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Abstract
Detecting and quantifying the strength of selection is a major objective in population
genetics. Since selection acts over multiple generations, many approaches have been
developed to detect and quantify selection using genetic data sampled at multiple points
in time. Such time-series genetic data is commonly analyzed using Hidden Markov
Models, but in most cases, under the assumption of additive selection. However, many
examples of genetic variation exhibiting non-additive mechanisms exist, making it criti-
cal to develop methods that can characterize selection in more general scenarios. Here,
we extend a previously introduced expectation-maximization algorithm for the inference
of additive selection coefficients to the case of general diploid selection, in which the het-
erozygote and homozygote fitness are parameterized independently. We furthermore
introduce a framework to identify bespoke modes of diploid selection from given data, a
heuristic to account for variable population size, and a procedure for aggregating data
across linked loci to increase power and robustness. Using extensive simulation studies,
we find that our method accurately and efficiently estimates selection coefficients for dif-
ferent modes of diploid selection across a wide range of scenarios; however, power to
classify the mode of selection is low unless selection is very strong. We apply our method
to ancient DNA samples from Great Britain in the last 4,450 years and detect evidence
for selection in six genomic regions, including the well-characterized LCT locus. Our work
is the first genome-wide scan characterizing signals of general diploid selection.

Author summary
Natural selection increases the likelihood that beneficial genetic variants are passed from
parent to offspring and thus forms the basis of genetic adaptation to novel environments.
Genomic data sampled at multiple timepoints, such as genetic material extracted from
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ancient remains (ancient DNA) or data from evolve and resequence experiments, can
enable more precise identification of genetic variants subject to selective pressure than
contemporary samples alone. However, most methods for identifying genetic varia-
tion under selection focus on additive selection, where the fitness of the heterozygote
is exactly intermediate between the homozygotes. Leveraging genetic data at multiple
timepoints, we develop a method to detect additive and non-additive selection as well
as to infer the most likely dominance mechanism. We apply our methods to a dataset of
ancient DNA from Great Britain dated less than 4,450 years before present and identify
six regions with signals of recent selection, including one at the TFR2 locus that has
not been previously reported as a target of selection. Our work enables more accurate
quantification of non-additive selection dynamics and can be used to test more complex
models of selection.

Introduction
Genetic variation that confers a fitness advantage to an organism over its peers tends to
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increase in frequency in the population over time until eventual fixation, if it is not lost to
genetic drift. This stochastic process of selection ultimately forms the basis of adaptation.
Detecting evidence of selection and quantifying its strength is thus a fundamental problem
in evolutionary biology, with applications ranging from finding mutations critical to early
hominid evolution [1] to predicting tumor growth [2]. In population genetics, many methods
to detect signatures of past selective events in contemporary population genomic data have
thus been developed [3–5].

However, since selection acts over multiple generations, genetic data observed at several
timepoints throughout allows for more accurate quantification of selective processes than
present-day samples alone. Recent technological advances have enabled researchers to col-
lect such time-series genetic data genome-wide. One main source of time-series genetic
data is ancient DNA (aDNA), that is, genetic material extracted from deceased individuals
in humans or other species [6]. Next-generation sequencing has enabled collecting genetic
data from large numbers of ancient samples, particularly through the development of tech-
niques such as hybridization enrichment [7]. Another major source of temporal genetic data
is experimental evolution studies [8]. Contemporary experimental evolution studies use next-
generation sequencing technologies on several biological replicates in evolve and resequence
(E&R) experiments to obtain high-quality estimates of temporal allele frequency changes at
many loci throughout the genome [9]. These datasets present unprecedented opportunities to
detect and characterize the adaptive processes that shape genomic variation [10,11].

Observing the true underlying population allele frequency trajectory as it changes over
time would allow for highly accurate characterization of the underlying selective processes.
However, in data obtained in practice, genetic variation is often only assessed for a set of
individuals sampled at a finite number of time points. Quantifying the strength of selection
therefore involves modeling the action of selection, genetic drift, and other population genetic
processes on the unobserved trajectory of the population allele frequency, and considering
sampled data as imprecise observations of this underlying trajectory.

A commonly used framework for analysis of time-series data that readily accommodates
this uncertainty are Hidden Markov Models (HMMs) [12]. In these HMMs, the underlying
population allele frequency evolves according to a Markov process, the Wright–Fisher model,
and samples are modeled as binomial observations given the underlying population allele
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frequency. This HMM framework has been used to estimate a variety of parameters: The
additive selection coefficient s [12], the time at which a beneficial mutation arose [13], the
effective population size Ne [14], or the rate of sequencing errors [15]. Within this HMM
framework, [16] introduced an expectation-maximization (EM) approach, which can be used
to estimate additive selection coefficients, as well as migration rates between sub-populations.
For reviews of HMM-based approaches to estimate selection coefficients and comparisons
between methods in, respectively, aDNA and E&R analyses, see [17] and [18].

Most implementations of the aforementioned HMM approach presented in the literature
to date are designed to only detect additive selection, but many examples of genetic variation
exhibiting non-additive mechanisms exist. In humans, non-additive targets of selection range
from the classical case of the heterozygote advantage conferred by one copy of the sickle-
cell allele [19,20] to recent evidence of pervasive dominance in an analysis of data from the
UK Biobank [21]. Additionally, stabilizing selection on complex traits, which is believed to
be widespread in humans [22], manifests as underdominant selective dynamics at the loci
affecting the trait [23–26].

Here, we extend the EM approach in [16] to estimate selection coefficients under a gen-
eral diploid model, that is, when the fitness values of homozygous and heterozygous geno-
types are independently parameterized. The use of an EMmethod to estimate the selection
parameters maximizing the likelihood iteratively allows for better scaling to more than two
parameters, compared to grid search-based methods [27]. For example, the use of the EM
algorithm allows us to simultaneously estimate diploid selection coefficients and the param-
eters characterizing the initial frequency of an allele, whereas estimating these parameters
using a grid search would be challenging.

We furthermore develop a novel framework for identifying the best-fitting mode of
selection for a given temporal dataset. While other methods to estimate general diploid selec-
tion coefficients have been presented in the literature [27–32], they do not explicitly address
the statistical problem of distinguishing between different modes of selection. Furthermore,
none of these methods have been applied to genome-wide data from human populations. To
our knowledge, our analysis is the first that characterizes recent general diploid selection in
humans from ancient DNA data on a full-genome scale.

The remainder of this article is organized as follows. In Methods, we outline our itera-
tive EM algorithm for efficiently estimating general diploid selection coefficients, as well as
the statistical procedure for inferring the most likely mode of diploid selection. In Simula-
tion study, we apply our algorithm and inference framework in a wide range of simulated
scenarios to assess its accuracy. We find that our method is generally well-powered to detect
selection and estimate its strength, however, power to classify the mode of selection is lim-
ited. Moreover, in Inferring effective population size, we introduce a procedure for estimating
a constant population size from temporal data. In Ancient DNA dataset from Great Britain,
we then perform a genome-wide scan for recent diploid selection in the human genome, using
publicly available ancient DNA data from individuals that lived in Great Britain in the last
4,450 years [33, Dataverse v7.0], introduce a procedure to aggregate p-values across linked
loci, and discuss six genomic regions that show signals of recent selection. In Coat coloration
locus ASIP in domesticated horses, we also apply our method to a locus involved in horse coat
coloration [34] to demonstrate the utility of our method when exploring non-additive sce-
narios. Lastly, we discuss future directions in Discussion. Our method EMSel (EM algorithm
for detecting Selection) and the scripts to generate the figures in this manuscript are available
online at https://github.com/steinrue/EMSel.
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Methods
Parameterizing general diploid selection
Throughout this article, we consider selection acting at a given biallelic locus in a diploid pop-
ulation of constant size Ne. The dynamics of the population allele frequency at this locus can
be described by the discrete Wright–Fisher model, where we denote by A and a the two alleles
at the locus, and by Yt ∈ [0, 1] and 1 – Yt the random population-level frequency of the A and
a allele in generation t∈ {1,… ,T}, respectively. Suppose that the relative fitness of individuals
with genotypes AA, Aa, and aa is 1 + s2, 1 + s1, and 1, respectively. Given these fitness values,
if the frequency of A alleles in the current generation is Yt = p, then the allele frequency in the
next generation Yt+1 is given by 1

2Ne
times a binomially distributed random variable with 2Ne

draws and success probability p′ ∶= p + p(1 – p)(s1(1 – 2p) + s2p) for small s1 and s2. This can
further be approximated by a normal distribution, where Yt+1 ∼N (p′, 1

2Ne
p(1 – p)), which is

commonly referred to as the Wright–Fisher diffusion [35, Ch. 5.3].
We use the term general diploid selection for the case of arbitrary s1 > –1 and s2 > –1, that

is, the fitness values for the homozygotes and heterozygotes are independently parametrized.
Many bespoke modes of selection correspond to constrained diploid selection, where the
possible values of s1 and s2 are restricted. We consider the following modes of selection:

• Additive: s1 = 1
2 s2. Relative fitness is proportional to the number of copies of the A allele.

Also referred to as haploid or genic selection.
• Dominant: s1 = s2. Any number of copies of the A allele confers the full fitness effect.
• Recessive: s1 = 0. Only individuals homozygous for the A allele have a fitness effect.
• Overdominance: s1 >max{0, s2}. Heterozygous individuals have the highest fitness.
• Underdominance: s1 <max{0, s2}. Heterozygous individuals have the lowest fitness.

Additive, dominant, recessive selection are one-parameter modes, with s ∶= s2 = 2s1, s ∶= s1 = s2,
and s ∶= s2 (s1 = 0), respectively. Over- and underdominance are two-dimensional subspaces,
but we frequently use the version s ∶= s1 (s2 = 0) as a one-parameter selection mode that
describes complete over- or underdominance. We also refer to the combination of the latter
two as heterozygote difference. While the one-parameter modes for complete over- and under-
dominance are more convenient for simulations, combining them into the one-dimensional
mode heterozygote difference when inferring parameters avoids statistical artifacts. In Fig 1, we
show a diagram of the different modes of selection as sub-spaces of the full two-dimensional
parameter space of general diploid selection.

Hidden Markov Model for inferring diploid selection coefficients
Derivation of the EM-HMM algorithm. To derive our novel method for inferring

general diploid selection coefficients from sampled time-series genetic data, we extend the
method developed in [16] for additive selection. If the exact frequency trajectory of the focal
allele p1,… , pT ∈ [0, 1] over T generations is known, then the normal approximation to the
Wright-Fisher process can be used to define the likelihood of this trajectory as

L(C)s1 ,s2(p1,… , pT) ∶=ℙs1 ,s2{Yt ∈ dpt ∀ 1≤ t′ ≤ T}. (1)

Here, we indicate the parameters of interest, the selection coefficients s1 and s2, in the sub-
script, and the superscript (C) indicates the model where the population allele frequency in
each generation takes values in the continuous range [0,1]. Without loss of generality, the
focal allele is the A allele. Maximizing this likelihood yields a maximum likelihood estimator
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Fig 1. Two-dimensional space of general diploid selection.The five bespoke selection modes we consider are: Additive,
dominant, recessive, over- and underdominance. Colors indicate the sub-space of the respective mode. 50 replicates simu-
lated under each mode, as well as their mean, are plotted to illustrate the characteristic shapes of the trajectories in each
mode.

https://doi.org/10.1371/journal.pgen.1011769.g001

(MLE) of the selection coefficients. In the case of additive selection, this estimator has been
presented in [36]. In Sects S.1.1 and S.1.2 in S1 Text, we revisit this estimator for the additive
MLE and extend the result to general diploid selection, which yields the estimators

ŝ1 =
(pT – p1)∑t p

3
t qt –∑t pt(pt+1 – pt)∑t p

2
t qt

∑t ptqt∑t p
3
t qt – (∑t p

2
t qt)

2 , and

ŝ2 =
∑t ptqt(1 – 2pt)∑t pt(pt+1 – pt) – (pT – p1)∑t p

2
t qt(1 – 2pt)

∑t ptqt∑t p
3
t qt – (∑t p

2
t qt)

2 ,

with qt ∶= 1 – pt.
However, as discussed in Introduction, the data often consists of a given number of indi-

viduals sampled from the population at certain points in time, and thus the full trajectory
of the population allele frequency is in general not known. To efficiently integrate over this
uncertainty, [12] introduced an HMM framework, where the population allele frequency
at a given time is the hidden state, evolving according to the Wright-Fisher model, and the
sampled genotypes are the observations. Specifically, assume that we have sampled the
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population at times 1≤ t1,… , tK ≤ T. At each timepoint, the data oti ∶= (nti , ati) consists of
the number of haplotypes sampled at this time nti , and the number of observed focal alle-
les ati . For convenience, we set nt ∶= 0 and at ∶= 0 at times where no data is observed, and we
denote the random variable associated with sampling the data at t by Ot. In addition, we dis-
cretize the population allele frequency intoM hidden states to allow efficient computation:
G ∶= {g0 = 0, g1, ..., gM–1 = 1}, with gi ∈ [0, 1], and gi–1 < gi. The hidden state in generation t is
then the discretized population allele frequency at t, which we denote by Ft ∈ G.

To apply the standard HMM framework [37,38, Ch. 13.2], we must define initial probabil-
ities ℙs1 ,s2{F1 = gi}, transition probabilities, and emission probabilities. For now, we assume
that the initial probabilities are given. These can be fixed or estimated, and we provide details
on an estimation procedure in Estimation of the initial allele frequency distribution. For the
transition probabilities from hidden state gi to hidden state gj, we use the normal approxima-
tion to the Wright-Fisher process and define

ℙs1 ,s2{Ft+1 = gj|Ft = gi} ∶=∫
(gj+gj+1)/2

(gj+gj–1)/2
𝜙(x;𝜇i(s1, s2), 1

2Ne
gi(1 – gi))dx,

where 𝜇i(s1, s2) ∶= gi + gi(1 – gi)(s1(1 – 2gi) + s2gi) for general diploid selection and 𝜙(x;𝜇,𝜎2)
denotes the density of a normal distribution with mean 𝜇 and variance 𝜎2. Here, we also set
g–1 ∶= –∞ and gM ∶=∞, which assigns all the probability mass to transition outside of the
interval [0,1] to the respective boundary points. Lastly, the emission probabilities to observe
at focal alleles in generation t are given by the binomial distribution

at ∼ Bin(nt,Ft),

with nt draws and success probability Ft, the respective population allele frequency. Fig 2A
depicts a schematic of this HMM.

Fig 2. HMM to infer selection. A) Schematic of an HMM. Each “stoplight” represents a haploid sample at the given time,
with a certain number of focal alleles. Also plotted are three possible population allele frequency trajectories through the
hidden state space. Trajectories with population frequencies closer to the frequencies in the samples are given more weight
when computing the expected values in the E-step of the algorithm. B) Log-likelihood surface and path of the EM-HMM
optimization under each mode for a given replicate simulated under additive selection.

https://doi.org/10.1371/journal.pgen.1011769.g002
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The forward-backward algorithm [37,38, Ch. 13.2] can then be used to obtain the posterior
probability over the hidden states in generation t

𝛾s1 ,s2(t, i) ∶=ℙs1 ,s2{Ft = gi∣Ot′ = ot′ ∀ 1≤ t′ ≤ T}

conditional on the observed data and given selection coefficients s1 and s2, and the joint
posterior of the hidden states

𝜉s1 ,s2(t, i, j) ∶=ℙs1 ,s2{Ft = gi,Ft+1 = gj∣Ot′ = ot′ ∀ 1≤ t′ ≤ T}.

Based on these posterior distributions, posterior expectations

𝔼(D)s1 ,s2 [h(Ft)∣Ot′ = ot′ ∀ 1≤ t′ ≤ T] =
M
∑
i=0
𝛾s1 ,s2(t, i)h(gi)

and

𝔼(D)s1 ,s2 [h(Ft,Ft+1)∣Ot′ = ot′ ∀ 1≤ t′ ≤ T] =
M
∑
i=0

M
∑
j=0
𝜉s1 ,s2(t, i, j)h(gi, gj),

can be computed for arbitrary functions h(⋅) and h(⋅, ⋅) of the marginal frequency and joint
marginal frequencies, respectively. Here, the superscript (D) indicates the use of the model
with the discretized allele frequencies.

To find the maximum likelihood estimate (MLE) of the diploid selection coefficients ŝ1
and ŝ2 under this HMM, we use the EM algorithm [37,38, Ch. 13.2], similar to [16] in the
additive case. We refer to this algorithm as an EM-HMM algorithm. The algorithm starts
with an initial parameter estimate (s(0)1 , s(0)2 ). At iteration k, the algorithm then computes
𝛾s(k)1 ,s(k)2

(t, i) and 𝜉s(k)1 ,s(k)2
(t, i, j) (E-step), and updates the parameter estimates by maximizing

the conditional log-likelihood using

(s(k+1)1 , s(k+1)2 ) = argmax
s1 ,s2∈ℝ

𝔼(D)
s(k)1 ,s(k)2

[ lnL(C)s1 ,s2(F1,… ,FT)∣Ot = ot ∀ 1≤ t≤ T], (2)

(M-step) until the estimates converge. Note that, under the binomial model, the emission
probabilities are independent of s1 and s2 and do not need to be considered explicitly in this
update step. Similar to the derivation of the MLE for a given trajectory from Eq (1), Eq (2)
yields

s(k+1)1 =
(𝔼[FT] – 𝔼[F1])∑t 𝔼 [F2tHt] –∑t 𝔼 [Ft(Ft+1 – Ft)]∑t 𝔼 [FtHt]

∑t 𝔼 [Ht]∑t 𝔼 [F2tHt] – (∑t 𝔼 [FtHt])
2 ,

s(k+1)2 =
∑t 𝔼 [Ht(1 – 2Ft)]∑t 𝔼 [Ft(Ft+1 – Ft)] – (𝔼[FT] – 𝔼[F1])∑t 𝔼 [FtHt(1 – 2Ft)]

∑t 𝔼 [Ht]∑t 𝔼 [F2tHt] – (∑t 𝔼 [FtHt])
2 ,

where Ht ∶= Ft(1 – Ft), and we denote the discretized conditional expectation by

𝔼[ ⋅ ] = 𝔼(D)
s(k)1 ,s(k)2

[ ⋅ ∣Ot = ot ∀ 1≤ t≤ T]

for brevity. See Sect S.2.2 in S1 Text for details of the derivation.
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Note that this approach is not an exact EM algorithm, since it combines the conditional
expectation 𝔼(D)[ ⋅ ] computed under the discretized model with maximization of the likeli-
hood L(C)(⋅) in the continuous model, similar to [16]. The reason for this hybrid approach is
that while the conditional log-likelihood can be maximized in the continuous setting using
the diploid generalization of the MLE in [36], the posterior expectations cannot readily be
computed. On the other hand, in the discretized model, the posterior expectations can be
computed, but the conditional log-likelihood cannot be maximized analytically. The hybrid
approach, however, is computationally tractable and yields highly accurate estimates.

Constrained optimization for bespoke selection modes. In addition to estimating
unconstrained diploid selection coefficients s1 and s2, we also want to estimate selection
coefficients in the one-parameter selection modes additive, recessive, dominance, and het-
erozygote difference. To this end, we introduce constraints on s1 and s2 using the framework
of Lagrange multipliers [39, Ch. 7.5]. Denoting the likelihood by Ls1 ,s2 , the optimization
problem can be formulated as maximizing the conditional log-likelihood 𝔼[lnLs1 ,s2] in Eq (2)
subject to g(s1, s2) = 0 for an arbitrary function g(⋅, ⋅), which can be solved by introducing the
Lagrangian Ls1 ,s2 ,𝜆 = 𝔼[lnLs1 ,s2] – 𝜆g(s1, s2) and solving ∇s1 ,s2 ,𝜆L = 0.

All aforementioned one-parameter selection modes of interest can be expressed as a
linear constraint, that is, as1 – bs2 = 0 for suitable a, b∈ℝ. In the Lagrange multiplier formal-
ism, we can thus set g(s1, s2) = as1 – bs2 and solve the constrained optimization problem to
obtain the MLE under the respective mode of selection. In Sect S.2.3 of S1 Text, we derive
explicit expressions for the update rules for s1 and s2 for arbitrary a, b. As an example, Fig 2B
shows the iterations of the additive, recessive, dominance, and unconstrained general diploid
selection EM-HMM algorithms on a dataset simulated under additive selection.

Estimation of the initial allele frequency distribution. The discretized distribution of
the initial allele frequency can be fixed for the analysis or can be estimated as well. When esti-
mating it, we fit a beta distribution to the initial frequency, as it is a flexible distribution with
only two parameters, denoted by (𝛼,𝛽), which avoids potential over-parametrization. If we
assume that the initial distribution does not depend on the selection coefficients, then the
discretized version of the EM update rule given in Eq (2) becomes

(𝛼(k+1),𝛽(k+1)) ∶= argmax
𝛼,𝛽∈ℝ>0

𝔼 [ lnL(D)𝛼,𝛽 (F1)]

= argmax
𝛼,𝛽∈ℝ>0

M–1
∑
m=0

𝛾𝜃(k)(1,m) ln p(m;𝛼,𝛽)
(3)

for the parameters (𝛼,𝛽). Here, L(D)𝛼,𝛽 (⋅) denotes the likelihood of a discretized beta distribu-

tion, the conditional expectation 𝔼[⋅] is now parameterized by 𝜃(k) ∶= (𝛼(k),𝛽(k), s(k)1 , s(k)2 ),
and p(m;𝛼,𝛽) is the integral of a beta distribution with parameters (𝛼,𝛽) over them-th
discretization interval. At each iteration k of the EM-HMM algorithm, we solve Eq (3) numer-
ically to update 𝛼 and 𝛽 alongside the selection coefficients. Since the EM update for the
selection coefficients already requires computing 𝛾(D)𝜃(k)(t, i), the extra step of updating the
initial condition comes at minimal computational cost. We observed that estimating the
initial distribution does affect the accuracy of the selection coefficient estimation, see Fig J in
S1 Text, while providing more flexibility.

Additional implementation details. Analyzing data using our EM-HMM algorithm
requires choosing the number of hidden states or discretization intervalsM, and where
to place the discretization points G ∶= {g0 = 0, g1, ..., gM–1 = 1}. A common choice for the
discretization points is to space them equidistantly, that is gi = i

M–1 . However, we observed
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that this discretization did not perform well when selection was strong, see Sect S.5 in S1
Text for details. We thus decided to use the Chebychev nodes gi ∶= 1

2 +
1
2 cos (

2𝜋i
2∗(M – 1)) for

0≤ i≤M–1. These nodes are often used for numerical integration, since they mitigate
Runge’s phenomenon [40, Ch. 4.5]. Intuitively, when using equidistant spacing, the variance
of the normal distribution for the transition used in the M-step becomes smaller than the size
of the discretization intervals near the boundary, and consequently, the density at the dis-
cretization points does not approximate the probability mass in the interval well. Using the
Chebychev nodes effectively increases the density of discretization points near the boundary
and decreases it in the interior, mitigating this problem.

We analyzed simulated data using different choices of the number of hidden statesM in
Robustness of selection coefficient estimation. We observed that the inference does not per-
form well when using fewer than 250 hidden states, but is stable for higher values. To balance
accuracy of the EM-HMM algorithm and computational efficiency, we chooseM = 500 hid-
den states in all analyses. Unless stated otherwise, we initialize the selection coefficients for
the EM-HMM algorithm with s(0)1 = s

(0)
2 = 0 and set the starting parameters for the initial

distribution to 𝛼(0) = 𝛽(0) = 1, which corresponds to the uniform distribution. For all analy-
ses, we use the convergence criterion that the difference in log-likelihood between iteration k
and iteration k+ 1 must be less than 10–3. Additionally, since the EM algorithm can require
many iterations to meet this convergence criterion, we tested accelerating the EM using the
SQUAREM procedure [41]. We found that, while this approach reduced the total number of
iterations required, the total runtime of the algorithm increased due to the additional com-
putational cost per iteration. Since we observed no noticeable increase in accuracy of the
estimation, we thus proceeded with the regular EM approach.

We noticed that, especially for simulations under neutrality, the EM-HMM for many
replicates would return s(0)1 = s

(0)
2 = 0 as the MLE, but the actual MLE would deviate slightly

from 0, with a log-likelihood increase <10–3. Nonetheless, this would result in many repli-
cates reporting a log-likelihood ratio of exactly 1, and consequently, p-values around 1 were
not well calibrated. To avoid potentially unwanted distortions to the distribution of p-values,
we required the EM-HMM to perform at least 5 iterations before stopping, taking the maxi-
mum log-likelihood obtained in the first 5 iterations if further iterations do not increase the
log-likelihood. In practice, this has minimal effect on replicates simulated under selection,
since the EM-HMM requires more than 5 steps to converge in most of these cases.

Distinguishing between modes of selection
P-values for a single alternative. Before describing our approach to the full problem

of inferring the mode of selection with multiple alternatives, we first outline the solution to
the task of rejecting neutrality in the case of a one-parameter alternative mode of selection.
For a given replicate and one-parameter selection mode, we use the EM-HMM algorithm to
compute the MLEs ( ̂s, 𝛼̂, ̂𝛽), as well the log-likelihood lls for these parameters. Moreover,
we compute the MLEs ( ̂𝛼0, ̂𝛽0) and log-likelihood ll0 under neutrality (s = 0). Treating the
parameters of the initial distribution as nuisance parameters, we then perform standard
likelihood-ratio testing using the likelihood-ratio statistic D = 2(lls – ll0). As the sample size
goes to infinity, Wilks’ theorem [42] implies that D should be 𝜒2 distributed with one degree
of freedom under the null hypothesis s = 0, which we denote by 𝜒2(1). However, each repli-
cate consists only of one set of temporal samples, so we are not operating in the asymptotic
regime of Wilks’ theorem, and have no theoretical guarantee regarding the distribution of D.
Nonetheless, in Validation of single-alternative p-values, we show that if we compute p-values
using p = 1–ℙ{𝜒2(1) <D}, assuming a 𝜒2(1) distribution, then the resulting p-values are
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well-calibrated, and thus the asymptotic formula provides a good approximation. P-values
computed this way can thus be used to accept or reject the null hypothesis of neutrality for a
given dataset, under the given one-parameter alternative.

Multiple alternatives. Themode of selection underlying a given dataset might not be
known a priori, so we devised the following strategy that aims at inferring the mode of
selection among multiple alternatives from the given data. We found that unconstrained esti-
mation of the MLE ( ̂s1, ̂s2) in the full two-dimensional parameter space has higher variance
than inference in the bespoke constrained modes. Thus, our approach to infer the mode of
selection relies solely on the constrained modes of selection. Motivated by the fact that the test
statistic D is well-calibrated in the case of single alternative tests for all modes of selection, we
propose the following procedure to establish significance and classify significant replicates:

1. For all replicates in the target dataset, obtain the MLE parameters for all constrained
modes of selection: Additive, dominance, recessive, and heterozygote difference.

2. For each replicate, compute the test statistic

𝛿 ∶= –2(ll0 –max(lladd, lldom, llrec, llhet)),

where ll0 is the likelihood under neutrality, and llm is the maximal likelihood for
modem.

3. For each replicate, compute its p-value as p = 1 – ℙ{𝜒2(1) < 𝛿}, and reject neutrality at
the desired level of significance.

4. If neutrality is rejected, classify the mode of selection according to

argmax{lladd, lldom, llrec, llhet}.

In the case that the heterozygote differencemode is the most likely mode, classify as
overdominant if s1 > 0 and as underdominant if s1 < 0.

We found that the p-values computed from the statistic 𝛿 using a 𝜒2(1) distribution
with 1 degree of freedom are not as well calibrated as the p-values in the single alternative
tests, and can lead to slightly anti-conservative p-values (see Validation of single-alternative
p-values) in the tail of the distribution. This is not unexpected, as some p-values from the
well-calibrated single-alternative D statistic are replaced by higher-likelihood estimates from
additional modes of selection. However, using a 𝜒2(2) distribution resulted in an even poorer
fit.

Additionally, we explored fitting parametrized distributions to parametric bootstrap simu-
lations of the statistic 𝛿. In Fig N in S1 Text, we compare p-values computed using the 𝜒2(1)
and 𝜒2(2) distribution to p-values computed using parameterized distributions, such as the
generalized gamma distribution, that were fit to bootstrap simulations with 10,000 replicates
in a scenario related to our data analysis in Ancient DNA dataset from Great Britain. While
the bootstrap procedure achieved better calibration in this scenario, the procedure required
extensive simulations specific to a given scenario to determine the requisite parameters. We
thus recommend using the 𝜒2(1) distribution, since it is a fast and flexible procedure that
leads to reasonably well-calibrated p-values, even in the tail of the distribution, and is partly
motivated by theory. In practice, we do recommend simulating data in the specific scenario of
interest to confirm that the p-values are well calibrated.
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Results
Simulation study
To assess the performance of our EM-HMM algorithm to estimate selection coefficients and
infer the correct mode of selection across a variety of selection regimes, we simulated datasets
under several combinations of parameters and exhibit the accuracy of the inference.

Simulation parameters. We simulated population allele frequency trajectories under the
discrete Wright-Fisher model for a given number of generations and sampled a certain num-
ber of haplotypes at given times from a binomial distribution with success probability given
by the respective population allele frequency. Specifically, we simulated datasets under neu-
trality (s1 = s2 = 0), each one-parameter selection mode (additive, recessive, dominant), where
we set s = s2, and complete over- or underdominance with s = s1 and s2 = 0. We simulated using
selection coefficients s∈ {0.005, 0.01, 0.025, 0.05} and the length of the simulated trajectory in
generations T∈ {101, 251, 1,001}. We considered two different types of initial conditions: 1)
The population allele frequency is initialized at a fixed value p∈ {0.005, 0.25} for each repli-
cate, and 2) the initial frequency of each replicate is drawn from the set i∈ { 1

2Ne
,… , 2Ne–1

2Ne
}

with probability proportional to 1
i . The latter is the stationary distribution for neutral segre-

gating sites under the Poisson Random Field model [43], and thus corresponds to selection
from standing variation. We conditioned the simulated data on the focal allele A not being
lost or fixed in the samples, depending on the mode of selection. Specifically, for additive,
dominant, and recessive selection, we conditioned on A not being fixed at the first generation
and not being lost at the last generation; for overdominance, the simulation is conditioned on
A segregating in the last generation; for underdominance, we conditioned on A segregating in
the first generation.

For all simulations, the population size was set to Ne = 10,000. the sampling scheme con-
sisted of K = 11 equidistantly-spaced points in time, where the first and last point align with
the start and the end of the simulated trajectory, respectively. At each time, we sampled
ntk = 50 haploids. For each combination of parameters, we simulated 10,000 replicates under
neutrality, and 1,000 replicates under each mode of selection and strength of selection. For
each replicate, we performed inference using the same Ne that was used for the simula-
tions under the four bespoke selection modes: additive, recessive, dominant, and heterozygote
difference.

In Estimating selection coefficients, Validation of single-alternative p-values, and Valida-
tion of selection mode inference, we present results for the simulations with 251 generations
and initial allele frequency fixed to p = 0.25. The results for other combinations of number
of generations and initial allele frequency distribution can be found in Sect S.3 of S1 Text. In
general, the results are similar, with the exception of extreme cases: For recessive or under-
dominance with low initial frequencies, the selected allele is often lost, resulting in inaccurate
estimates.

Estimating selection coefficients. In Fig 3A, we present the distribution of the estimated
selection coefficient ̂s across replicates simulated under the additive, recessive, dominant,
overdominant, and underdominant modes. Estimates of the selection coefficients are in
general accurate and unbiased. For intermediate-to-strong selection, overdominance has the
highest variance in ̂s estimates. The likely explanation is that the overdominance replicates
reach stationarity (p = 0.5) quickly, resulting in fewer informative samples, and increased
variance of estimates. In Fig I of S1 Text, we plot the selection coefficients estimated using
the unconstrained EM for all modes of selection, that is, estimating both s1 and s2. Additive,
recessive, dominant, and overdominant selection are well-estimated by the unconstrained
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Fig 3. Accuracy of inference from simulated data. A) Boxplot of ̂s for 1,000 replicates simulated under each selection
mode. Whiskers extend to 2.5% and 97.5%-tiles. Number of estimates outside plotting range indicated above the plot.
Estimates are generally unbiased and have low variance, with the exception of overdominance. B) Q-Q plot of – log10(p)
against 𝔼[– log10(p)] of single-alternative tests for neutral replicates. Inset shows same plot for raw values. The p-values are
well-calibrated under all modes of selection. C) Table of AUC values based on likelihood-ratios for each selection mode
and selection strength simulated. For s>0.01, AUC values are near 1, indicating perfect discrimination between neutral and
non-neutral replicates. D) Q-Q plot of – log10(p) against 𝔼[– log10(p)] for the 𝛿 statistic under the 𝜒2(1) and 𝜒2(2) distri-
butions. The 𝜒2(1) distribution is better calibrated, although it is slightly anti-conservative in the tail. For all simulations,
the number of generations is T = 251 and the initial condition is fixed at frequency p = 0.25.

https://doi.org/10.1371/journal.pgen.1011769.g003

EM, whereas the estimates for underdominance show more variability. We thus recommend
exploring the bespoke one-dimensional modes first.

Validation of single-alternative p-values. Next, we report the single-alternative p-values
obtained using the 𝜒2(1) distribution, as described in P-values for a single alternative, for
all four modes: additive, recessive, dominant, and heterozygote difference. Fig 3B shows a Q-Q
plot, where we plot the empirical p-values against their expected value for replicates simulated
under neutrality. For all selection modes, the points follow the line y = x closely, indicating
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that the p-values are well-calibrated, and that the distribution of the likelihood-ratio statistic
D is well-approximated by a 𝜒2(1) distribution.

Additionally, we report the performance of the single-alternative tests in terms of the area
under the curve (AUC) of a receiver-operator characteristic curve. An AUC value of 0.5 indi-
cates no power to distinguish neutral replicates from non-neutral replicates, whereas an AUC
value of 1 indicates perfect discrimination. Fig 3C reports the AUC values for each simulated
selection mode over the range of selection parameters s. We observe that in these scenarios,
the method is well-powered to reject the null hypothesis for s≥ 0.01. AUC values are lower
in the case of recessive selection, since 251 generations can be insufficient for replicates at low
frequency to escape the drift-dominated regime.

Validation of selection mode inference. We furthermore computed p-values for the
simulated datasets in the case of multiple alternatives, following the procedure outlined in
Multiple alternatives. A Q-Q plot of the p-values against their expected values is shown in
Fig 3D. In this scenario, the 𝜒2(1) distribution provides a good fit for the 𝛿 statistic, although
it is slightly anti-conservative in the tail of the distribution. However, in other scenarios
(see Sect S.3 in S1 Text), the 𝜒2(1) distribution can be slightly overconservative. Since the
different alternative selection modes are all embedded in a two-dimensional parameter space,
Fig 3D also shows p-values computed from the 𝛿 statistic using a 𝜒2(2) distribution. How-
ever, we observe that these p-values are poorly calibrated, and thus recommend using the
𝜒2(1) distribution.

We then tested the ability of our approach to correctly identify the mode of selection.
Fig 4 shows a confusion matrix resulting from inferring the mode of selection with a p-value
significance threshold of 0.05. Each row of the confusion matrix represents all replicates
simulated under a particular mode of selection. The numbers in the corresponding column
indicate the fraction of replicates in which a particular mode is inferred. Values on the diag-
onal reflect identification of the correct mode, whereas off-diagonal values reflect replicates
where the mode is not correctly inferred. For s = 0, neutrality is rejected for 6.3% of replicates,
indicating that the 𝜒2(1) distribution is anti-conservative. For s = 0.05, the correct model is
inferred for a majority of replicates for all modes of selection. For weaker selection, s = 0.01,
only dominant and overdominant selection are inferred for a majority of replicates. However,
neutrality is rejected for over 50% of the replicates for all modes of selection, indicating that
power to reject neutrality exists, but accuracy to correctly infer the mode of selection is more
limited.

Lastly, we investigate accuracy of the MLE of the selection parameters, given that the mode
was correctly classified. Fig 5 shows the distribution of ̂s estimates for replicates that were
correctly classified as additive, dominant, or recessive selection, as well as ̂s for neutral repli-
cates that were classified incorrectly. For larger s, correctly classified replicates are more tightly
clustered around the true value, with far fewer outliers compared to the distribution using
all replicates. For lower values of s and neutrality, the ̂s estimates for replicates classified as
non-neutral are biased. This is primarily due to a “winner’s curse” effect, where neutrality is
only rejected for replicates with extreme MLEs.

Robustness of selection coefficient estimation. Next, we investigated how estimation
accuracy is affected if we vary parameters that were fixed in the previous simulation study.
We varied the number of times a sample is taken K∈ {2, 5, 11, 35, 101}, the number of
haploid samples at each timepoint ntk = {6, 20, 50, 100, 200}, the effective population
size Ne ∈ {102, 103, 104, 105, 106}, and the number of hidden states in the HMM
M∈ {100, 250, 500, 1,000, 2,000}. We varied one parameter at a time, and fixed the others to
K = 11, ntk = 50, Ne = 10,000, andM = 500. We fixed the selection coefficient s to 0.025 for all
simulations, set the total number of generations to T = 251, and set the initial distribution
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Fig 4. Confusion matrix when inferring the mode of selection. A p-value threshold of 0.05 is used to reject neu-
trality. Cells with an orange border represent correct classification. The correct model is inferred for the majority of
replicates for s = 0.05 for all modes of selection. For all simulations, the number of generations is T = 251 and the
initial condition is fixed at frequency p = 0.25.

https://doi.org/10.1371/journal.pgen.1011769.g004

to a fixed frequency at p = 0.25. Boxplots of the estimated selection coefficients for additive,
recessive, and dominant selection are shown for each scenario in Fig 6. Similar to [16] in the
additive case, we find that the accuracy does not depend strongly on the sampling scheme
except for very low values, such as sampling 6 haplotypes per timepoint or only sampling at
the beginning and end of the trajectory. However, the boxplots are tighter for larger sample
sizes and more sampling times. This implies that both variance due to finite sampling and
variance in the true allele frequency contribute to uncertainty of the selection coefficients
estimates. Similarly, the accuracy of the estimates are comparable for 250, 500, 1,000,
and 2,000 hidden states. However, for 100 hidden states, the estimates are strongly biased
downward. We thus recommend usingM = 500 to balance accuracy with computational
efficiency.

To investigate the accuracy of the estimates when the mode of selection is incorrect, we
re-analyzed a subset of the data under scenarios in which we misspecify the mode. We con-
sider two cases: (1) Simulating under additive, dominant, recessive, over-, or underdominant
selection and analyzing under additive selection, and (2) simulating under additive selection
and analyzing under additive, dominant, recessive, or heterozygote difference. Fig 7A and 7B
depict boxplots of the MLEs ̂s under both of these misspecification scenarios.

When simulating under each mode of selection and analyzing under the additive
EM-HMM, the estimates of ̂s are biased for all modes, most strongly for overdominant
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Fig 5. Strip plots of inferred ̂s against true s. Conditioned on the correct model being chosen among multiple alter-
natives. In the neutral case, the plot shows the neutral replicates classified into certain modes. For neutrality, the strip
plot is for 1,000 replicates randomly chosen from 10,000 simulated. The number over each strip indicates the number
of replicates correctly classified out of the 1,000. For s = 0.005 and neutrality, the inferred values are strongly biased,
due to a “winner’s curse” effect. For all simulations, the number of generations is T = 251 and the initial condition is
fixed at frequency p = 0.25.

https://doi.org/10.1371/journal.pgen.1011769.g005

selection at high s. Alleles undergoing strong overdominant selection quickly reach a
stationary frequency of p = 0.5. Since the alleles do not continue to increase in frequency, the
additive EM-HMM thus underestimates the true selection strength. In the case when we sim-
ulate under additive selection and analyze under each selection mode, the ̂s estimates are not
strongly biased for recessive and dominant, but reverse sign for heterozygote difference at high
selection strengths. In this case, the allele frequency increases beyond p = 0.5, so the heterozy-
gote difference EM-HMM changes from overdominance to underdominant selection. Over-
all, the biases in the estimates ̂s indicate that using the incorrect one-parameter EM-HMM
provides inaccurate estimates of s.

We furthermore investigated the power to reject or accept neutrality in the single-
alternative testing framework described in P-values for a single alternative under each of these
misspecification scenarios. The resulting AUCs are presented in Fig 7C and 7D. For the case
of analyzing other modes under additive selection, AUC values are slightly lower than the val-
ues in Fig 3C, but still substantially greater than 0.5. For the additive datasets analyzed using
the incorrect selection modes, the AUC values do not differ substantially between different
modes. In both misspecification scenarios, the one-parameter additive EM-HMM has suf-
ficient power to accurately reject or fail to reject neutrality for moderate-to-high selection
coefficients. Thus, if the goal is only to identify non-neutral evolution, it can be sufficient to
analyze given data using the additive EM-HMM only, but for accurate characterization of the
selection coefficients, the correct mode needs to be used.

Inferring effective population size. We next explored applying our method to infer the
effective population size Ne of the underlying population. The approach to derive the update
rules for the EM-HMM algorithm provided in Eq (2) and Eq (3) does not readily yield an
update rule for Ne. Thus, we instead use a grid-based approach to estimate it. Specifically, we
compute the likelihood of observing a given replicate under the neutral HMM with s1 = s2 = 0
and a given population size Ne. To combine power across replicates or loci, we compute the
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Fig 6. Boxplots for different parameter ranges.Whiskers extend to 2.5% and 97.5%-tiles. We vary: A) Number of samples
taken at each timepoint, B) Number of timepoints sampled, C) Effective population size, D) Number of hidden states in the
HMM. Except for the lowest parameters, estimates of the selection coefficient are unbiased. Width of boxplots decreases as
the number of samples and sampling timepoints increases. For all simulations, the number of generations is T = 251 and
the initial condition is fixed at frequency p = 0.25. When not varied, parameters used are K = 11 sampling times, ntk = 50
samples at each timepoint, Ne = 10,000, andM = 500 hidden states.

https://doi.org/10.1371/journal.pgen.1011769.g006

sum of the log-likelihoods over all replicates on a grid of Ne values, then interpolate between
these grid values and use the value of Ne that maximizes this composite likelihood surface as
our estimate of Ne.

We noticed that when simulating data with large values of Ne, the resulting likelihood
surface would often be very flat, making estimation challenging. To counteract this, we condi-
tion our likelihoods on observing at least one polymorphic sample at any timepoint, by divid-
ing the likelihood by (1–ℙ{no focal alleles observed}–ℙ{no non-focal alleles observed}).
This penalizes high values of Ne and results in more peaked likelihood surfaces. Fig Q of S1
Text shows several example composite likelihood surfaces. Even after this conditioning pro-
cedure, the surfaces are still fairly flat, but they do allow for determining a clear maximum.
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Fig 7. Inference using incorrect selection mode. A) Boxplots of ̂s for 1,000 replicates simulated under each selection mode
and analyzed using additive selection. The estimates are mostly inaccurate. B) Boxplots of ̂s for 1,000 replicates simulated
under additive selection and analyzed under each selection mode. Again, the estimates are not accurate if the mode is incor-
rect. For both sets of boxplots, whiskers extend to 2.5% and 97.5%-tiles. C) Table of AUC values for data simulated under
each selection mode using likelihood-ratios obtained assuming additive selection. Values are lower compared to analyzing
under the correct mode of selection, but still show substantial power to reject neutrality. D) Table of AUC values for data
simulated under additive selection using likelihood-ratios obtained assuming each possible selection mode. The values are
very similar across selection modes. For all simulations, the number of generations is T = 251 and the initial condition is
fixed at frequency p = 0.25.

https://doi.org/10.1371/journal.pgen.1011769.g007

Furthermore, we found that the Ne estimates were most accurate when the initial condition
for computing the likelihood is fixed as the uniform distribution, rather than estimated as in
Estimation of the initial allele frequency distribution. A possible explanation could be that the
procedure to estimate the initial condition is affected by the choice of Ne, which in turn could
bias the estimates.

We simulated 25 batches of 10,000 neutral replicates under the scenario with 251 genera-
tions, initial frequency fixed at p = 0.25, and the sampling scheme used in Simulation study
for Ne ∈ {2,500, 10,000, 40,000}. We estimated Ne for each batch using the above procedure.
Fig 8 shows boxplots of the inferred Ne for each batch. The Ne values estimated from the grid-
based procedure are tightly clustered around the true value, although slightly biased upward
in all cases. More powerful approaches to estimate Ne exist, for example, using IBD segments
in contemporary data [44]. However, we believe that when analyzing time-series genetic
data, the performance of the grid-based HMM procedure is acceptable and yields the most
appropriate estimate of Ne to use in downstream analyses.
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Fig 8. Estimating the effective population size Ne. Boxplots of Ne estimated using the grid-based HMM procedure,
for data simulated under neutrality for Ne ∈ {2,500, 10,000, 40,000}. For each simulated value Ne, each of the 25
estimates shown are based on the composite likelihood of a batch of 10,000 replicates. Ne estimates are slightly biased
upward with low variance. For all simulations, the number of generations is T = 251 and the initial condition is fixed
at frequency p = 0.25. Whiskers extend to 2.5% and 97.5%-tiles.

https://doi.org/10.1371/journal.pgen.1011769.g008

Ancient DNA dataset from Great Britain
Description of GB aDNA dataset. Having demonstrated the ability of our approach to

accurately characterize selection in simulated data, we applied our method to time-series
genetic data obtained from human ancient DNA. To this end, we extracted the genotype
information from a subset of the individuals in the Allen Ancient DNA Resource (AADR),
Dataverse v7.0, which is a frequently updated repository that aims at comprising most
currently published ancient DNA datasets [33].

Our method assumes that the data originates from a single panmictic population. We thus
follow a rationale similar to [45] and restrict our analyses to samples from Great Britain in the
last 4,450 years. We manually removed samples that were not from the mainland. Restricting
to this geographic area and time window, it is unlikely that the data we analyze substantially
violates the assumption of a single panmictic population, since the last major admixture event
into Great Britain is estimated to have occurred before 4,450 years ago [46,47], although evi-
dence for some more recent gene flow has been presented [48,49]. Fig R in S1 Text shows
a map with sample locations and times. Moreover, Fig S in S1 Text depicts two PCA plots,
demonstrating that the samples cluster with modern European individuals on a global scale,
but do not exhibit evidence of strong structure on a local scale.

When analyzing samples that were genotyped using the 1240K capture assay and samples
genotyped using whole genome sequencing together, we noticed spurious signals of selec-
tion, see Fig V in S1 Text. As a conservative approach, we thus only analyzed samples that
were genotyped using 1240K capture, and excluded the 174 whole genome samples in this
geographic area and timeframe from our dataset. We note that this conservative approach
also removed the present-day samples. Our resulting dataset, henceforth referred to as the
GB aDNA dataset, thus comprises 504 ancient pseudo-haploid samples genotyped using the
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1240K assay and spanning 125 generations, when using a generation time of 28.1 [50]. Sam-
ples in the same generation are binned together to form the final dataset used for analysis.
These individuals are a subset of the individuals published in [46,48,49].

We furthermore applied three filters to each SNP in the dataset. First, each SNP must have
genotyped samples at two or more timepoints. Second, each SNP must have more than 50
(10% of 504) samples genotyped in total. Third, the minor allele frequency when pooling all
samples at a given SNP across time must be greater than 0.05. We expect only SNPs that pass
these filters to yield reliable signals of selection. In total, out of the 1,150,638 SNPs available,
743,417 (64.6%) pass these three filters and were used in the final analysis.

Data-matched simulations. To assess the accuracy of our method in the specific con-
text of the GB aDNA dataset, we simulated two datasets matching the sampling scheme and
timeframe of the GB aDNA dataset: In the first, which we refer to as the IBDNe dataset, we
simulated the data using a history of effective population sizes that vary over time, using
a population size history for the British population previously inferred from the UK10K
dataset [44]. In the second, which we refer to as the const-Ne dataset, we simulate under a sin-
gle constant Ne estimated from the GB aDNA dataset ( ̂Ne = 9,715, see Significant signals of
selection in the GB aDNA dataset). We show results for the IBDNe dataset in this section and
show results for the dataset with constant Ne in Sect S.6 of S1 Text.

We simulated allele frequency trajectories under a particular mode of selection for T = 125
generations using selection coefficients s∈ {0, 0.005, 0.01, 0.025, 0.05}, and sampled haplo-
types given each trajectory according to the sampling times and sizes of the GB aDNA dataset.
For the IBDNe dataset, we used the graphreader tool (https://www.graphreader.com)
to extract values of Ne at each generation from Fig 4A given in [44] for the period spanned
by the samples in the GB aDNA dataset. These values were then used as time-varying Ne in
the Wright–Fisher simulations. Fig O of S1 Text shows the extracted Ne values. In addition,
we randomly omitted sampled haplotypes with probability equal to the fraction of missing-
ness at a randomly selected SNP in the GB aDNA dataset, to emulate the same degree of miss-
ing data. We provide a histogram of the fraction of sampled haplotypes missing for each SNP
in the GB aDNA dataset in Fig T in S1 Text. To further ensure that the simulated replicates
match the GB aDNA dataset, we apply the same three SNP-based filtering criteria, and only
keep replicates that pass all filters. We simulated 10,000 replicates under neutrality and for
each s under each of the five one-parameter selection modes.

To generate the initial frequency for each simulated replicate, we first estimated the param-
eters 𝛼 and 𝛽 for the beta distribution of the initial frequency under neutrality (s = 0) at each
SNP in the GB aDNA dataset that passes our filters, as described in Estimation of the ini-
tial allele frequency distribution. Fig U in S1 Text shows a histogram of the mean values
𝛼/(𝛼+𝛽) of the initial distributions estimated for each SNP. For each simulated replicate, we
then chose one SNP uniformly at random, and set the initial frequency of the replicate equal
to the mean of the chosen SNP. This procedure ensures that the initial frequency distribution
of the simulated data matches the GB aDNA dataset closely, and captures any potential biases,
for example, due to ascertainment of the 1240K SNP set.

To heuristically account for the variable population size history in the simulated data, we
follow a strategy similar to [51]: We use the neutral replicates to estimate a shared constant ̂Ne

using the procedure described in Inferring effective population size, and use the inferred ̂Ne

when estimating the selection coefficients for each replicate. We then compute the MLEs for
the selection coefficients using our EM-HMM for each replicate, with the mode of selection
in the analysis matched to the simulated mode, and show the distribution of the MLEs ̂s in
Fig 9A. As with the simulated datasets in Simulation study, the estimates of the selection coef-
ficients are largely unbiased. However, unlike in the simulated datasets, for strong selection,
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Fig 9. Accuracy of inference from data-matched simulations. A) Boxplots of MLEs ̂s for all one-parameter selection
modes. Each boxplot shows 1,000 random replicates of the 10,000 simulated. Whiskers extend to 2.5% and 97.5%-tiles.
Estimates are largely unbiased for small s, and slightly biased downward for large s. B) Q-Q plot of – log10(p-value) against
𝔼[– log10(p-value)] for single-alternative tests obtained using the 𝜒2(1) distribution. Inset shows raw p-value against
expected p-value. As for the simulated datasets, p-values are well calibrated. C) Table of AUC values for data-matched
simulations using likelihood-ratios for each one-parameter selection mode. D) Q-Q plot of – log10(p-value) against
𝔼[– log10(p-value)] for multiple-alternative likelihood ratio statistic 𝛿 using the 𝜒2(1) and 𝜒2(2) distributions. The 𝜒2(1)
distribution provides a good fit that is slightly anti-conservative in the tail. For all simulated replicates, the number of gen-
erations is T = 125, the value of Ne in each generation is derived from [44], and the initial frequencies match the GB aDNA
dataset.

https://doi.org/10.1371/journal.pgen.1011769.g009

the data-matched replicates have a slight downward bias. This is likely due to the fact that the
data-matched simulation comprises half the number of generations as the simulation study
presented in Fig 3A. The simulated datasets with T = 101 generations show a similar, though
less pronounced, downward bias at high s – see Fig C in S1 Text. In addition, the variance in
the estimate of ̂s for underdominance is lower than for the simulated datasets in Simulation
study despite the shorter time horizon.
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Next, we applied our procedure to test for a single alternative and our procedure to infer
the mode of selection to the IBDNe simulations. For the test of a single alternative, Fig 9B
shows a Q-Q plot of the p-values computed from the likelihood-ratio statistic D assuming
a 𝜒2(1) distribution against their expected value. We again observe that these p-values are
well-calibrated. As in Validation of single-alternative p-values, we computed AUC values to
assess the power of the single-alternative tests on the IBDNe simulations, which are shown in
Fig 9C. For s≥ 0.025, the AUC values are between 0.8 and 1, with the exception of overdom-
inant selection. In general, the AUC values are lower than in Fig 3C; for example, for s = 0.05
in the case of overdominance, the AUC is 0.81 for the IBDNe simulations, compared to 0.99
for the simulations in Simulation study. This is likely due to the initial distribution that we
used for the IBDNe-matched simulations, which has more weight close to p = 0, combined
with the reduced number of generations. Both of these properties result in smaller cumulative
changes in allele frequency, and thus power to distinguish from neutral replicates is reduced.

We also applied our multiple alternatives framework introduced in Multiple alternatives.
Fig 9D shows the p-values for the neutral replicates from the IBDNe dataset, computed using
the statistic 𝛿 under 𝜒2(1) and 𝜒2(2) distributions, plotted against the expected value. The
p-values are in general well-calibrated when using the 𝜒2(1) distribution, although, as with
the simulations in Validation of selection mode inference, the p-values are slightly anti-
conservative in the tail of the distribution.

Fig 10 summarizes the inference of the selection mode for all replicates of the IBDNe
simulations using the procedure described in Multiple alternatives; again using a p-value
threshold of 0.05 to reject neutrality. For s = 0.05, we successfully reject neutrality for a
large fraction of replicates, up to 95% of cases when simulating under additive selection, but
the correct model is only inferred for 30% to 55% of the replicates. For the lower selection
strength s = 0.01, neutrality is only rejected in a small percentage of the simulations. As in
the simulation study presented in Validation of selection mode inference, we find that we
can detect non-neutral evolution, but power to infer the correct mode of selection is limited.
Note that we fail to reject 94% of neutral replicates, not 95%, due to the fact that p-values are
slightly anti-conservative under the 𝜒2(1) distribution.

Lastly, Fig 11 shows the distribution of the inferred selection coefficient, conditional on
inferring the correct mode of selection among multiple alternatives, as well as the distribu-
tion of the inferred selection coefficient for neutral replicates classified as non-neutral. For
s > 0.01, estimated selection coefficients are similar to the unconditional estimates, indicating
that our model inference procedure does not strongly bias the estimates in this parameter
regime. However, for s = 0.005 and s = 0.01, most inferred coefficients are higher than the
true value. As with the simulated data in Validation of selection mode inference, we observe
a “winner’s curse” phenomenon for lower selection coefficients, where only replicates with
extreme allele frequency changes are classified as non-neutral, and consequently ̂s is also large.

Significant signals of selection in the GB aDNA dataset. We then applied our
EM-HMM algorithm and procedure to infer the mode of selection to all 743,417 SNPs in the
GB aDNA dataset that pass our filters. As shown, for example, in [44], the history of effective
population sizes in Great Britain varies over time. To account for this heuristically, we again
mirror the strategy in [51] and first estimated a single constant effective population size ̂Ne

shared across SNPs, using the procedure described in Inferring effective population size,
resulting in ̂Ne = 9,715. For each SNP, we then estimated the MLE using our EM-HMM for all
one-parameter modes of selection, fixing the inferred ̂Ne as the constant effective population
size. As shown in Data-matched simulations, this heuristic to account for time-varying Ne

yields accurate estimates of selection coefficients and well-calibrated p-values. Here, we pri-
marily describe the results under the additivemode as well as the results of the procedure to
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Fig 10. Confusion matrix for the procedure to infer selection mode applied to data-matched simulations. A
p-value threshold of 0.05 was used. Each cell represents the fraction of replicates that were classified as a particular
mode. Performance is worse than for the simulations in Simulation study – the correct model is only inferred for the
plurality of replicates for s = 0.05. For all simulations, 10,000 replicates are simulated under a given selection mode
and strength, the number of generations is T = 125, the value of Ne in each generation is derived from [44], and the
initial frequencies match the GB aDNA dataset.

https://doi.org/10.1371/journal.pgen.1011769.g010

infer the mode of selection. Results for the other one-parameter modes, as well as Q-Q plots
of the p-values for all modes, can be found in Sect S.9 of S1 Text.

Fig 12 shows a Manhattan plot of the p-values for the single-alternative likelihood-ratio
test computed using the additive EM-HMM. We also indicate the significance threshold
obtained from applying the Benjamini–Hochberg (BH) procedure [52] to correct for mul-
tiple testing at a false discovery rate (FDR) of 𝛼 = 0.05. In Sect S.10 of S1 Text, we compute
the same p-values when permuting the sampling times in the dataset, demonstrating that
the enrichment of low p-values we observe is a reliable signal in the data. Furthermore, we
observe clusters of low p-values on Chromosomes 2, 5, and 6. This clustering of p-values
is expected, since due to genetic hitchhiking [53], SNPs that are in proximity to an actual
target of selection, and thus in linkage disequilibrium (LD) with the target, will also exhibit
non-neutral dynamics.

In addition to these clusters, we observe several isolated SNPs with p-values exceeding
the BH threshold, but no surrounding SNPs show evidence of selection, a pattern that would
not be expected under genetic hitchhiking. We thus do not believe that these isolated SNPs
correspond to true signals of selection and they are likely artifacts in the dataset. However,
several other regions have a SNP whose p-value exceeds the BH threshold, and multiple
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Fig 11. Strip plots of inferred ̂s against true s for data-matched simulations. Conditioned on inferring non-
neutrality for the neutral replicates and on inferring the correct selection mode among multiple alternatives for
non-neutral replicates. Each strip plot is for 1,000 replicates randomly chosen from the 10,000 simulated. Number
above each strip indicates the number of replicates correctly classified. For s = 0.005 and s = 0.01, the inferred values
are biased upward, due to the “winner’s curse”. For all simulations, the number of generations is T = 125, the value of
Ne in each generation is derived from [44], and the initial frequencies match the GB aDNA dataset.

https://doi.org/10.1371/journal.pgen.1011769.g011

Fig 12. Manhattan plot of additive p-values.Manhattan plot of p-values obtained from the likelihood-ratio test under the
additivemode of selection at all SNPs in the GB aDNA dataset. The significance threshold is obtained via the Benjamini–
Hochberg procedure with an FDR of 𝛼 = 0.05. We observe clusters of significant p-values on chromosomes 2, 5, and 6, as
well as several isolated signals.

https://doi.org/10.1371/journal.pgen.1011769.g012

nearby SNPs exhibiting low p-values, thus giving some support that these potentially cor-
respond to real signals of selection. Fig 13A and 13B show the p-values in a genomic region
with low p-values surrounding a significant SNP on chromosome 5 and a region surrounding
a SNP with a spuriously low p-value on chromosome 7, respectively.

To remove spurious SNPs while keeping significant SNPs in regions that show addi-
tional support at surrounding SNPs, we post-process the p-values using a modified version
of Brown’s method [54] for combining non-independent p-values. Specifically, we consider
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Fig 13. P-values and frequency trajectories around significant SNPs. A) Manhattan plot of p-values in genomic region
on chromosome 5, centered around SNPs with p-value exceeding BH threshold. Surrounding SNPs exhibit low p-values, as
expected under genetic hitchhiking. Post-processed p-values exceed the respective BH threshold. B) Manhattan plot of p-
values in genomic region on chromosome 7, centered around SNP with p-value exceeding BH threshold. Surrounding SNPs
do not show evidence of selection. Post-processed p-values do not show any significant signal. C) Binned allele frequency
trajectories for 20 SNPs centered around SNP with lowest p-value in Fig 13A. Nearby SNPs show correlated allele frequency
change, indicative of genetic hitchhiking and true signal. Size of points indicates the number of samples; color hue indicates
genomic position: red smaller, blue larger. D) Binned allele frequency trajectories for 20 SNPs centered around SNP with
lowest p-value in Fig 13B. Nearby SNPs do not exhibit correlated allele frequency change, suggesting spurious signal at lead
SNP.

https://doi.org/10.1371/journal.pgen.1011769.g013

overlapping windows of 50 SNPs around each analyzed SNP. For each of these overlapping
windows, we compute the negative sum of the logarithm of the p-values, including the focal
SNP. We then fit the parameters of a scaled 𝜒2 distribution to these sums, and use this fitted
distribution to compute post-processed p-values for each SNP. We apply the BH method to
this new set of p-values to obtain a second BH threshold. Isolated SNPs, such as the SNP in
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Fig 13B no longer exceed the corresponding BH threshold, while regions containing a signif-
icant SNP and additional support, such as the region in Fig 13A, have a broad peak exceeding
the corresponding BH threshold.

After applying this post-processing procedure, we group significant p-values into distinct
regions of significance. For a region to be considered significant, we require that at least
one SNP within the region must have both a raw p-value and a post-processed p-value each
exceeding its respective BH threshold. The post-processing procedure broadens p-value
peaks; we therefore take each contiguous block of post-processed p-values exceeding the cor-
responding BH threshold as a separate candidate region. Under this criterion, for the one-
dimensional additive EM-HMM algorithm, there are 8 distinct candidate regions. Table 1 lists
these regions (in hg19 coordinates), any genes overlapping the region, the rsID of the SNP
corresponding to the minimal p-value in the region, the reference and alternative alleles at
this SNP, the number of significant SNPs (pre- and post-processing) in each region, the neg-
ative logarithm of the minimal p-value in the region, and the additive ̂s for the derived allele at
the SNP with the lowest p-value with confidence intervals. Confidence intervals were obtained
by simulating 1,000 replicates matching the sampling scheme, estimated initial frequency, and
estimated selection coefficient of each lead SNP, using ̂Ne, then bias-correcting all ̂s values
and taking the 0.025 and 0.975 quantiles of the simulated replicates. Additionally, we present
Manhattan plots of the p-values and binned allele frequency trajectories in each significant
genomic region in Sect S.11 of S1 Text.

Functional genetic variation in significant genomic regions. With the exception of
TFR2, all genomic regions that we detect as significant by applying our additive EM-HMM
have previously been identified as targets of selection, although not all have been identified as
such in populations from Great Britain. In the following paragraphs, we will discuss each of
these regions in the context of the relevant literature.

The strongest signal in our analysis is the well-characterized LCT locus, which has been
identified as a target of selection in populations from Great Britain [45,55,56] and broader
Western European populations [57–59]. The lead SNP in our analysis, rs4988235, has previ-
ously been identified as the strongest signal of selection at the LCT locus [45,58,60], and the
derived allele at this SNP has been linked to the ability to digest lactase into adulthood [61].
Our estimated additive selection coefficient of 0.080 (CI: [0.057, 0.099]) is in line with other
estimates provided in the literature [45,57,60]. Although the derived allele at this SNP has
been linked to lactase persistence, recent studies argue that the introduction of milk con-
sumption predates the increase in frequency of this allele, and that the recent strong selective
pressure perhaps results from later famines where the allele proved beneficial [62,63]. Our

Table 1. Genomic regions identified as significant under additive selection.
Chr. Genomic region (hg19) Gene(s) Lead SNP Ref. Alt. Raw Post – log10 pmin ̂s(pmin)
2 135,161,631-137,087,324 LCT rs4988235 G A 63 395 16.05 0.080 (0.057, 0.099)
2 137,164,476-137,419,024 LCT rs580879 C T 1 76 5.23 -0.043 (-0.061, -0.022)
4 38,680,186-38,806,462 TLR10/1/6 rs10008492 C T 1 54 7.07 -0.047 (-0.062, -0.026)
5 33,854,740-34,004,707 SLC45A2 rs16891982 C G 4 51 7.05 0.049 (0.029, 0.066)
5 131,465,688-131,675,046 SLC22A4 rs7727544 C T 2 67 6.56 0.042 (0.023, 0.056)
6 31,008,368-31,091,197 HLA rs2535317 C T 3 151 6.38 -0.046 (-0.062, -0.025)
7 100,212,254-100,361,675 TFR2 rs4434553 A G 1 27 6.33 0.044 (0.025, 0.061)
**16 70,771,279-71,330,074 HYDIN rs79233902 T G 3 51 17.34 0.242**
We indicate genes that overlap the region, number of SNPs exceeding the BH threshold pre- and post-processing, – log10 pmin, and ̂s for the derived allele at the SNP
with – log10 pmin. The asterisks at the HYDIN locus indicate that this signal is likely an artifact.

https://doi.org/10.1371/journal.pgen.1011769.t001
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approach also identified a secondary region of significance near the LCT locus which is likely
a result of genetic hitchhiking.

Genomic variation in two of our candidate regions, TLR10/1/6 and HLA, is involved in
immune regulation. Polymorphisms in the TLR10/1/6 gene cluster have been linked to inci-
dence of several cancers, as well as tuberculosis and leprosy [64–67]. The TLR10/1/6 locus has
been identified as a target of selection in a previous study using ancient DNA [59], although
this work pooled samples fromWest Eurasia. Similarly, using a dataset of present-day indi-
viduals, [68] found that the TLR genes, with the exception of TLR1, experience strong nega-
tive selection, and that the TLR10/1/6 cluster has undergone recent selection in non-African
populations.

The HLA locus spans a large region on chromosome 6 and encodes a set of highly poly-
morphic genes critical for the function of the innate immune system. Previous studies have
identified multiple signals of selection in this region [45,56], and the SNPs we identify
overlap with one of these signals. Individual loci within the HLA region are believed to be
under balancing or frequency-dependent selection to increase allelic diversity [69,70]. For
that reason, it is somewhat surprising that genomic scans for positive selection, here and in
the literature [45,56], find signals at these loci. Additionally, our scan for heterozygote differ-
ence, which includes overdominance, a model of balancing selection, reveals no significant sig-
nals in the HLA region. The likely explanation is that several alleles changing in frequency are
detected as positive selection, but the short time horizon considered here is not sufficient to
detect alleles under long-term balancing selection.

The SLC45A2 locus has also been well-characterized as a target of selection in European
populations [71,72]. Polymorphism at this locus is associated with differences in hair and
skin pigmentation [73,74]. Studies using ancient DNA data from both Western Europe
broadly and Great Britain specifically have identified the SLC45A2 locus as a target of
selection [45,59]. In addition, our estimated selection coefficient at the lead SNP matches
values obtained from both analyses of present-day and ancient DNA: Our MLE is s = 0.049
(CI: [0.029, 0.066]), [72] estimate s in the range of 0.04 to 0.05, and [45] estimate s = 0.043.

The gene SLC22A4 is contained within the larger IBD5 locus, which consists of a group
of genes with polymorphisms linked to gastrointestinal disorders such as Crohn’s dis-
ease [75]. [76] found that genetic variants in SLC22A4 increases absorption of the antioxi-
dant ergothioneine and show signals of positive selection, likely due to the low amounts of
ergothioneine in early Neolithic farmer diets. Furthermore, they argue that variants linked
to Crohn’s disease likely increased in frequency via genetic hitchhiking. The SLC22A4/IBD5
locus was also identified as a target of selection using ancient DNA fromWestern Euro-
peans [59].

Genetic variation at the TFR2 locus has not been identified as a target of selection using
either contemporary or ancient genomic samples. Fig AJ in S1 Text shows that the allele fre-
quency at the lead SNP and surrounding SNPs shift in concert indicating that this is poten-
tially a real target of selection rather than a false signal. Mutations at the TFR2 locus cause
type 3 hereditary hemochromatosis, which is characterized by abnormally high systemic iron
levels [77]. In addition, a haplotype that includes the variant at the lead SNP we identify as
under selection has been correlated with Parkinson’s disease [78].

The HYDIN locus contains the SNP with the most significant p-value in our dataset. How-
ever, upon inspection of the p-values in this genomic region, provided in Fig AK in S1 Text,
we observe that the locus indeed contains three SNPs with very low p-values, but also two
100 kbp regions without any SNPs. These empty regions are a result of our filtering procedure,
which removed a large number of SNPs with minor allele frequency below 0.05. In addition,
the significant SNPs at the HYDIN locus have an extremely low binned minor allele frequency
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at all but the last timepoint, see Fig AK in S1 Text. Since the gene HYDIN on chromosome 16
has a pseudogene on chromosome 1 [79], these unusual patterns are potentially a result of
mismapped sequence reads, and we thus believe that the signal of selection at the HYDIN
locus is spurious.

Lastly, we more explicitly compare the results of our analysis to those in [45], a recent
study that identified targets of selection in a temporal dataset similar to ours. The authors
analyze present-day and ancient DNA samples from the AADR localized to England, dated
to under 4,450 years BP, and find signals of selection in five genomic regions. Three regions
(LCT, SLC45A2, HLA) are also identified in our study, three regions (TLR10/1/6, SLC22A4,
TFR2) are only identified in our analysis, and two regions (DHCR7, HERC2) are only iden-
tified in [45]. Of the loci identified in both studies, the estimates of the selection coefficients
at the most significant SNPs largely agree: the coefficients in the LCT, SLC45A2, and HLA
regions are 0.080 (CI: [0.057, 0.099), 0.049 (CI: [0.029, 0.066]), and 0.046 (CI: [0.025, 0.061])
in our study and 0.064, 0.043, and 0.046 in [45], respectively. Figs AL and AM in S1 Text show
the p-values computed using our additive EM-HMM and binned allele frequency trajectories
in both regions identified as significant in [45] that are not significant in our analysis. At the
DHCR7 locus on chromosome 11, the post-processed p-value are close to exceeding the BH
threshold, but no raw p-value reaches significance. The HERC2 locus on chromosome 15 also
exhibits low p-values, although to a lesser degree than DHCR7. In contrast to our conserva-
tive approach of only analyzing samples genotyped using the 1240K assay, [45] also analyze
samples genotyped using whole genome data (including present-day samples), use a method
that has the potential to detect selection where the additive coefficient changes over time, and
use a different post-processing when combining signals at neighboring SNPs. Thus, a perfect
alignment of signals is not expected.

Inferring the mode of selection in the GB aDNA dataset. In addition to the additive
EM-HMM, we analyzed the GB aDNA dataset under each of the other three one-parameter
modes of selection – dominant, recessive, and heterozygote difference, see Sect S.9 in S1 Text,
where we provide full Manhattan plots for each one-parameter mode of selection, as well as
tables analogous to Table 1. Additionally, we provide a table of genome-wide Spearman rank
correlation coefficients between the log-likelihood ratio statistics of all one-parameter modes
for the top 1% of SNPs by additive p-value in Fig AB of S1 Text. Both the dominant and the
recessive EM-HMM have high correlation with the additive EM-HMM, and identify the same
regions as the additive analysis, although the LCT locus is not split into two distinct regions in
the dominant analysis.

In contrast, the heterozygote difference EM-HMM has a lower correlation with the other
modes and only identifies LCT, the two SLC loci, and HYDIN as significant. The inability
of this mode to detect selection at the HLA locus is at first somewhat surprising, given that
balancing selection or frequency-dependent selection should result in a dynamic similar to
overdominant selection. However, the signature that would provide strong support for
these types of selection would be alleles that remain at intermediate frequencies longer than
expected under neutrality, and thus the short time-horizon considered here is likely not
sufficient.

We also used the procedure detailed in Multiple alternatives to infer the most likely mode
of selection at each SNP. We computed the 𝛿 statistic for all SNPs in the GB aDNA dataset
and used the 𝜒2(1) distribution to obtain p-values for each locus. We applied our procedure
based on Brown’s method to identify significant regions, using a BH threshold at an FDR of
𝛼 = 0.05. SNPs in the significant regions whose raw p-value exceeded the BH threshold were
classified as the one-parameter mode of selection with the highest log-likelihood.
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Themode inference procedure identifies the same genomic regions as the additive single-
alternative procedure as significant. Fig 14 shows the resulting raw p-values at the LCT
locus, with significant SNPs colored by their inferred selection mode. Out of the 68 SNPs
exceeding the BH threshold in this region, 30 are classified as additive, but the other SNPs
show different selection modes. The fact that a majority of loci in this region are classified as
additive could indicate support for the hypothesis that LCT is evolving under additive selec-
tion; however, the inferred mode at the lead SNP rs4988235 is dominant. Lactase persis-
tence functions as a dominant trait [80], lending further support to the inference of dominant
selection at the lead SNP. Furthermore, the method presented in [45] can model non-constant
selection coefficients, and the authors provide evidence that the selection at the LCT locus
has weakened over time; a dynamics resembling constant dominant selection. We do caution
against over-interpretation of these results, as the simulation study in Data-matched simula-
tions shows that identifying even a constant mode of selection is challenging in this dataset,
and thus a much greater number and density of samples is likely necessary for accurate
classification. Lastly, we note that the one-parameter mode with the highest log-likelihood
ratio at the lead SNP for each identified region is as follows: LCT – dominance, TLR10/1/6 –
additive, SLC45A2 – heterozygote difference, SLC22A4 – dominance, HLA – recessive, and
TFR2 – additive.

Coat coloration locus ASIP in domesticated horses
Description of dataset. In this section, we apply out method to a dataset presented

in [34], where the authors extracted ancient DNA at six loci that affect coat coloration in
domesticated horses from a set of samples in Eurasia and found evidence for selection at the
ASIP and MC1R loci. Specifically, we apply our method to the ASIP locus. Fig 15A shows
the sample allele frequency of the derived allele at this locus over time. The samples exhibit a

Fig 14. Manhattan plot of raw p-values at the LCT locus. P-values are computed using the procedure to identify
the mode of selection described in Multiple alternatives, and significant SNPs are colored by inferred mode. The
lead SNP is indicated by a larger star-shaped marker. The majority of SNPs in this region are classified as additive,
although the lead SNP is classified as dominant.

https://doi.org/10.1371/journal.pgen.1011769.g014

PLOS Genetics https://doi.org/10.1371/journal.pgen.1011769 July 22, 2025 28/ 37

https://doi.org/10.1371/journal.pgen.1011769.g014
https://doi.org/10.1371/journal.pgen.1011769


ID: pgen.1011769 — 2025/7/26 — page 29 — #29

PLOS GENETICS A novel approach to infer selection from time-series genetic data

Fig 15. Frequency trajectory and evidence for non-neutrality at the ASIP locus. A) Derived allele frequency over time at
the ASIP locus. The size of the points indicates the number of samples. B) & C) Histograms of 𝛿 statistic for 1,000 simulated
neutral replicates matching the ASIP locus, using B) initial frequency estimated under neutrality or C) initial frequency
estimated using the heterozygote difference mode. In both cases, the original dataset has a higher 𝛿 statistic (indicated by
red dashed line) than any simulated replicate, providing strong evidence against neutrality.

https://doi.org/10.1371/journal.pgen.1011769.g015

sharp increase in the frequency of the derived allele, followed by leveling off at a frequency of
approximately 0.5. The underlying sampled allele counts can be found in Table E of S1 Text.

This dataset has been re-analyzed in several studies under different modes of selection,
with differing results; [13] analyzed the ASIP locus under recessive selection and did not find
evidence for selection, [28] find evidence for overdominant selection, while more recently [81]
analyze the locus under recessive selection and conclude that it is not under selection. The
ASIP locus is known to act via a recessivemechanism – horses with two copies of the derived
allele are black, otherwise they are bay colored [82]. It is therefore somewhat unexpected that
the ASIP locus shows evidence for overdominant selection and not for recessive selection.

Single-alternative and multiple-alternative inference at the ASIP locus. We applied
our EM-HMM to estimate the selection coefficients and parameters of the initial distribu-
tion at the ASIP locus under each one-parameter selection mode. Following [81] we assume
Ne = 16,000 and a generation time of 8 years. For the one-parameter modes, we use the
𝜒2(1)-based log-likelihood ratio test to compute p-values. We report the resulting estimates
of the selection coefficients, the log-likelihood differences, and the p-values in Table 2. We
observe that the evidence for overdominance selection is strongest, with a single-alternative
p-value of 5.33 ⋅ 10–5. In contrast to [13] and [81], we find that the ASIP locus shows evidence
for recessive selection, although the p-value (2.0 ⋅ 10–2) is not very strong.

Although the estimated selection coefficients are low for all modes of selection
(e.g. ̂s = 0.0048 for heterozygote difference), the dataset comprises roughly 2,500 generations,
which is over ten times as many generations as the GB aDNA dataset. This increases power
to detect weaker selection; for example, the AUC values for s = 0.005 for the 100-generation
simulation in Fig B of S1 Text are only slightly above 0.5, indicating minimal power to detect
selection, whereas those in the 1,000-generation simulation plotted in Fig G of S1 Text are all
above 0.9.

In addition to the single alternative tests, we also computed the test statistic 𝛿 for multi-
ple alternatives (see Multiple alternatives), but used parametrized bootstrap simulations to
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Table 2. Results for the ASIP locus under different selection modes.
Dataset Add. (s2) Dom. (s2) Rec. (s2) Het. diff. (s1)
Full ̂s 0.0025 0.0022 0.0023 0.0048

ℓℓ – ℓℓ0 5.28 6.67 2.72 8.16
p-value 1.15 ⋅ 10–3 2.59 ⋅ 10–4 1.96 ⋅ 10–2 5.33 ⋅ 10–5

Truncated ̂s 0.0057 0.0043 0.0090 0.0047
ℓℓ – ℓℓ0 10.52 10.38 8.63 7.57
p-value 4.51 ⋅ 10–6 5.21 ⋅ 10–6 3.26 ⋅ 10–5 9.98 ⋅ 10–5

Estimates of selection coefficients, log-likelihood differences, and p-values for all one-parameter modes. Estimates are
given for both the full ASIP dataset, and the dataset truncated after the first three samples.

https://doi.org/10.1371/journal.pgen.1011769.t002

assess its significance. To this end, we simulated two sets of 1,000 neutral replicates match-
ing the sampling scheme and number of generations to the original data at the ASIP locus.
One set was simulated using the initial frequency estimated under the neutral EM-HMM and
the other set with the initial frequency from the heterozygote difference EM-HMM, the mode
with the highest likelihood among the one-parameter modes. We simulate these two sets to
cover different plausible scenarios. Fig 15B and 15C show histograms of the 𝛿 statistic for the
1,000 simulated replicates using the neutral initial frequency and the heterozygote difference
initial frequency, respectively, with the 𝛿 statistic of the original data indicated by a verti-
cal line. In both cases, the 𝛿 statistic of the original data is much larger than any of the sim-
ulated replicates, indicating significant evidence for non-neutral dynamics. Overdominance
selection (specifically, the heterozygote difference one-parameter mode with s1 > 0) has the
highest log-likelihood. Thus, the data at the ASIP locus supports overdominance selection as
the most likely mode. Additionally, recessive selection has the lowest log-likelihood out of all
one-parameter modes of selection. Since the data shows a sharp increase in frequency,
followed by a plateau around 0.5, it is expected that overdominance is most strongly
supported.

The genetic mechanism of the derived allele at the ASIP locus is recessive, yet the data
strongly suggests that overdominance is the most and recessive selection is the least likely
mode of selection. We propose the following two possible explanations for this discrepancy.
First, the selection coefficient of the derived allele may have decreased during horse domes-
tication, and some form of balancing selection may be acting after the initial increase. The
point estimates in [81] indeed suggest stronger selection prior to domestication, followed by
weaker selection thereafter; this is also consistent with the findings in [83]. To explore this
hypothesis further, we truncated the data at the ASIP locus after the first three timepoints, to
analyze just the period of frequency increase, and report the results in Table 2. We find that,
indeed, the evidence for recessive selection is stronger than the evidence for overdominance,
however, additive and dominant selection are also significant and have stronger p-values. A
second possible explanation for our findings could be epistasis, since the derived allele at the
ASIP locus has epistatic interactions with another coat coloration locus that has been shown
to be under selection, the MC1R locus [82], which could affect the effective mode of selection.
Future work may resolve these questions, but additional samples are likely necessary.

Discussion
In this work, we presented a novel method to compute maximum likelihood estimates
(MLEs) for general diploid selection coefficients from time-series genetic data. To this end,
we extended the framework in [16] for the additive case and derived an EM-HMM algorithm
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to estimate the parameters of diploid selection. We show that the diploid EM-HMM frame-
work can also be constrained to bespoke one-parameter models of selection via the method
of Lagrange multipliers. We furthermore introduced a novel likelihood-based procedure
for inferring the best fitting diploid mode of selection from temporal data between additive,
recessive, dominant, and over- or underdominant selection. To our knowledge, our study is the
first to address the statistical problem of explicitly determining the mode of selection from
given time-series genetic data. Additionally, we implement a method to estimate a constant
population size Ne for a given dataset, allowing for better modeling of the dynamics of genetic
drift in the HMM. To further improve power to detect selection and remove spurious sig-
nals, we also introduced a procedure based on Brown’s method to combine p-values across
linked loci.

Using simulation studies, we show that the estimated selection coefficients are accurate
across a range of selection parameters, population parameters, and sampling schemes. How-
ever, we find that determining the mode of selection from time-series data is challenging,
and only yields reliable results when selection is strong. We also demonstrate that assuming
additive selection when analyzing data simulated under different modes of selection yields
comparable power to reject neutrality as when the data is simulated under additive selection,
implying that analyzing given data assuming additive selection may be sufficient for scans of
directional selection. However, the estimated selection coefficients are inaccurate when the
mode is misspecified. In addition, we demonstrate that our procedure to account for vari-
able population size leads to well-calibrated estimates and p-values. However, this is likely
related to the short time horizon and the fact that the population size steadily increases from
Ne ≈ 10,000 to Ne ≈ 400,000 (see Fig O in S1 Text). A more extreme history like exponential
growth or severe bottlenecks will likely be more challenging, and a practitioner would have to
re-assess the method in such a scenario.

We apply our method to time-series genetic data obtained from 504 ancient individu-
als in the AADR [33] from Great Britain dated to under 4,450 BP, and identify six genomic
regions with signals of selection. These regions, except TFR2, have been identified as targets
of selection in previous studies, and we discuss them in the context of the relevant literature.
The regions are identified as significant under multiple directional selection modes (addi-
tive, recessive, dominant). When classifying the mode of selection from the data, however, the
results are inconclusive: For example, we find that a majority of the SNPs at the LCT locus
provide evidence for additive selection, but the lead SNPs is classified as dominant. In addi-
tion, we reanalyze a time-series dataset consisting of 146 samples over 2,400 generations from
the ASIP locus involved in coat coloration in horses, and show evidence for selection under
different non-additive modes.

Note that our HMM-implementation uses the Chebychev nodes to compute the single-
generation transition matrix accurately across the hidden state space, and the integrals
account for the probability mass that is absorbed in the boundary. Capturing these features
accurately is important when implementing the model [17,84], and consequently, we believe
that our algorithm identifies the MLEs from a given temporal datasets and computes the like-
lihoods with high accuracy. Thus, the statistical properties of the MLEs and the likelihood-
ratio tests exhibited in our simulation studies in Simulation study and Data-matched simu-
lations are likely not exclusive to our method but potentially characterize the MLEs and the
power of the respective tests in general under the given population genetic model, regardless
of whether our method or a different likelihood-based method is used for the analysis.

Moreover, we characterize the statistical properties in a range of scenarios, but if these
scenarios do not cover the exact scheme encountered in a specific empirical dataset, our sim-
ulation framework can be readily modified to characterize the statistical properties in the
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respective scenario. Naturally, the power to identify and characterize selection does depend
on the exact sampling scheme: Strong selection can be readily identified, even when sam-
ples are limited to a short time period. However, weaker selection requires sampling more
data over a longer time period. For example, in our analysis of the GB aDNA dataset, Figs 9C
and 10 demonstrate limited power to detect selection as strong as s = 0.01 in the respective
scenario.

Our method computes the MLEs of general diploid selection parameters, and we believe
that this is useful to researchers in at least two regards: (1) Our approach can be used to infer
the mode of selection from a given temporal dataset. While we demonstrate that selection
needs to be fairly strong for reliable classification, our framework can be used to characterize
statistical power in a given scenario, and determine whether additional samples at potentially
additional timepoints are necessary. (2) If the selection mode operating on the genetic vari-
ants in a given temporal dataset is known a priori, for example, dominance at the LCT locus or
underdominance dynamics resulting from stabilizing selection on complex traits, our method
enables researchers to estimate the selection coefficients accurately under the correct model.
We demonstrate that assuming the wrong mode of selection can yield inaccurate estimates.

In practice, we recommend the following approach to analyze given time-series genetic
data, potentially at a large number of loci: If computational resources are limited, researchers
should apply the additive EM-HMM to obtain MLEs of the additive selection coefficient
at each locus, and use standard likelihood-ratio testing to identify outliers. As detailed
in Robustness of selection coefficient estimation, the likelihood-ratio test under additive
selection can identify non-neutral replicates, even if the mode of selection is misspecified, but
estimated coefficients are inaccurate. For reference, the additive analysis of the 743,417 SNPs
for 504 samples over 125 generations in our GB aDNA dataset took roughly 5,000 cpu-hours.
If additional computational resources are available, we recommend analyzing the data under
each bespoke one-parameter selection mode, as well as the unconstrained mode, to char-
acterize signals in the data that are not correctly described by additive selection. The results
can then also be used to identify the mode of selection from the data, but as we demonstrate,
accuracy is limited. In addition, we strongly recommend performing a data-matched
simulation study, as presented in Data-matched simulations or Sect S.6 in S1 Text. Such
data-matched simulations enable exact characterization of the statistical power and accuracy
of the approach in the specific scenario.

As for similar approaches, the HMM underlying our method assumes that the popula-
tion is panmictic, and violations of this assumption can dilute signals or introduce spurious
signals. Future work to address this shortcoming could proceed along at least two possible
avenues: (1) Controlling for population structure by using Principal Components as covari-
ates in the estimation procedure directly [85,86], or (2) explicitly including the population
structure and exchange of migrants in the underlying population genetic model [87].

Moreover, our approach estimates selection coefficients from temporal data at the focal
locus only, and does not incorporate the allele frequency dynamics at linked loci. In our anal-
ysis of the GB aDNA dataset, we do leverage signals across loci using a novel post-processing
approach to combine p-values in a genomic window. This post-processing can reduce signal-
to-noise ratios in genomic scans for selection in general. However, incorporating the genetic
variation at multiple SNPs using a proper likelihood model for the multi-locus dynamics
under the Wright-Fisher process has the potential to account for chromosomal linkage more
accurately and result in a more robust inference [88,89].

While we focus on analyzing time-series genetic data at a single locus in this study, the
capacity of our method to characterize selection modes more general than additive only also
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has potential benefits when studying polygenic selection on complex traits: In models of sta-
bilizing polygenic selection around an optimal trait, the genetic variants affecting the trait
experience underdominant selection dynamics, which can be readily addressed using our
framework.

Supporting information
S1 Text. Supplementary Material. Document containing additional details of the method, as
well as figures and tables to supplement the analyses.
(PDF)
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