) (1 + B%>, (50)

where the parameter B > 0 accounts for co-operativity among
individuals, which is also called an Allee effect. As discussed in
Hallatschek (2018), lineages in the region of the wave tip are dif-
fusively mixed within the timescale 1, ~ }lnzK\/é. This implies
that, in this microscopic model, resampling from an offspring dis-
tribution roughly occurs every t,ix generations. In Birzu et al
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Figure 14 (A) The model of a range expanding population with two neutral alleles (green and gray). A broad offspring distribution arises dynamically in
the front region. (B) Stationary distributions of the allele frequency when mutation rate 0 is small (blue) and when 0 is large (orange). The wiggling lines
(blue/orange) are the numerical results in the traveling wave model, while the dotted lines (black) are those in the macroscopic model. The parameters
of the Allee effect B are B=1 (left), 3 (middle), and 8 (right). See Appendix I for the details of the implementation of the simulation and other parameter

values.

(2018, 2021), it was argued that depending on the strength of the
Allee effect, the offspring distributions corresponding to any of
the three distinct classes of the beta coalescent process can arise;
namely, the Bolthausen-Sznitman coalescent when B<?2, the
beta coalescent with 1 < o <2 when 2 < B < 4, and the
Kingman coalescent when B > 4.

To demonstrate clearly that our present study can serve as a
macroscopic analysis of the traveling model, we introduce revers-
ible mutations in the traveling wave model and measured the
mutant frequency of the first N ~ ¥ individuals from the edge of
the front. Here, k is the spatial decay rate, i.e., n ~ e % where % is
the coordinate comoving with the expansion. This definition
of the mutant frequency is reasonable because only the wave
front has a skewed offspring distribution due to the founder ef-
fect. In Figure 14B, for B=1 (left), 3 (middle), and 8 (right), the fre-
quency distributions in the traveling wave model are shown
when the mutation rate is small (orange jagged line) and when it
is large (blue jagged line). The corresponding distributions in the
macroscopic model are shown by black dotted lines. The station-
ary distributions in the traveling wave model agree well with
those in the macroscopic model. Especially, the transition from
the M-shaped or U-shaped distribution to the monomodal distri-
bution is consistently reproduced in the traveling wave model.
These results underscore the correspondence between the travel-
ing wave with the Allee effect and the beta coalescent process.

The above-described correspondence suggests that the spatial
area occupied by one allele type in a range expansion should be-
have statistically like the time-integral over the allele frequency
in the Cannings model. In the context of adapting (non-spatial)
populations, this quantity describes the total number of muta-
tional opportunities of a mutant lineage (Desai and Fisher 2007;
Weissman et al. 2009; Neher and Shraiman 2011). As presented in
Appendix ], the distribution of the time-integrated frequency
exhibits a scaling behavior that depends on the offspring distribu-
tion sensitively. While a full discussion is beyond the scope of
this paper, we expect that the distribution of areas serves as a
useful observable to distinguish different prototypes of traveling
waves (Birzu et al. 2018).

Broad offspring distributions with a scale: While scale-free off-
spring distributions often emerge over an intermediate time scale
(tmix in the above traveling wave model), there are also species
that over single generations show broad offspring numbers and
violate the Wright-Fisher diffusion. For such species, it may be
more natural to consider offspring distribution with a character-
istic scale. In ‘sweepstake’ reproduction (Eldon and Wakeley
2006), a fixed and finite fraction of the population is replaced at
every sweepstake event (specified by the parameter ¥ in Eldon

and Wakeley (2006)). Because W sets a characteristic scale in off-
spring numbers, power law relationships for the median of allele
frequencies as well as frequency fluctuations cannot be
expected, which we confirm in Appendix K. Nevertheless, the
qualitative features of a sampling bias can be recognized quite
clearly for sweepstake reproduction as well.

Either type of model ultimately is an approximation to true
offspring distributions, and it depends on the situation, which
one to use. As we argued, the beta-coalescent along with the
forward-in-time model described in this article is the natural
choice for range expansions, rapid adaptive process or other sce-
narios where the reproductive value of a chosen few are highly
inflated.
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Appendix A: Analytic results in the marginal
casea =1

Although the main target of our present study is the case of
1 < a < 2, we here provide analytical results for «=1, which
have not been derived before.

Site frequency spectrum in the presence of
genuine selection

The transition density for a=1 in the presence of natural selec-
tion is derived in Hallatschek (2018) (see Kosheleva and Desai
2013 for neutral case). In x space, it is given by

1 sinmn
G° = — (A1
(x, 7o) 2nx(1 - x) cos mn + cosh[nlog ££ —log %2’ (A1)

1—Xo

where n =e * and o is the selective advantage [there is an erra-
tum in Equation 38 in Hallatschek (2018)].

For the purpose of computing the SFS (or, equivalently, the
mean sojourn time), we set xo = 1/N. Since we are considering
the large N limit, the denominator of Equation A.1 can be rewrit-
ten as

e°x e°x,
cosnn + cosh [nlog T—x~ log 0 }

17}(0

1 X 1 x \"
~ _ _ _ = -6(1-n)
2exp[n log 1% o(1—mn) + logN] 2N< ) e .

1-x
(A.2)
Thus, the transition density for xo = {; can be written as
1 e® sinnn
G
==)=— A.
GTxmxo = 9)= xd = (Eeo). (A-3)
Near the boundaries, this can be approximated as
e sinmn
1 - (x<1)
Go(x,m|xo = N): anegxe ) .
_— — —C 1 —
NA=%) (1=x)e %) 'sinmn (1-x<1).
(A.4)

The SFS is given by fsrs(x) = Np x t(x), where u is the mutation
rate per generation, and t(x) is the mean sojourn time density,
which is given by

b 1 Ldn
t(x) = | dtG°(x, x:fzj—G"& X
00 = | a7 o = )= [ e

Gl :
e jdnsmnn

— oy (&1
nNx Jo n (xe°) (A5)

e’ Tdn . o
MLFSHKW)(M—X)@ M (L-x< ).

Next, we compute the integrals in Equation A.5, asymptotically
close to the absorbing boundaries (see Equation A.14 for the final
results). To evaluate Equation A.5 for x « 1, we first consider the
integral,

1
= [ dnexpf(n). (A6)
Jo

When f(n) has a sharp peak at n = n*, we approximate this in-
tegral as

2n
I ~ ™) A7
TR A7)
In our case,

f(n) = —logn —log(e)n + log sin nn (A.8)
where e=xe°. f(n) takes the maximum value at
n=n'~l+gt At n=n" f(n')~-loge—1+log&° and
") ~1- sz% ~ log2e. The saddle-point evaluation in

Equation A7 is precise when e < 1. By using these expressions, I
can be evaluated as

L~ V2n o1 —T _ \/21‘[1‘[@2*1. (A9>
—loge  eloge elog?e
10° N
(rlogx)? B
= o=0
S
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Figure A1 The SFS fsps(x)/p Wwhen o= 1 for the selective advantage

o =—2,0,2. fsrs(x) is obtained by numerically evaluating the exact
expression of t(x) in the first line of Equation A.5. As x — 0, f(x) becomes
independent of ¢. Near x =1, while the magnitude of f(x) depends on ¢,
the scaling behavior (slope in the log-log plot) does not. See Equation
Al4.

By setting e = xe°, we find

N V2me ! V2re ! 1
Jors(x~0) ~ (x(logx + 5))? g (xlogx)? xH (xlogx)?’ (A.10)

Next, to evaluate Equation A.5 for the high-frequency end, we
consider the following integral

1
IL= J dn sin(nn)en. (A.11)

omn

When e < 1, the integrand takes the maximum value at the
boundary n=0. Thus,

n(-1+€ -m
loge  loge’

1
I~ J dn re" — (A.12)
0

By setting e = (1 — x)e~°, we find

n* is obtained from 0= f'(n*) = —q% —log(e) + i & —log(e) +
—log(e) + ﬁ

—L
tanmn*

Although the magnitudes of -1 and log Tog< are small compared to —loge,

we need to retain these two terms becausé f(n*) contributes to I, through
J(n*)
€ .
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e e®
Josx 1)~ b o= o)~ NI =0 logd = x)’
(A.13)
In summary, the SFS in Equation A.5 is given by
1 (forx <« 1,e7°)
" (xlogx)? '
fers(x) ~ o (A.14)
P forl —x < 1,e°)
u(1—><)log(1—x) ( T

Note that the dependence on ¢ disappears when x « 1. Figure Al
shows the plots of the SFS.

For comparison, we write the SFS for the Wright-Fisher model
(o> 2) (see, e.g., Crow and Kimura 1970; Evans et al. 2007);

620(1 _ e—Zc(l—x))
(e —1)x(1—-x)° (A.15)
The asymptotic forms near the boundaries are given by

WE () {9% (forx < 1)

5 06(1 + cothe)(1+ (o — 1)(x— 1), (forl—x< 1,|ol(1—x) < 1)

where we have expanded the SFS around x=1 up to the sub-
leading order. For a sufficiently strong selection (o > 1), the SFS
increases with x at the high-frequency end. However, unlike the
case of a < 2, the increase is not strong and the SFS approaches
the constant o(1 + cotho) as x — 1.

Dynamics of the median of allele frequencies
When «=1, we can derive a simple differential equation that de-
scribed the median of trajectories. In the logit space, the transi-
tion density is given by

sin p

GV pl¥o) = 2n{ cosn + cosh[p(¥ + &) — (Vo + )]}

(A.16)

where p = e~*. The median Y™ (at a given time point p) is char-
acterized by

q,;med

| ctvpvoay =3,

(A.17)

From the symmetry of cosh, the median is given by the peak of
the transition density;

ypmed — g +%(w0 + o). (A.18)

By differentiating Equation A.18 with respect to p and eliminating
Vo, We obtain

d 1 1
—pmed = —?(\l’o +0)= —E(‘Pmd +0).

- (A.19)

Noting that £ = —p £, we find

J%AyHWd;:\pmed+,GA

- (A.20)

Since the median is invariant under a coordinate transforma-
tion, the median X™*d in the x space is simply related with ¥™ed
via the logit transformation, log S(“—efed = ymed By differentiating
this with respect to time and using Equation A.20, we obtain

d Xmed

7Xmed _ Xmed(1 _ Xmed)(

T +0). (A.21)

1Og 1 — Xmed

Allele frequency dynamics conditioned on
fixation

By using Bayes’ theorem, the probability distribution of the allele
frequency conditioned on fixation can be written as

. — 1
P(x, |0, fixation) = P(x, 1, fixation|xg) x P(fixation|xg)

P(fixation|x)
P(fixation|xp)

(A.22)

= P(x,1|X0) X (A.23)

The fixation probability for the initial frequency x, is given by
(see Hallatschek 2018)

Xpe®

P(fixation|xq) = Trxo(e 1)

(A.24)

In particular, the fixation probability of a single mutant is given
by

P(fixation|xo = 1 !

S~ (A.25)

By using Equation A.24, the conditioned probability in Equation
A.231s computed as

— 1 xe° 1+x0(e°—1)
P(x, t|xo, fixat: =
(, tixo, fixation) 2nx(1 - x) Ty x(ec —1) * Xoe°
sintp
X e°x e%Xo
cos mp + cosh |plog 1—x71 g7 —Xo}
1 1+x0(e° —1) sinmp

- 2nxo(1—x) 1+ x(e° — 1)

e°Xp ]
1-— X0 '
(A.26)

cosmp + cosh [plog % —log

Appendix B: Stationary distributions of trav-
eling wave model in the presence of natural
selection

In Figure 14 of the main text, the mutant allele is assumed be
neutral. Here, we provide the results in the case where mutants
have a fitness advantage ¢ (Figure B1). As in the main text, sym-
metrically reversible mutations are assumed.

Appendix C: Generalized central limit
theorem

Here, we briefly summarize the generalized central limit theorem
(Gnedenko and Kolmogorov 1968; Uchaikin and Zolotarev 1999).



18 | GENETICS, 2021, Vol. 219, No. 4

O ITTwWE . S WF 0 g0l - WF 1
30 i a=1 40 a=1 H | a=1 i
1 ! I 1
8 =0.1 | a=15 30 a=15 o 60 a=15 |
— M 201 : I 1
i 20 i 40f ]
104 . 3
! 105 i 20
T O g g !
00 02 04 06 00 02 04 06 08 10 00 02 04 06 08 10
20:. _____ T S T i e
N a=% ; 20 a=1 8 a=1
1.5 o, R " sumaiy 5 .
0 =1 [ ,-C:;;l.& -A.‘_:\ | 45 a=1.5u i ;\\ W a=1.5 /‘.‘_\‘
1.0} N | 7 3| e
. ] Va kY 2; P TR
I | Py \ : p 1
Bl 08k 7 I | Lo
0.0k S 00T L N ——— &
00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10
=7 30_ S L i
25f ~reoT WF o WF e WF
20 o= 20 =1 ’ a=1
15 a=1.5 a=15 20} a=15
§=5 G 15
10 10 10}
5 b 5 prl 51
O SRR ocCil) S O (- C W | | O—— 1.0/ (), W o/ TR 0 ________.,_.-..-"—"’ i \-'I:-. _______
00 02 04 06 08 10 00 02 04 06 08 10 Qo 02 04 06 08 10

Figure B1 The stationary distributions of the mutant frequency for 6 =0.1,1,5. 6 = 0, 1, 5. ¢ is the selection coefficient in the time-continuous

description, ¢ = sT.

Suppose that each random number u; is sampled from the Pareto
o

distribution P(u) =% (u>1) and consider the shifted and
rescaled random variable {;

— Zinzl Uj — an
= D ; (C.1)
where a, and b,, are
1/a

(n :O7 bn = (ng%) for0 < o < 1,
an =nlogn, b, = In fora =1,

o b 2 T 1/o f (CZ)
an:ailn, n:<m> or1<a<2,
an:auln:m, by = (nlogn)/?  foro=2.

It is well-known that the distribution of { is well-approximated by
the a-stable distribution, which we denote as P,({). While an ex-

plicit expression of P,(() is not available in general, the character-
istic function is given by

() = [ dLe™ Py (C)

e 2
exp[~[s|"(1 +isgn(s) logls)]  (x=1) forn — oo

(x#1)

(©3)
exp[—|s|*(1 — i sgn(s) tan %)]

Appendix D: The transition density of an

allele frequency wy(y|x) and the asymptotic
dynamics for large N

Allele-frequency change in a generation is characterized by the
transition density wy(y|x), which is the probability distribution of

the allele frequency y at the next generation given the current al-
lele frequency x. When N is large, the asymptotic dynamics can
be described by a time-continuous differential Chapman-
Kolmogorov equation, which is defined by an advection velocity
V(x), diffusion coefficient D(x), and jump kernel w(y|x) (Gardiner
2009). The triplet is obtained from the transition density wy(y|x)
as follows:

g W)
w0 = fim
V(x) = lim —J —X)w x)d
(%) s ‘H‘«(y Jwn (y[x)dy (D.1)
1
D(x) = lim — vy = ) wn(ylx)dy,

N—oo StN ly—x| <e

where 8ty is an N-dependent timescale, corresponding to one
generation measured in units of the coalescent timescale. In the
following, we derive the transition density wy(y|x) and the as-
ymptotic dynamics for general « by using a similar computa-
tional technique used in Hallatschek (2018), wherein the case of
a=11s studied extensively.

As mentioned in the main text, when a < 2, the binomial sam-
pling error is negligible for large N compared to the stochasticity
coming from broad offspring number fluctuations, and we can re-
place the binomial distribution in Equation 13 of the main text
with the Dirac delta function;

W (ylx) = <5(y M iAW)>MW - <Jj:d2_:

the average
W= ngw v;. Using the variable s =

ei<yfmlw)c> (D.2)

MW

Here ()yw mMeans over and

M=y u

= .
Mowe WE can rewrite wy as
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5] ds —15
wn(yx) = ([ 52 M+ W)e 00wy
as | iem(1vsi D3
:ay J%@ sM(1 y)+sWy)>M7W ( )
= aYWN(Y|X)1
Here,
+00 dS
W) = [ 5@ ety (1-N)  (D4)
with
O(s;n) = <elS;”‘>. (D.5)

To use the properties of the a-stable distributions in Appendix
C, we further rewrite Wy (y|x) as follows:

~ ds
War(y]) = 1 5 @(=s(1 = y)sxN)@(sy; (1 - x)N)
xN (1-x)N
d —is(l—y)zxi isy Z X
= [t = s < i=1 ><e i=1 >
> 2xis

+00 dS
o0 st

1

=
=

o8- xNC+aXN)>§(eisy(b(l—x)N5'+a(l x)N))

—Is (1-y)axn+isyag—xn {p—i8(1-y)bxng isyb(1_xnL/ ;
0o 2ms (e ) (e Yo

(D.6)

When N is large, the quantities in the two brackets in the last line
can be approximated by the characteristic functions of a-stable
distribution, Equation C.3, with s— —s(1—-y)byy and
s — sybu_xn, respectively. Thus, when a # 1, Equation D.6 can be
computed as

W ( ‘X) — e ds e*i3(1*Y)axN+iSyﬂ<1fx)N
N = ~ 2mis '

we \s\ (1-y)*b (1+xsgn(s)tan“) —[s|*y*b?, X)N(l—isgn(s)tan%
+00
_ S sl ()"
2ms

<o 13(1 y)axNJrisya(kXNe—i\s\’sgn(s)tan%((l—y)“biN—y“bfl X)N) (D.7>
(o}
_ [T sty
o TS
xsin[—s((1 - y)axn — yaa—xn)

TTOL U100 L]0
—s*tan ?((1 =)0y — Y bl_on)]-

In the following, we evaluate the integral expression of Wy (y|x)
and compute the transition density wy(y|x) from Equation D.3.

Whenao < 1

By using Equation C.2,

an =0, b= n(21"(oz) sin %)n = yn, (D.8)

we have

o dS Yyt (1x
Wy = 57 B g-weayraeroon
xsin[-sc,Ntan % (1 —y)"x ~y*(1 = 1))
(D9)

By setting Nc,s* = o, Wy(y|x) becomes

1(~d )
Wiyi) = 5 [ 2o 0 sinf—o tan (1 -y ~y(1 - )
. <tan ("7“) (x(ly)"(lx)y“))
tn VRS (0.10)
oL ' '

By differentiating it with respect to y, we obtain

1) sin(ra) (1= y)y)* .
n(:(1 =) + (1 =2’y + 2x(1 - x) cos(na)((1 ~ y)y)")
(D.11)

wn (y[x) =

Note that this does not depend on N, which is consistent with the
fact that the coalescent time is O(N°) when o < 1.

Whenl < a < 2

By using Equation C.2,

o

an = n
"Ta—1

I

o __ =
b% = B,n, whereB, = OETE (D.12)
Equation D.7 becomes
Wi(y]x) = JOO a8 N5 {(1-y)xay (10}
o TS
. . o . o l(l %y o o

><sm[ - 1N(x y) —s*tan 5 B,N((1—y)*x—y*(1 x))].
(D.13)

By changing the variable of integration as ¢ = N%/*s, we have

W (ylx) = Jo i% —Byo {(1-y)"x+y* (1)}

B, ((1—-y)"x —y*(1=x))|.
(D.14)

xsin GﬁNlﬂ(X y) —o* tan =

By changing the variable of integration as ¢’ =
redefining ¢’ as ¢, we have

2 lx—ylo and

wN<y\x):J i—ze*““’isin(—sgn(x—y)Nl*%c—uzcm (D.15)
0
where
by = B (% ) (1=y)x+y*(1 =%
[x —y[* (D.16)
— tan ™3 (a—1>°‘<1—y>°‘x—yu<1—x> '
Ho = 2 o o ‘Xiy‘a .

The transition probability wy(y|x) is given by
. w (y[x) = 8, Wn(ylx)
_ sgn(x y) Y“l [ doc®*le M gin (le_llc + sgn(x _ y)Hsz)
Jo
63"’]’2 a—1,—p; 6% 1-1
_TL doo® e cos(N G+ SgN(X — y)ip o )
(D.17)

Consider the integral
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00 a1
Iy = J doc? L ho" gl #e (D.18)
0

where p = p; —isgn(x — y)u,. Then, the transition probability can
be written as

2 2
Wy (y]X) = sgn(x — y)yT“1 ImjJ, — YTHZReJm. (D.19)

From Watson’s lemma, the integral J, can be expressed as a se-
ries expansion;

1 iZmo m-1 L (ma)
Nm(e—1) e (—n) F(m) ’

NgE

J:z:

(D.20)

3
Il

By substituting Equation D.20 into Equation D.19 and writing
= |ule®, we obtain

© [ m-1 T
Wy (y[x) = Z%n&%

m=1
T

sgn(x — y)0ypy sin (2 mo + (M — 1)6) — dyp, Cos <gmu +(m— 1)6)}.

(D.21)
The leading order (m = 1) is given by
_ I'(w) Oppy . mo Oypy m()
wn(y|x) = No1 (sgn(x -y) — Sin & ———=cos —
a—1
N1 (21 (1 — x)% whenx <y (D.22)
= o—1
N'=a(221)"%(1 — x) whenx > y.

(X o y)u+1

Equation 21 in the main text can be obtained by io{ltroducing
the continuous time t = t/(C,N*~') where C, = (%) . Equation
22 follows from the neutrality 4 (x) = 0. Note that the expansion
of Equation D.20 is possible only when |x —y| is finite, i.e., when
|x —y| >e where e is an N-independent positive constant.
Although wy(y|x) in D.22 diverges as |[x — y| — O, this divergence is
not a problem, because the jump term of the asymptotic dynam-
ics in Equation 20 can be obtained from wy(y|x) for [x — y| > € (see
Gardiner 2009).

When o =2

a, and b, are given by

by = (nlogn)*/?. (D.23)
Equation D.7 then becomes

(> ds .
Wi (ylx) = ‘ Eefsi~{(17Y)2><N10g><N+y2(1—><)Nlog(1—x)N} x sin(—2sN(x — y))

_ JOC @e—SQ((—ZXerXerZ)NlogNJr ((1—y)2xlogx+y7(1—x) 10g(1—x)>N} < sin(72sN(x B y))

0 TS

By changing the variable of integration as ¢ = (N log N)%s,

> do 702{(72xy+x+y17+((17y)2xlogx+y2(1fx)log(lfx))(logN) 1y . N \!
W, =| — _2 _
N(y|x) .[o lme x sin( Tog c(x—y))

do 2 . N \}
o [ 99 02 (-2y4x4y7) o N _
[t x sin( Z(ng) o(x-)

_ 1 £ N
=2 KN g2y 7))
(D.24)
where erf(x) is the Gauss error function
erf(x) = iJX e Cdt (D.25)
Vi) ' '
By differentiating Wy(y|x) with respect to y, we have
N \?1 (1-x)x LN
w X) = = e logN(-2xy+x+y2) | D.26
N(ylx) <logN> VT (=2xy + x +y2)*/? (D29)

Suppose that e is a sufficiently small but finite constant. For
[x —y| < €, wy can be approximated as

__ Neey?
logN (x(l—x))
e

11 1
w9 = ()
1

—)" (D.27)

e 202 .

V2no?

where 20?2 :b%Nx(l —Xx). From the symmetry y —x — —(y — %)
of wn(y|x), the advection term is zero. The diffusivity D is
given by

1 2 1 , 1 logN1
D= _— _ =~ ?=— Zx(1—
5ty J‘qudy Xy wnOR) = 5ot =g N XX
= 5)((1 - X),
(D.28)
where we have introduced the natural timescale as &ty = IOI\gIN and

used the integral approximation

< 1 A? 1 € e
J,e dA A? Wexp(— 5a7)= 7520 <\/ﬂcerf (E) — 2ee ch>

2

~ O".

(D.29)

Finally, the jump kernel asymptotically vanishes on the time
scale 6ty

. w X
wi(yhe) = Jim 2400

because for fixed x, y with [x — y| > €, wy(y|x) becomes exponen-
tially small as N becomes large.

Thus, in the large-N limit, «=2 corresponds to the Wright—
Fisher diffusion for a population of effective size
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= Nlog(N). (D.31)

When o > 2
In this case, since the Pareto distribution P(u) = ;% (u > 1) has
finite mean a = ;% and finite variance b2 ﬁ and the

large N limit of the allele frequency dynamics should be de-
scribed by the Wright-Fisher diffusion process. To confirm this
more generally, we consider a general distribution with finite
mean and variance, namely, consider that each individual’s off-
spring number u; is sampled from a distribution with mean a and
variance b%. Then, from the central limit theorem, the shifted and
rescaled variable

Zl 1X17

" wherea, = an, b, = v/nb,

{= (D.32)

obeys the normal distribution A/(0, 1). Its characteristic function
is given by f(s) = exp(—1s?). Thus, we have

+00 ds
e S(L=Y)davHsyaa—n £
oo 2MIS

Wh(y) zj S(1 = Y)baar)f (sYb(1on)

0o ) )
= [ e ent N (1 ) VAR 5y T )

—Ls? (1 y)Zbeze—%szyz(l—x)sz

+00 ds X X
:J e—1s(1—y)axN+xsya(1 X)N o7

_s0 2miS
(D.33)

By setting ¢ = N'/%s,

W TS iaxoyINY0 o2 (1-y) ey (1)
N(Y[x) = N

— *”d_csm(_ao{ INY2g)e —107 67 ((1-y)*x+y2(1-%))
=), wo y ° (D.34)
B 1 avN(x —y)

fb\/( 2xy +x+y?)

Thus, we obtain

__VUNx=y)”
W (Y[x) = oy W (ylx) = f[yx(l— )M

(—2xy 4+ x + y? )y
(D.35)
where Yy=a / b. For the Pareto distribution,

1=/ \fofag = V-2

For |x—y| > e wN(y|x) becomes exponentially small as N
becomes large, and so the jump term does not exist in the asymp-
totic dynamics; w(y|x) = 0. For |x —y| < €, We can approximate
wy(y[x) as

N 2
wn(yx) = 2nx(1yf X) xp ( 2x(1-x

1 (xy)?

V2nx?

(D.36)

e =7

where £? = ’“}2—?) From the symmetry y — x — —(y — x) of wy(y|x),

the advection is zero. Finally, the diffusion is evaluated as

J‘Xfy‘ <EdY(X -y wn(ylx) = <Z erf(\/_2> \/iee—§) 32

_xX(1-x)
¥’N
(D.37)
Thus, by re-scaling time as t = %N we obtain
D=x(1-x), (D.38)

which corresponds to the Wright-Fisher diffusion of a population
of effective size N, = Ny?> = Na(a — 2). Notice N, — 0 as o — 2, in-
dicating that the concept of the effective population size breaks
down when the variance of the offspring distribution diverges.

Appendix E: From Lambda-Fleming-Viot
Generator to differential Chapman-
Kolmogorov equation

In Appendix D, the jump density w(y|x) is derived from the gener-
alized Wright-Fisher sampling, Equation 13 in the main text.
Here, we present another more formal derivation of the jump
density w(y|x) for 1 < o < 2. See Hallatschek (2018) for the case
o=1.

Jump density for general A measure

The backward generator of the A coalescent process for the bial-
lelic model (see, e.g., Etheridge et al. 2010; Griffiths 2014) is given
by

1
£G(X]%0) = JO (X0G(x[x0 + (1 — X0)A) — G(x[Xo)

+ (1 — x0)G<(x|x0 — xok))%?”). (E.D)

This can be rewritten as a sum of two terms:

LG(x|X0) = A+ B, (E.2)
where
1
A= jo(cxxwx() + (1= x0)A) = Gelx]x0) = (1 — xO>xaxOG1<xl><o>)A(sz ;
(E.3)

1
B=(1-xo) JO(GI(X‘XQ — XoA) — Go(x|x0) + Xo?»@xoGr(XIXo))AT
(E.4)

We introduce the integration variable X' = xo + (1 — xo) for A
and X’ = xo — XoA for B, respectively. By writing

A 1)

A2 A2

dx, (E.5)

A and B become
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1
A =x%o(1—Xo) J (Ge(x]X') — G(x]x0)

Xo

- (X - xo)axoGT(x\xo))onldx’, (E.6)
(X' — X0)

B = xo(1— xo0) J:D(Gr(x|x’) — Ga(xI%0)

Xo

— (X' = %0)0x, Gr(Xlxo))ﬂ
x

dx'. E.7
g €7)
Defining the jump kernel w(x|xo) as
Xo(1 — o) I(X, - Xo> (X > xo)

oy ) (& =x)? \1-xo ’

w(X[x0) = / (E8)
X0(17X0)1<X0 7X> (X/ < XO)
(X' — Xo)? X0 '

we can formally rewrite the generator as
1
LG (X]X0) = V(X0)dx, G- (X|X0) + PVJO w(X'|X0)[G:(x]X') — G(x]x0)]dX/,
(E.9)

where

V(x0) = —PVJ: AxX'w(X'|x0) (X' — Xo). (E.10)

When the measure is the Beta distribution Beta (o, 2 — o)

We take the Beta (o,2 —a) distribution as the A measure,
which corresponds to the descendant distribution considered in
this study, ~1/u***:

Ay Id AR - Tt vt - )t

2T a2 T Bmo—w 12 Bma-oy o E1D
With this measure, A and B become
_ XO(1 - XO) ! / g
A= mj AX[Go(x|X') — Ge(x]x0)
— (X' — X0)0x, G (X[X0)] (X' — Xo)’l’“(l - x’)“"l7 (E.12)
_ XO(:I- —Xo %o ’ N
“ B 2o JO AX'[G(x|X") — G:(X[X0)
— (X' — X0)y, G (X]X0)] (X0 — X)L, (E.13)

Note that the integrals A and B are convergent for a € (0, 2), be-
cause, near X' ~ xq, the terms inside [ -] are O((x/ — xo)z) and so
the integrands are O(|x’' — xo|*~®). The jump kernel is given by

oy ;ES;_XZ)) (X —x0) M1 =X)*T (X > xo)
w(x'[xo) = Xo(1 — Xo) e (E.14)
B(o,2 — o) (X0 —X) (x) (x" < X0).

When 1 < a < 2, this density agrees with Equation 21 of the main
text (up to a proportionality constant). The advection is given by

V(o) = —PVjol Ax'w(X'|x0) (X' — Xo)
Xo(l — Xo)

Xo—0 1
=070 dx'(xo — x/ ’“x/“*l—J dx' (x1 — x) "*(1 = xn)* ).
e (L (x0 - ) =00

(E.15)

Note that, when o > 1, the limit lime_o [+ [

e I Equation

E.15 does not exist, although this divergence is rather formal
since there exists a natural cutoff e ~ & for a finite-size popula-
tion.

Appendix F: The transition density for the
differential Chapman-Kolmogorov equation
for 1<0<2

Here we derive the short-time transition density given in
Equations 23 and 24 and determine g(£) in the scaling ansatz
given in Equation 39.

The short-time transition density

Before discussing the CK equation in Equation 18, it is instructive
to start from the simple diffusion equation,

8.P(x,1) = D2P(x, 1), (F.1)

with the initial condition P(x,t = 0) = §(x — Xo). The solution of
this initial value problem is given by

2

1 Ax
P(Ax'rr) = \/mexp(_ Z(ZDT) )a

(F.2)

which is usually derived from the Laplace-Fourler transforma-
tion. However, this solution can also be obtained by using
the central limit theorem: Equation F.1 is equivalent to a
Brownian motion where jumps X — X#*a occur with rate %,
where a and m are related with D via D=%" Since n~mrt
jumps occur in time 1, the displacement is approximately given
by AX(t) ~ Y i, where I = a. Then, from the central limit
theorem, AX(r) is distributed according to the normal distribu-
tion with mean n() =0 and variance n(l?)= (mrt)a? =2Dr,
namely, Equation F.2. Note that, even if the diffusion constant
depends on x, the solution in Equation F.2 (with D — D(xo)) is
valid in short times.

Essentially the same argument can be applied to the CK dy-
namics, except that the generalized central limit theorem
should be employed since the variance of jump sizes is diver-
gent in the case of the CK dynamics. Suppose that the initial
density is given by P(x’,t = 0) = §(x' — x) (for notational simplic-
ity, the subscript 0 on x is dropped). In the CK dynamics, the
frequency change AX(t) = X(t) — x is caused by the bias V(x) in
Equation 20 and by stochastic jumps. The rate of a frequency-
increasing jump and that of a frequency-decreasing jump are
given by

W, (x) = J; W |x)dx = g <1 - X) (E.3)
W_(x) = J;H w(X[x)dx’ = ! ; X <§>u7 (F.4)

respectively. Therefore, the expected number n of jump events in
time t is given by

n=(W_+W,)r. (F.5)

Because randomness in the number of jump events is negligible
compared to that in jump sizes, it can be assumed that exactly n
jumps occur in time t. Then, the displacement AX(t) = X(1) — x
can be written as
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= V() + XH:L-, (F.6)
i=1

where |; € [-x, —€] U [¢, 1 — x] denotes the displacement due to the
i-th jump. For small 7, w(y|x(7)) = w(y|x) for 0 < v < 1, which
means that h,...,l, are independent and identically distributed.
From Equation 19, each |; is approximately sampled from the fol-
lowing power-law distribution,

W, €a
W, rw pm (elreteo)
P() = 0 (le(—e +e) (F.7)
_Wo €Y e (Coo,—e])
W+ W_ o
where the factor W 7 (resp. WVKW ) represents the probability

that a given jump is frequency-increasing (resp. frequency-
decreasing). P(l) is normalized as [* P(l)dl =1. Note that, in
Equation F.7, the original range [—x,—€]U[e,1 —x] of | has been
extended to [(—oo, —€] U [e,o0). Under this modification, the vari-
ance (x(t)?) is no longer well-defined. However, this modification
does not alter short-time properties of typical events, because the
presence of the boundaries at x=0, 11is not important for them.

By noting that P(l) has a divergent variance and that the num-
ber of jumps is n =~ % > 1 even for small  (as e — +0), the gener-
alized central limit theorem states that the sum Z in Equation
F.6 obeys an a-stable distribution. The stable disttibution is char-
acterized by (1), B, y given below (see, e.g., Uchaikin and Zolotarev
2011): The mean (ly is

W, -W. o x(1-x)"-x*(1-X%) «a
<l>_W++W,cx—1€_X°‘(17x)+x(17><)°‘a—1e' (F.8)
Asymptotically, P(I) satisfies
W & C
ST P W ++W+_°‘ET: (I — o0), 9)
Y, o F.
1 — € C_
P(dl' = = (I--
Lo PO =7 = 4= =)

Note c_ +cy =€* The parameters y and f are determined

from cx;
_ [m(cy+c)n %7 m ;_i, A(x(1 = %)% + (1 — x)x%) 3
“\2r(o)sin®) — €<2F(c>¢) sin %) " e+ 1)sin =
(F.10)
_—c Wo-Wo x(1-x"-x*(1-X)
B:C++Cf_W++W7_X°'(17x)+x(1fx)°" (F.12)

Then, from the generalized central limit theorem, the random
variable,

n L
z=2izli=nlh (F.12)
Y
has the following characteristic function,
(€7 — J ¢¥P(2)dz 21" expl k(1 - iptan signk).  (F13)

We can determine the characteristic function for Ax, using
Equation F.13 and the relation

AX(1) = V(x)t + vZ + n(l), (F.14)
which follows from Equations F.6 and F.12. While V(x) and (l) are
divergent in the limit e — +0, we can show by using Equation F.8 and
V) = —foppe X —0)WEX) ~ gzt (X1 -x) = x(1-%)"),
that these divergent terms exactly cancel out each other.
Therefore, the displacement is simplified as

AX(t) = vZ. (F.15)

Equations 24 and 23 in the main text are the same as
Equations F.15 and F.13 (with the replacement of x — xo). By
substituting this into Equation F.13, we obtain the characteristic
function of the allele frequency X(1);

<eikX(r)> — Jeﬂeer(X/7 ‘E‘Xo)dX

= explikxo — |7(x0)k|*(1 — iB(x0) tan %signk)}. (F.16)

The scaling ansatz for the long-time
transition density in Equation 39

Consider the initial distribution P(x,t = 0) = §(x — Xo) with xp < 1.
After some time, the distribution spreads over the region x <« 1
with a peak at the extinction boundary x=0. As presented in
Equation 37 of the main text, up to a constant prefactor, P(x, 1)
takes the following form

P(x,7) ~ T g(&),

where n=(x—1)"" and &= X. Here, we present an analytic
argument to determine g(&).
Equation 20 can be rewritten as

oP

3
+ &Jm <EdA(fA(x)P(X, ),

where fa(x) =

(F.17)

w(x + Alx) given by Equation 21. For x < 1, fa(x) is

approximately given by
X
fa(®) w70 (F.18)
AlX) = a—1 . F.18
X(x+A

We substitute the ansatz P(x,1) ~ 1 ?1g(§) into the above CK
equation. The left-hand side of the CK equation becomes

LHS = —2nt*171g(g) - nt > 'g'()E, (F.19)
which is proportional to t2"-1 =153 The right-hand side is
decomposed into the integrals over A > 0 and those over A < 0.
We can show that the former is proportional to t5%, while the
latter is proportional to t-#1.% Since the extinction time for the

initial frequency xo < 1 is much shorter than the coalescent
timescale, we can assume 1t < 1, which implies that the integrals

3 For example, one of the integrals over A > O is

JA>0dAf/\( ) JA>OdAA T Z"J(ﬁ) 1Jb>0d65 T g(a)
while one of the mtegrals over A < Ois
=T 1fs>od5_é'fq

rA(OdAfA - [A I‘A> 72”(}
where we have changed the 1ntegrat10n vanable from A t0 8 = rA,
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over A > 0 are negligible compared to those over A > 0. By evalu-
ating the integrals over A > 0 using the scaling form of P(x, 1) and
comparing them with Equation F.19, we have

~n(29(8) +E9(0) = || (e~ 9)9(6 - 50— 5) — 29(0
d
+83(89(0) (£:20

where ©(-) is the Heaviside step function. Note that the variable
of integration has been changed from A to § = 4, and the upper
bound in the integral has been extended into +oo, to make the
equation analytically tractable. It is convenient to express
Equation F.20 in terms of ®(&) = &g(&);

Q&) | ey [ 00 _ _8)— '
(®w) = [ B s 0w 1w

(£.21)

The solution of the integro-differential equation in Equation
F.21 can be obtained as a series expansion. Assume, for small &,

o) =1t + -, (F.22)

where ¢, is a normalization and the exponent of the leading term

is denoted by B € (0,1). Here, B < 1 is required since we are con-

sidering the situation where P(x, 1) is monotonically decreasing in

x, while p>0 is required to make P(x,1) normalizable. By
substituting Equation F.22 into Equation F.21, we have

B+1 1 CT(~uf(1+p) 1
Tu—1gh T T T p) P

(F.23)

Since 5 < =4 for £ < 1, in order for the two sides to be bal-
anced, the coefficient % needs to be zero, which is possible
only when I'(1 — o + B) diverges. Since 1 < & < 2and 0 < B < 1,
we can conclude B = a — 1. Therefore, the leading term of g(§) is

given by

C1

9(8) = = +- (E<). (F.24)
More generally, by starting from the ansatz,
D) = cng™> M, (F.25)

m=1

the coefficients ¢y, cs, ... can be determined iteratively:

14 (@-Dm  I(m(a-1) B
B I(—o)L(m(o— 1) + o) n (M=1,2,...)
(F.26)
By using this iteratively, we can express ®(&) as
_ > _q\ym+1 F(Cx + 1) (ot;zl)mfl (a—1)m
) =c r;( b (o — 1) (=)™ T(m + )T (m(a — 1)) ¢ ’
(F.27)

where (;%7), , is the Pochhammer symbol, (9), = I'(q +n)/T(q).
The analytic expression of g(§) can be obtained from this using

g(e) =22

On the other hand, for £ > 1, we expect that g(&) decreases in
the same way as the offspring distribution does;

g@~§%+m &> 1), (F.28)

Therefore, we expect there is a crossover point &, such that g(&) ~
éz%+ - for < . and g(g) ~ i’%Jr ---for £ > &.. The scaling form
for £ > &. can indeed be confirmed by considering the following
ansatz for ®(g),

(€ <&)

>t (F.29)

- Clé“’l 4+ .-
@(EJ) - { C’{;iw 4+

where ¢’ is a normalization and o is an exponent to be deter-
mined. Substituting this ansatz into Equation F.21, we can show
o = a, leading to g(&) ~ a,%Jr ~-foré > .

Finally, we remark that, while Equation F.27 is derived as-
suming & < 1, the series converges for any & > 0. This indicates
that the scaling form g(&) ~ é,%-k .- for large ¢ should directly
follow from a resummation of the infinite series in Equation
F.27.In fact, numerical evaluation of a finite truncation of the
series indicates the crossover behavior Equation F.29 (see
Figure F1).

(&)

Figure F1 The infinite series in Equation F.27 is evaluated numerically by
truncating at m= 150 and using the van Wijngaarden transformation
(solid line). o = 1.7 is used. The dashed blue and red lines represent the
asymptotic behaviors given in Equation F.29.

Appendix G: Site frequency spectra in pres-
ence of selection

Here, we argue the effect of the genuine selection on the SFS by
using the effective bias when 1 < o < 2. As discussed in the
main text, there is a crossover point x., shown in Equation 39, be-
low which the selection is negligible compared to the effective
bias (see Figure 13). Thus, we can expect that the SFS becomes in-
dependent of the selective advantage ¢ for a sufficiently small
frequency x. Similarly, for the high-frequency end 1 — x <« 1, the
selection is negligible compared with the effective bias.
Therefore, we expect that fsps(x) ~ gl o (1 - x)"**? even in the
presence of natural selection. In particular, the exponent is inde-
pendent of ¢. Figure G1 shows the numerical results when
o= 1.5. As x approaches 0, the SFS becomes independent of the
selective advantage ¢. For frequent variants 1 —x <« 1, the SFS
can be fitted well by (1 —x)"*"?, while the magnitude of the SFS
increases with ¢. A similar result can be obtained analytically
when o =1 (see Appendix A).
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Figure G1 Left: The SFS under positive selection s = 0, 0.005, 0.01, 0.02, & = 1.5, and N = 10°. Right: The SFS near x = 1. The straight lines are drawn

assuming SFS(x) « 1/(1 — x)>*. The slope is almost independent of s.

Appendix H: Derivation of the rate of
adaptation in Equation 46 of the main text

Here, we conjecture the rate of adaptation for an asexual popula-
tion with a broad offspring distribution (1 < a < 2) in the clonal-
interference regime, using a self-consistency condition argument
described in Desai and Fisher (2007).

We assume that mutations have a fixed effect s much larger
than the mutation rate py at which they arise. First, we consider
the dynamics of the fittest sub-population that becomes estab-
lished at the nose of the fitness wave. We can estimate the size of
the sub-population when established from the establishment
probability of a single fittest mutant;

1

Nest ~ m7 (H.1)
where gs (q € N) is the fitness lead of the sub-population com-
pared with the mean of the whole population, and the fixation
probability is given by Equation 42, Pgy ~ (qs)fﬂ In the time this
sub-population is seeded and becomes established, the mean fit-
ness should increase by s. This implies that, after its establish-
ment, this sub-population will initially grow exponentially at rate
(@ —1)s. The growth rate will slow down to 0 when it fixes.
Therefore, the time from establishment to fixation can be esti-
mated as

1 N 1
thix ~ mln@ = mlnl\ﬂ)ﬁx(qs) (H.2)
where (q — 1)s/2 is its average growth rate between the establish-
ment and fixation. Thus, the rate of adaptation is given by

Ro@=-Ds (- 1)s)’
tix 2InNPgy (gs)

(H.3)

Second, we focus on successive events of establishments at the
edge of the fitness wave. We define t.: as the mean time interval
between two successive establishments. An established sub-
population grows like n(t) ~ Neste@ D5, from which the next event
of establishment is produced with rate n(t)ugPrx(qs). Therefore,
test can be estimated from

Test

sPc(as) [ (o~ 1, (H4)

0

which leads to teg ~ (q_—ll)sln :T;] . Since the nose of the fitness wave
advances at a speed R = ¢, we have

R:iN(q_l)Sz. (HS)

S
Test In s

By comparing Equations H.3 and H.S5, we obtain

2In(NP; 252In(NPsi (q5))°
q~1+ n( 1nﬁ£(qS))7 R ~ S n((lnﬁgi(qs)) . (H6)
Hp Ha
By substituting Pgy ~ (qs)ﬁ into Equation H.6, we obtain
1 1.2
2In(Ns#1) 252In(Ns#1)
q~1+ lnﬁ , R~ (lni) , (H.7)

where we used InNg#1 ~ InN. In the limit o — 2, the above results
reproduce those in Desai and Fisher (2007).

The case of =1 can be discussed in a similar way. Suppose
that the population is monoclonal. The fixation probability of a
mutant is given by Pg, ~ N73*S (see Equation A.25), which implies
that the establishment size is roughly given by Nest ~ N*=5. While
the timescale of establishment of a mutant is given by
(upNPgy) ™' = (upN®)~!, the timescale of fixation is given by
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thix ~%log% ~ logN. Thus, the successive selection sweeps oc-
cur if (usN®) ! > logN, or equivalently,
usN°logN « 1 (successive selective sweeps). (H.8)

By substituting Pg, ~ N~*$ into Equation H.6, the rate of adapta-
tion in the clonal-interference regime is given by

R 253InN?
(ng)

By

(H.9)

In the successive-sweeps regime, the adaptation rate is given

by
R = spugN x Pgy () ~ supN®. (H.10)

Note that clonal interference becomes unlikely to occur as the
offspring distribution becomes broader. For example, when o =1,
the population size needs to be N > 10*! for yy = 107*,s = 0.05 to
satisfy pgpN*logN > 1.

Figure H1 shows the numerical results of the adaptation rate R
versus the selection coefficient s. The parameters used in the
simulation are in the regime of clonal interference. When 1 < a,
R is approximately proportional to s?, while, when «=1, R is ap-
proximately proportional to s°, which are consistent with
Equations H.6 and H.9. However, when o = 1, the quantitative
agreement between the numerical result and the theoretical pre-
diction is not good, and a further investigation is needed to vali-
date Equation H.9.

o numerical resull: WF
numerical result: a=1.5

& numerical result: a=1

—— theory: WF
theory: a=1.5

Rate of adaptation

—— theory: a=1
0.02 0.05 0.10

Figure H1 The open markers show the numerical results of R as a
function of s, while the curves show the theoretical predictions, based on
the heuristic argument. The m rate of beneficial mutations is p = 107*.
The population size is N = 10'® for «=1,N = 10 fora = 1.5, and N = 10®
for the Wright-Fisher model.

Appendix I: Numerical simulations

Simulations are implemented in C++ with the GNU scientific
library’s random number generators. Results obtained from the
simulations are analyzed by Mathematica. The codes are freely
available upon request.

Numerical synthesis of Pareto random
variables and a-stable distribution

In order to generate the mutant frequency of the gamete pool, we need
to compute the sums of random Pareto variables,

N(1-x)

N:
M=Zx:ui, W= Y v, (1.1
i=1

i=1

where wu;, v; are drawn from the Pareto distribution
Py(u) = o/u***(u > 1). One simple way to synthesize u;, u; is to

sample a number r from the uniform distribution on (0, 1) and
compute 1.

To generate the sums M, N efficiently for large N (e.g., N ~ 10°),
we can use the generalized central limit theorem when xN and
(1 —x)N are large. In simulations, when xN < 100, M is generated
directly by synthesizing xN random variables {u;}, while, when
xN > 100, M is generated by sampling a random number { from
the a-stable distribution and then determining M =Y, u; from
Equation C.1. W is generated in a similar way.

After generating M and W, the population is updated by the bi-
nomial sampling with the success probability p = 24 (although
this sampling process can be omitted when o > 2 since the fluctu-
ations associated with the binomial sampling is negligible com-
pared to the fluctuations associated with M and N). Natural
selection and mutations are implemented by modifying the suc-
cess probability p = 24 as

p(1+5s)

(1-p)
P+ + (D) 12

p(l+s)+(1—p)

(1= pyw) +
where py_y is the mutation rate from the wild-type to the mu-
tant allele, and p,_w is the mutation rate in the reverse direc-
tion.

Site frequency spectrum

Since the SFS is proportional to the mean sojourn time, the SFS
can be computed numerically by generating trajectories staring
with xo = £ until fixation or extinction and measuring how many
times a trajectory visits a given frequency interval on average.

Numerical simulation of the model of range
expansion in the main text

We first review the numerical implementation of the range ex-
pansion model with two neutral alleles without mutations (Birzu
et al. 2018). The per capita growth rate r(n) with an Allee effect is
given by

r(n):ro(l—%)(l-&-B%), 1.3)

where n = n; + n is the sum of the two population densities, and
B is the strength of cooperativity. In each deme, there are three
types; allele 1, allele 2, and “empty.” At each time step, the config-
uration of deme x is updated by the trinomial sampling process
with

n; .
pi= K(l——lr(ﬁ)r) fori=1,2 and pempty = 1 — p1 — p2, (1.4)

where 7; is the population density after migration,

m
—n;

ni(t,x) = mni(t,x —a)+ (1 —m)n(t,x) + 5

> (t,x+a), (1.5)
and n in the denominator of Equation .4 is the sum of these den-
sities, 1 =711 + 1o, and a denotes the width of a deme. The expec-
tation value of the total density n after one time step is given by

KZ P :%zﬁ(ur(ﬁ)r), (1.6)

= r(n)t

which explains the denominator of Equation I.4. In the simula-
tion, a=1and t=1 are used.
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As in the standard Wright-Fisher model, a mutation process
can be introduced by using the success probabilities p’' =
(pr1,pr)T given by

p' = Up, (L.7)

where p = (p1,p2)” and U is a matrix representing mutational
transitions. In the case of symmetrical mutations in the main
text, U is given by

U:(l_” B ) (1.8)

po l-p

This model serves as a microscopic description of our (non-
spatial) macroscopic model of the population with a broad off-
spring distribution p(U = u) ~ -L;. We can argue the relation be-
tween the parameters in the two models by comparing the
coalescent timescales. As established in Birzu et al. (2018), for a
semi-pushed wave (2 < B < 4), the coalescent timescale is given

by

G V1®?
Ténicro ~N 14/1»/(13)2_ <19>

where y(B) = = 2(\/§+ \/%)’1 is the ratio of the Fisher velocity
vr = 24/Dr, to the wave velocity v = \/TO_D(\/§+ \/%). On the other
hand, the coalescent timescale T2 in the macroscopic descrip-
tion for 1 < a < 2 is proportional to N*~! (see Equation 15). By
comparing the exponents, a semi-pushed wave with B corre-
sponds to the macroscopic model with*

a=2— 41 (1.10)

For example, B=3 corresponds to o = 1.5. In addition, the muta-
tion rate ppicro Per generation in the microscopic model and the
mutation rate py,eo per generation in the macroscopic model
should be related by ppicro X TP ~ o cre X TR0,

In the three panels (Left. Center, Right) in Figure 14B of the
main text, The following parameters are used.

e Left: B=1, p=(5x107%, 5 x 107°), K = 28000 for the micro-
scopic model, and a =1, 6 = (1.5, 0.15) for the macroscopic
model.

e Center: B=3, p=(2x107% 2 x 107°), K = 35000 for the mi-
croscopic model, and a = 1.5, 6 = (1.6, 0.16) for the macro-
scopic model.

* Right: B=8, p=(1x 107>, 1 x 107°%), K = 57000 for the micro-
scopic model, and the Wright-Fisher model, 6 = (2.4, 0.24) for
the macroscopic model.

In all of the three cases, the growth rate ©© = 0.01 and the migra-

tion probability m =25¢=0.125 are used in the microscopic

model, and the population size N = 10° is used in the macro-
scopic model. Note that, to compare the microscopic model with
the macroscopic model, the value of the carrying capacity K for
each case is chosen such that the size of the front population £,

*  Note that the definition of the parameter oy in Birzu et al. (2018) is differ-

ent from our definition of o. For 1 < o < 2, which corresponds to the
semi-pushed wave region —1 < ay < 0, the two definitions are related
by —oag =a—1.

where k is the spatial decay rate of the population density,® ap-
proximately agrees with the population size N = 10° in the mac-
roscopic model.

Appendix J: Areas swept by trajectories

J-1: A scaling argument on area distributions

Consider frequency trajectories that depart from a single mutant
Xo = & and are eventually absorbed either at x=0 or at x=1. For
each of such trajectories, we can define the area in x — t-space
swept by the trajectory (see Figure J1),

A= J x(x)dr, 0.1)

0

where 1, is the absorption time of the trajectory. While this
quantity is defined for a population without spatial structure, we
expect that it has a natural interpretation in a model of range ex-
pansion as a spatial integration over the mutant frequency (Le.,
the abundance of the mutant type), since 7 in Equation J.1 is re-
lated with the spatial position of the traveling wave in the comov-
ing frame.

Here, we examine how the area A defined in Equation J.1
depends on the exponent o of the offspring distribution. The left
panel of Figure J2 shows the numerical results of the area distri-
bution p(A) for =1, 1.5, and the Wright-Fisher model (corre-
sponding to o > 2). In a wide range of A, areas are distributed
according to p(A) ~ ﬁ.

Focusing on small areas, which correspond to extinct trajecto-
ries, this power-law behavior can be rationalized again from a
scaling argument: First, by using Equation 3, a trajectory whose
maximum frequency is x, < 1 sweeps an area roughly given by
A ~ X, X Text ~ X* (see Figure J1), ie., X, ~ A% Second, from the
neutrality, the cumulative probability Pr(X. > x,) that a single
mutant achieves a frequency larger than x, before absorption is
estimated as Pr(X. > x.) ~ gt Hence, the density p(x.) is given by
p(xi) = —%Pr(X* > Xy) ~ ﬁ Combining these two results, we
can estimate the area distribution p(A) as

dX* 1 —a+1 1

P(A) ~ P(Xe) gl _pd ~ NT@(X*) woak ™ NA%%‘ J.2)

When o —2-0 (the Wright-Fisher limit), the distribution
becomes p(A) ~%Af%, which can be analytically confirmed by

1

% a4

l I
X0 = N

Figure J1 An area A swept by a trajectory that eventually goes extinct and
an area A’ swept by a trajectories that eventually gets fixed are illustrated.
Tabs and T, are the extinction time and the fixation time, respectively.

Tabs T

solving a backward diffusion equation of the Wright-Fisher diffu-
sion (see Appendix J-2).

®  Specifically, the rate k is given by k= \/Z for 0 < B < 2 and by k= \/%
for B > 2 (Birzu et al. 2018).
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Figure J2 Left: The area distribution p(A) for a = 1, 1.5 and the Wright-Fisher model. The straight lines show the scaling-argument predictions,

P(A) x A‘% N = 10°. Right: The tail of p(A) in the large-A region.

The numerical results indicate that, when 1 < o < 2, there is
an uptick in the area distribution p(A), which comes from fixed
trajectories (see the case of a=1 in the right panel of Figure J2).
The uptick becomes less pronounced as o increases. For the
Wright-Fisher model, we can analytically prove that p(A) mono-
tonically decreases with A.

J-2: Area distribution in the Wright-Fisher
model

Here, we derive an analytical result of Equation J.1 for the
Wright-Fisher diffusion process.
Consider a Langevin equation

v+ 200, 03)

with (§(1)&(7')) = 2D(x)8(t — 7). Assume the initial value X(t=
0) =x0 € (0,1) and the absorbing boundaries at X=0, 1. For a
given trajectory departing from x, and ending at either one of the
boundaries, we consider the “area” defined by

A= Jb X(x)dr. 0.4)
0

where 14 is the absorption time.

The area distribution TI(A;x) for a given initial condition
X(0) = xo obeys a backward equation. To show this, we discretize
the dynamics;

AX =vh+W (.5)

where h denotes a short time interval and (W;W;) = 2Dhg;;. The
transition density is given by

(Ax — u(x )h)2
2(2D(xo(;h) ): 0-6)

T(xo + AX|X0)

1
~ /=(@2D(xo)h) exp(=

Note that

(AX),, = u(xo)h,
((AX)),, = v(x0)h + 2D(x0)h. 0.7)

By separating a trajectory into the initial step and the remaining
part, we have

TI(A; xo) = Jd(Ax) T(xo + Axx0)TI(A — xoh; Xo + A%) +o(h),  (1.8)
By Taylor-expanding II(A — xoh; Xo + Ax), we have

II(A — xoh; X0 + Ax) = TI(A; xo)f—xoh+—Ax

19’ ., &m 1 an
_ 97 9
+53a7%oN A xohAerza AX? + - 7.9
oIt 6 1 an
—H(A Xo) —aXoh"ra Ax +§a—OAX +O(h)

Therefore, Equation J.8 becomes

oIl 19’1
TT(A; X0) = TT(A; X0) — A ——Xoh + (A xo T 56—<AX2>XO +o(h).
(J.10)
By using Equation J.7, we obtain
ort ort %11
Xogy = U(Xo)a+D(Xo)@. (.11)

More generally, it can be shown that, for the following in-
tegral,

-
A :J dtf(X), (.12)
0

the distribution IT(A; x,) satisfies

oIt ort o’n
f(XO)a*A:U(XO)aJFD(XO)@» (.13)
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In the neutral Wright-Fisher model, v(x))=0 and
D(x0) = Xo(1 — Xo). The backward equation in Equation J.11 is
given by

2
- xO)%Tg. 0.14)
From this equation, it follows that II(A|xo) monotonically
decreases with Ao because the spectrum of the operator 6)2(0 ~
(ik)? is non-positive.

We can determine the area distribution p(A) analytically at
least for small A. We are interested in the invasion by a single
mutant, xo = + < 1. Furthermore, for the purpose of determining
the behavior for small areas, we expect that we can ignore the
presence of the high-frequency boundary x=1 and solve the
problem on the semi-infinite line xq € (0, 00). Therefore, we con-
sider the following problem:

ol %Il
A
TI(A; %0 = 0) = g(A)
II(A = 0;%0) =0 forxp >0
lim TI(A,x0) =0

Xo—00

(.15)

In our case, g(A) = 8(A), because the trajectory starting from xo =
Ohas A=0.
For a function f(A) of A, we write the Laplace transformation as

fio) = i) = [ asfve = 0.16)
By taking the Laplace transform with respect to A, we have
sT1(s; %o) :%S(%XO), I1(s,0) = §(s). (.17)
The solution is
fi(s:%) = e V54 (s). 0.18)
We take the inverse of the Laplace transformation,
TI(A; X0) = £} (€754 (s)). 0.19)

From the convolution theorem, this is given by the convolution of
(7 (emV5) = X0 e~a and g(A);

2mAT
A os F ;
0.04
—
St
> 003
[«}}
E>< 0.02
0.01
0.00 , T .
0 1000 2000 3000 4000 5000

Generations

TI(A; o) = J: da’ Q;JAE e Thg(A - A'). 7.20)
When g(A) = 8(A), we have
M(Aixg) =2 . 0.21)
2\/mA2
Especially, when xo = 1/N, we have
T(A; X0 = =)= ——— e T 0.22)

= e 4AN2 7,
N’ 2,/7NA} 2/ANA?

1 _ .
where we have used e"#7 =~ 1 since only areas larger than xg x

dr ~ & x £ = ;& are meaningful for a finite-size population.

Appendix K: Forward-in-time behaviors of
the Eldon-Wakeley model

Here, we present simulation results of the median allele fre-
quency and the median and mean square displacements in
the Eldon-Wakeley model (Eldon and Wakeley 2006) (see also
Der et al. 2012). As shown below, unlike our model, these
quantities do not exhibit sustained power-law behaviors, be-
cause of the existence of a characteristic size  in the off-
spring distribution.

We consider the neutral Eldon-Wakeley model, where the fol-
lowing offspring distribution Py(u) is given by [see Equation (7) in
Eldon and Wakeley (2006)];

Py(u) = (1 =N)d,0 + NMISM‘WN, (KAl)
where 3, is the Kronecker delta. € (0,1) and the parameters
characterizing how large and frequent ‘sweepstakes’ are.

The limiting process as N — oo depends on y [see Equation (9)
in Der et al. (2012)]. For y > 2, the process is the same as the
Wright-Fisher diffusion, while, for y < 2, it is described by a
jump process whose backward-time generator ¢' is given by

L'P(x,1) = xP(x + (1 — x),7) — P(x,7) + (1 — x)P(x — yx, 1), (K.2)
where the continuous time t is related with generations t by
t=t/N?. The first term of the generator represents a frequency-
increasing jump x — x + (1 — x) with rate x, while the last one

0.010
0.001

1074
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50 100 5001000 5000
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Figure K1 Simulation results of the Eldon-Wakeley model. (A) The median frequency of the Eldon-Wakeley model (red solid) and X™ed(t) = xpe VN "t
(black dashed). N = 10%, y=1, y = 0.1, o = 0.05. (B) The mean and median square displacements (blue and red curves, receptively). The black dashed
line « 1/t indicates the expectation from the Wright-Fisher (or Moran) model. N = 10°,7=1,y =0.2, Xo = 0.5.
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represents a frequency-decreasing jump x — x —yx with rate
1-x

Figure K1 shows numerical simulation results for the median
of allele frequencies and the median/mean square displace-
ments. The median frequency for a small initial frequency xo < 1
is well described by X™ed(t) = xoe~¥N"'t (Figure K1A). This expo-
nential decay can be expected from the generator in Equation
K.2; for x <« 1, frequency-increasing jumps (with rate x) are un-
likely to occur, and an allele frequency typically decreases by

—yx with rate 1—x= 1. Thus, the median frequency in the
Eldon-Wakeley model does not exhibit a power-law behavior.

As for frequency fluctuations, while the mean SD exhibits a nor-
mal diffusion as in the Moran (or the Wright-Fisher) model, i.e.,
Mean SD « t, the median SD does not exhibit a sustained power-
law behavior (Figure K1B); in a short- and long-time scales, the me-
dian SD exhibits a normal diffusion (Median SD « t), but, for an in-
termediate timescale (t ~ 500 — 1000 generations in the figure), it
increases more rapidly than expected from a normal diffusion.
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