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ABSTRACT

Adaptation in local environmental conditions is believed to be a major force in population studies.

How populations behave in such environments, however, has only loosely been established. This study

attempted to fill a void in our understanding of how population adapt in heterogeneous environments.

For this reason we created a simulator CSFS, able to generate datasets that are affected by these

environments. We proceeded to analyze simulations of various selection and recombination strengths

with two of the most popular software for selection inference SweeD and Pcadapt and evaluate their

performance.

Στην πληθυσμιακή γενετική, η προσαρμογή σε τοπικές περιβαλοντικές συνθήκες θεωρείται ως

σημαντικός εξελικτικός παράγοντας. ΄Ομως η συμπεριφορά των πληθυσμών αναφορικά με τους

στατιστικούς τους παράγοντες σε τέτοια περιβάλλοντα δεν είναι καλώς ορισμένη. Σε αυτή

τη μελέτη δημιουργήσαμε ένα προσομοιωτή, CSFS, που μπορεί να προσομοιώνει άτομα των

οποίων η αρμοστικότητα να επιρρεάζεται από τέτιου είδους περιβάλλοντα. Στη συνέχεια πραγ-

ματοποιήσαμε ανάλυση προσομοιώσεων με διαφορετική ισχύ επιλογής και ανασυνδυασμού, με τη

χρήση των προγραμμάτων SweeD και Pcadapt.

1 Introduction

1.1 Local Adaptation

Local adaptation is usually described as the evolution of traits in a population that support higher fitness in it’s

environment relative to populations from foreign environments [52]. While this definition provides scientists with

a simple framework for detecting locally adapted traits, it tends to form a biased perception of what constitutes a

discrete population based on the studied trait and sampling strategy. As early as the 1940s Epling and Dobzhansky

used the term ’microgeographic races’ to describe divergent groups of the plant Linanthus parryae. Erlich and Raven

[16] argued that this so called ’microgeographic adaptations’ are widespread in nature, so much, that they considered

it the most important evolutionary process. Since then, there has been a plethora of research claiming to provide

evidence of ’locally adapted’ or ’microgeographicaly adapted’ organisms, though the term ’microgeographic’ describes

distances that span from a few meters up to 70 kilometers depending on the species studied [2, 33, 51, 58, 59, 64]. If

two populations are geographically close but experience substantially different selective environments, the expected

differentiation due to nonselective reasons would be small, while selection could still be very effective [32].

These discrepancies stem from the fact that there is no consistent, quantitative definition of the term ’microgeographic’.

And although some attempts have been made to establish a quantitative estimation for grouping individuals into

populations [63, 52], they are based on ecological characteristics of individuals that are hardly quantifiable (e.g.

’dispersal ability’) or they fail to capture distinct behavioral differences that could give rise to genetic barriers, especially

in the case of cryptic species. These approaches often ignore relationships between populations and can lead to false

discoveries of adapted traits [9].
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Lewontin and Krakauer [29] developed one of the first formal methods for detecting loci responsible for local adaptation

based on FST . Their method rests on the assumption that genes responsible for local adaptation have an additional

force causing genetic differentiation among population: heterogeneous selection. Genetic drift will cause all loci to

differ in allele frequency among populations but loci whose different alleles are favored by separate populations should

be more genetically differentiated than neutral ones.

One of the model’s assumptions though is that the populations studied should be independent, or at least equally

differentiated from one another. This was soon proven untrue [53, 37] and led the Lewontin-Krakauer test to obscurity

for at least two decades [62]. Many modifications have been proposed since then [5, 4, 19, 13] but suffer from

populations exchanging migrants in different rates from each other. This assumption though is almost always untrue,

as dispersal is distance limited and so populations that are closer to each other are genetically more similar that more

distant ones [32].

This is where analysis using PCA or a different dimentionality reduction algorithm [7, 15, 34, 39, 36]. These methods

are population agnostic since they do not need individuals to be pre-assigned to a population. Theory suggests that the

result of the decomposition of genotypes should convey population structure and have been used in population inference

for over 30 years [36, 43]. These methods have been modified to detect selection by finding loci whose correlation with

a principal component is high. These methods, however, make the assumption that loci are independent, which rarely

holds true in real data. This results in high performance of these approaches in simulation studies regarding selection

inference, but caution needs to be exercised when analyzing real data [39].

Lastly, a number of attempts have been made to describe the signatures that selection leaves on the genome. Stephan

et al. [61] and Kim and Stephan [27] developed a mathematical model for the distribution of allele frequencies as

a function of the distance from a recently fixed derived selected site (a.k.a. Selective Sweep). Later, Nielsen et al.

[38] extended this methodology, incorporating the probability that a neutral allele linked to the ’non-adaptive’ allele

recombined into the ’beneficial background’ before the loss of the non-adaptive allele. Thus we can calculate likelihood

ratios for the null hypothesis of no selection (s = 0) and the alternative that estimates the location and strength of the

sweep. This approach however, is limited to strong selection, recent fixation [60] and it is not robust when the population

size experiences fluctuations [26]. It also assumes that the selective advantage or disadvantage of an individual depends

solely on the alleles that carries.

This is by no means an exhaustive overview of selection detection methodologies, though most suffer from a trade-of

between power and robustness [60]. Underlying assumptions of the demography are partly to blame, however given the

nature of the data, the null hypothesis will always be a hypothesis that implies such assumptions. So in order to analyze

individuals that live in heterogeneous environments, we need to understand how selection signatures behave in such

scenarios. One main issue is that there is no analytical model that describes evolution in such an environment. Barton et

al. [3] have developed a coalescent model for individuals living in a continuous torus, though the formulae they propose,

describe a strictly neutral process. Thus, there is a need for simulated data constructed in a way that can mimic the

effects of living in a multi-dimensional environment that exerts different selective pressure along it’s spectrum.

4



A PREPRINT - MARCH 23, 2021

1.2 Goals of study

In this study we have developed a tool, Coalescent Selection Forward Simulator (CSFS), that simulates individuals

living and mating in heterogeneous environment, meaning that evolutionary pressure differs depending on individuals’

location in the environment. We explore how this heterogeneity can affect the evolution of adaptive traits and we

evaluate the performance of common approaches in detecting these selective traits. We have employed analyses with

selective sweep theory and PCA to provide insight for these questions.

1.3 Selective Sweeps

Selective Sweep theory relies on the ’Hitchhiking effect’ first described by Maynard-Smith and Haigh [35]. It describes

the fact that when an advantageous mutation increases in frequency by directional selection, it is inevitable that linked

neutral loci will increase in frequency as well, resulting in loss of genetic variation compared to the neutral model.

When recombination takes place, this effect is limited to an area of length inversely proportional to the parameter c/s

where c is the recombination rate and s is the selection strength of the beneficial allele [35].

This loss of variability however was shown to occur as a result of selection against deleterious mutations (i.e.

background selection) [12], therefore the decrease of diversity can be associated with both positive and negative

selection. Later two other signatures were found to derive from selective sweeps (a) changes in the Site Frequency

Spectrum around the selected locus -that is the distribution of allele frequencies in a given sample-, away from

intermediate frequencies [8, 18] and (b) a characteristic pattern of linkage disequilibrium where SNPs across the

selected locus have low levels of LD while SNPs on the same side have elevated LD. These signatures are also shown

to be affected by processes other that adaptation, namely migration and steep reduction of the population size although

modifications have been proposed that account for these phenomena [26, 45, 1].

1.4 PCA in Population Genetics

PCA can be described as a rotation of the multidimensional space of all variables followed by a projection in relatively

few orthogonal axes, that together account for most of the variability of the dataset, though they do not necessarily

have a biological meaning [9]. Principal Component Analysis has been widely used in order to discern population

structure. In one of the first studies Cavalli-Sforza [36] collected count data of genetic variants from populations at many

geographic locations and for each variant they produced a spatially interpolated map displaying their frequency across

space. They then performed PCA on the variants in order to create a smaller number of ’synthetic’ maps. Analysis of

these synthetic maps led the researchers to infer direction of localization effects of populations.

This results were not shy of scrutiny however, as it was later shown that the same patterns can arise as mathematical

artefacts when PCA is applied in spatial data in which similarity seems to correlate with distance [39]. Moreover,

violation of the underlining assumptions led to the fading of these methods in favor of cluster based approaches, that are

based on easily interpreted population genetics models [49]. However, the all increasing biological data during the mid

2000s, combined with the poor scalability of the then dominant approaches [43] brought PCA back on the foreground

[48, 21, 43, 31]. Many modifications have been proposed since then that correct for these artifacts as well as identifying
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loci as potential candidates for natural selection [30, 54, 4, 41, 13, 34]. Despite the mathematical modifications, all

the approaches seem to rely on finding loci, that are heavily correlated with a principal component [32]. However,

false detection of positive selection can occur due to the fact that the loci themselves are physically linked while PCA

assumes they are independent [9]. This is mostly overcome by ’trimming’ closely linked loci that display some level of

correlation, resulting in loss of statistical power [34, 33].
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2 Methods

2.1 Simulator Properties

• Individuals each are diploid and have a Unique ID, life expectancy, fitness and a user defined number of

dimension parameters.

• The Genome of each individual is stored as a number of 64-bit integers and is treated similarly to the finite

site model. With this technique, we can store the information of absence (state 0) or presence (state 1) of a

SNP in a memory efficient manner.

• Life Expectancy is determined randomly when an individual is born by a Poisson distribution whose rate is

provided as input. This allows for individuals to live for more than one reproductive cycles, deviating from the

traditional Write-Fisher model. This model is a middle ground between a Moran and a Write-Fisher model of

evolution. Note that if the value of the Poisson rate is 0, each reproductive cycle is identical to a Wright-Fisher

model of reproduction.

• Each individual carries a user defined amount of Dimension parameters. These parameters span in the interval

(0, 1) and are inheritable. Each individual inherits their Dimension parameters by one of their parents chosen

at random for each different parameter. These parameters’ values may be subjected to uniform distributed

noise when inherited, whose interval is defined by the user.

• Mating of individuals can (if the user decides) be influenced by their Dimension parameters. In that case, the

longer the Euclidean distance of the individuals, the less likely they are to mate. The case where mating will

be affected by the individuals’ dimensions will be referred to as Distance Mating for the remainder of this

paper and the opposite case will be referred to as Uniform Mating

• Users can specify how will the fitness landscape of each genotype will look like. Currently the fitness

landscape is determined by a user defined linear function. Individuals’ fitness is determined as a function of

their genotype and the value of their sum of dimension parameters. Specifically, the fitness function takes as

input the value of individuals’ Dimension parameters and the state of the middle nucleotide of the individuals’

genotype. This allows for individuals with the same genotype for the selected locus to experience different

evolutionary pressure according to their Dimension parameters. See Figure 1 for a graphical example.

• Mutation rate per site is a user defined parameter. Mutation process includes drawing 2 random integers,

one denotes the 64-bit integer to be mutated and the other denotes which position inside the 64-bit integer is

going to be mutated. Then, a bit-wise operation is performed to the corresponding integer with the mutation

that needs to be inserted.

• Recombination rate per site is a user defined parameter. Recombination process is identical to Mutation

process; 2 random integers are drawn, with one denoting the 64-bit integer that contains the recombination

breaking point and the other pinpoints that breaking point.

• Every simulator of "biological" entities has to follow a biological cycle. For CSFS this cycle is as follows:

1. Check which individual is going to live to the next reproductive cycle.
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2. The mating rate of each couple is decided as a function of the individuals’ fitness and/or distance between

them.

3. A random couple is assigned for each child according to their mating rate.

4. For each child, recombination occurs on each parent’s gametes according to recombination rate. Then

each parent passes the recombined genome to the child.

5. Mutation occurs on the children according to mutation rate.

6. A Poisson random number is assigned to each child that denotes their life expectancy.

• The user can specify Sampling in any point during the simulation.

8
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Figure 1: Examples of different fitness landscapes. By manipulating the Intercept and Slope input one can replicate

scenarios of Traditional Selection, Overdominance, Underdominance, and different mixtures of those depending on the

value of individuals’ dimension parameters
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2.2 Simulation Strategy

In order to evaluate the performance of selection detecting software we performed simulations based on a number of

selection landscapes. 1.000 simulations of each scenario were performed. A burn-in period of 10.000 generations was

specified in every simulations, i.e. individuals were allowed to mutate, recombine (according to input parameters) and

mate freely for a given number of generations, without the influence of selection or dimension parameters. A burn-in

period is necessary in forward simulations so that initial conditions do not have a very large influence of the results.

Genome size is 105bp -with site 5 ∗ 105 being the one selection acts upon. Simulations were run two configurations of

mutation and recombination rates: on one, mutation rate per site = 25 ∗ 10−7 and recombination rate per = 25 ∗ 10−8

(so that θ = 1.000 and ρ = 100) and on the other mutation rate per site = 25 ∗ 10−7 and recombination rate per site

= 25 ∗ 10−7 (so that θ = 1.000 and ρ = 1.000). Individuals were given 2 Dimension parameters, each with range from

0 to 1, and Life Expectancy rate was set to 0 (each individual will take part in only one reproductive cycle). In the case

of distance mating, individuals were allowed to mate with each other only if the euclidean distance between them was

< 0.7. Each child experienced random uniform movement of 0.1. After burn-in 5% of genomes were initialized with

the alternative allele in the selected position. This will most likely create soft-sweeps, which are harder to detect.

There are two reasons for this initialization: a) performance on hard-sweeps has been thoroughly investigated [25, 1,

60] and b) the way datasets are simulated calls for a repeat of the simulation if at any point the alternative allele in the

selected position disappears. This can of course happen with some probability even if the allele in question is under

positive selection [40, 28], thus this step is necessary in order to ensure that the population simulated is under positive

selection. The downside is that simulations take a lot more time than normal, reversely proportional to the initialization

value. This is not because of the speed of CSFS but each simulation may be carried out numerous times until the one

that leads to fixation of the selected allele. Decreasing the initialization value would make execution times prohibitively

large.

We simulated datasets based on various selection landscapes as shown in Figure 2. Note that the first landscape

(Intercept: 1.05 Slope: 0.0) describes selection in a non heterogeneous environment which would be equivalent to

traditionally modeled selection with s = 0.05. In the two last scenarios, note that the derived allele is beneficial only in

part of the landscape, even becoming deleterious in another part. Frequency of heterozygot individuals (0|1) was set to

always be intermediate of the two homozygots. This would be equivalent to co-dominance of the two alleles.

In order to determine if a score is a "hit", i.e. accepted as a positive, a threshold needs to be established. Here

this threshold is described as the 95th percentile of maximum scores from a set of 1.000 neutral simulations. Two

thresholds were generated using neutral simulations with distance and uniform mating respectively for each of θ and ρ

configurations.
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Figure 2: Selection landscapes used for simulations. X axis describes the sum of individuals Dimension parameters

with range (0,2)
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3 Results and Discussion

3.1 Quality Control

In order to determine if CSFS works correctly, identical models were compared using already established simulators,

namely ms [24] and SLiM [20]. A number of summary statistics were extracted using CoMuSstats [42] and their

distributions are shown in Figures 3 and 4. Figure 3 shows comparison of summary statistics between CSFS, ms and

SLiM. For the same values of theta and rho parameters, one would expect the densities of the distribution of these

statistics to be identical, despite the fact that CSFS and SLiM simulate diploid individuals and ms simulates haploid ones.

This, however, is not the case for CSFS, as there are visible differences in the curves of most distributions. The cause of

this phenomenon is the genome size. Specifically, ms runs simulations based on the infinite sites model (reference)

which means that there are infinite number of sites so it is extremely unlikely that a specific position is mutated twice

during the simulation. The infinite site assumption is a relatively safe assumption under short time scales but becomes a

problem for CSFS under the specific parameters for the scenario of Figure 3. SLiM escapes this limitation because

of the way it records mutations (For more information see ’mutation stacking’ in SLiM manual). We can see that

recombination rate does not play a role in determining the distribution of the summary statistics which is shown in the

different ms curves in Figure 3. Figure 4 shows simulations that are performed with genomesize = 10.000bp. The

probability that a mutation occurs in the same site more than one times, given the larger genome size, is small enough

so that the effect of violation of the infinite site assumption cannot be detected. Thus the resulting distributions seem

nearly identical (red and yellow lines).
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Figure 3: Density plots of summary statistics. Simulations were performed with 3 simulators on 4 total configurations.

2500 CSFS simulations were performed with genomesize = 1.000bp, mutation rate = 25 ∗ 10−6 and recombination

rate = 5 ∗ 10−6 (that equates to θ = 100 and ρ = 20). 10.000 ms simulations were performed, with theta 100 and rho

20 and 10 respectively. Finally 1.000 SLiM simulations were performed with the same mutation and recombination

rates so that θ = 100 and ρ = 20. Forward simulations were run for 10.000 generations. Summary statistics were

extracted with CoMuSstats.

3.2 Fixation Times

5 and 6 display distribution of the time of fixation of the selected allele according to selection heterogeneity. Simulations

were performed on distance and uniform mating respectively for θ = 1.000 and ρ = 10. Figure 7 and Figure 8 are

identical to Figure 5 and 6 respectively, except that rho was changed to 1.000. Selection simulations were stopped

when the alternative allele reached fixation or when generation 4.000 was reached. In selection simulations, the 4.000

generation limit was never reached, as is evident from all the figures, which means that if the alternative allele was lost,

it was always before the 4.000th generation. In every simulation 5% of genomes were initialized with the alternative

allele in the selected site.

Fixation times appear to be as expected. The steeper the selection landscape is, the advantage of the ’well adapted’

genotypes decreases if they are not in the optimal location. Individuals will gradually move and the ones that reach the

optimum for their genotype will have an evolutionary advantage and so their genome will increase in frequency. Since

the strength of the evolutionary advantage is directly proportional to the average amount of children of an individual, the

strength of said advantage is inversely proportional to the time it will take for the ’well adapted’ genotypes to increase.
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Figure 4: Comparison of summary statistics on ms and CSFS simulations. The red line denotes CSFS with 10.000

bp as genome size and blue line denotes CSFS with 1.000 bp. Yellow line denotes ms simulations, which uses the

infinite sites model. Mutation and recombination rates were adjusted in each configuration so that theta = 100 and rho =

20. 1.000 simulations were performed with each configuration. Forward simulations were run for 12000 generations.

Summary statistics were extracted with CoMuSstats.

This is clearly shown in Figures 5-8, where the simulations under steeper landscapes have higher fixation times on

average. This is consistent in both low and high recombination.

Figures 9 and 10 display comparisons of fixation times according to mating. The effect may be subtle but the steeper

the landscape gets, fixation times of simulations with distance mating decrease compared to uniform mating. When

a simulation is run under uniform mating, the rate of reproduction of an individual depends solely on their fitness

(which depends on their genotype and their position on the landscape). As a result, individuals with higher fitness

are more likely to mate with one another. For Scenarios 7 and 8 these individuals can be of two categories: a) they

are homozygots for the derived allele (1|1) and live in an area where it is beneficial or b) they are homozygots for the

ancestral allele (0|0) and live in an area where this allele is beneficial. The mating probability of this paring will be

substantially higher in simulations with uniform mating, because in simulations with distance mating the reproductive

rate of a couple decreases as the distance between them grows. The result of this mating can only be heterozygot

children (0|1) which leads to the retention of both alleles in the next generation and increase in fixation times.
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Figure 5: Violin plots of Fixation time based on Selection Heterogeneity. 1.000 simulations were performed under

each scenario with distance mating. Intercept and slope values denote the fitness landscape (as described in 2.1).

θ = 1.000, ρ = 100.
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Figure 6: Violin plots of Fixation time based on Selection Heterogeneity. 1.000 simulations were performed under

each scenario with uniform mating. Intercept and slope values denote the fitness landscape (as described in 2.1).

θ = 1.000, ρ = 100.
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Figure 7: Violin plots of Fixation time based on Selection Heterogeneity. 1.000 simulations were performed under

each scenario with distance mating. Intercept and slope values denote the fitness landscape (as described in 2.1).

θ = 1.000, ρ = 1.000.
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Figure 8: Violin plots of Fixation time based on Selection Heterogeneity. 1.000 simulations were performed under

each scenario with uniform mating. Intercept and slope values denote the fitness landscape (as described in 2.1).

θ = 1.000, ρ = 1.000.

18



A PREPRINT - MARCH 23, 2021

inter_1.slope_005

inter_10375.slope_00125 inter_105.slope_00

inter_10125.slope_00375 inter_1025.slope_0025

inter_0975.slope_0075 inter_09875.slope_00625

0

1000

2000

0

250

500

750

1000

0

200

400

600

0

1000

2000

3000

0

500

1000

0

200

400

600

800

0

500

1000

1500

2000

Mating

Fi
xa

tio
n_

Ti
m

e

Mating
Distance Mating

Uniform Mating

Simulations with θ = 1000 and ρ = 100
Time of fixation based on Mating and Selection Heterogeneity

Figure 9: Violin plots comparing Fixation time based on Mating for common Selection Heterogeneity. 1.000 simulations

were performed under each scenario with uniform mating. Intercept and slope values denote the fitness landscape (as

described in 2.1). θ = 1.000, ρ = 100.

19



A PREPRINT - MARCH 23, 2021

inter_1.slope_005

inter_10375.slope_00125 inter_105.slope_00

inter_10125.slope_00375 inter_1025.slope_0025

inter_0975.slope_0075 inter_09875.slope_00625

0

1000

2000

3000

0

300

600

900

0

200

400

600

0

1000

2000

3000

0

300

600

900

1200

0

200

400

600

0

500

1000

1500

Mating

Fi
xa

tio
n_

Ti
m

e

Mating
Distance Mating

Uniform Mating

Simulations with θ = 1000 and ρ = 1000
Time of fixation based on Mating and Selection Heterogeneity

Figure 10: Violin plots comparing Fixation time based Mating for common Selection Heterogeneity. 1.000 simulations

were performed under each scenario. Intercept and slope values denote the fitness landscape (as described in 2.1).

θ = 1.000, ρ = 1.000.
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Figure 11: Best SweeD scores over 1.000 simulations under each selection landscape (for a detailed description of

fitness landscapes check 2.1). Thresholds were obtained by performing 1.000 simulations under neutrality, on condition

that the alternative allele was fixed in the selected position, then taking the 95% best SweeD score. Genome size was set

to 10.000bp. Mutation and recombination rates were set such that θ = 1.000 and ρ = 100
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3.3 SweeD Analysis

SweeD [45] is an adaptation of Neilsen’s [38] methodology for detecting selective sweeps based on the Site Frequency

Spectrum (SFS) [45]. It uses a sliding window approach to calculate the probability that a sweep occurred inside

the window, by calculating the likelihood of the SFS when a sweep has occurred and dividing it with the likelihood

of the SFS given no sweep. Since it was shown that demographic events can have similar signatures to selective

sweeps, SweeD can also calculate the likelihood of the neutral SFS from empirical data or simulations under specific

demographic models. For the subsequent analysis with SweeD, window width was set to 200. Thresholds were obtained

by simulating 1.000 neutral datasets for 4.000 generations with a burn-in period of 10.000. Figures 11 and 12 display

the maximum SweeD scores under each evolutionary scenario for distance and uniform mating respectively with

ρ = 100. Figures 13 and 14 are identical apart from ρ which is 1.000. A summary of the true-positive rates according

to Selection scenario can be found on Figures 1 and 2.

As fixation of a neutral allele is a process that can occur naturally in populations with some probability, neutral datasets

were generated on condition of fixation of the alternative allele on the selected locus. These datasets can be used in

order to calculate false-positive rates. Figures 15 and 16 display the maximum SweeD scores of these neutral datasets

for ρ = 100 and ρ = 1.000 respectively. Figure 3 shows a summary of false-positive rates for SweeD analysis.

It is evident that SweeD does not adequately detect the presence of positive selection in these scenarios with the

maximum true positive rate in any of the simulation configurations being 27, 9%. This can be attributed mainly to the

initialization of the simulations. While selection is strong enough not to pose a problem according to the literature [22,

47, 46, 44], calculation of the likelihood of the SFS under selection assumes that the beneficial mutation started it’s path

to fixation from a single copy. Contrary, an initialization of 5% means that the beneficial allele is present in 50 genomes

at the start of our simulations. This means that standing variation around the selected locus will not rise to a frequency

high enough, because each genome that had been ’implanted’ the selected allele will have it’s own standing variation

which dilutes the signature of the sweep. Figure 17, which shows a dataset with initialization of 0.5%, proves exactly

this point.

One thing of note is that in the case of low recombination (Table 1) detection rates double when using a threshold

obtained by simulations with uniform mating, regardless of the selection scenario. This though, comes at a price. Table

3 shows the false positive rates of SweeD analysis. In the same case of low recombination we report a false positive rate

almost four times greater when using the threshold generated from simulations under uniform mating compared to the

one generated under distance mating. In high recombination (Tables 2 and 3, detection rates seem to slightly favor

a cutoff under uniform mating but differences are extremely low, with the maximum difference across all selection

scenarios being less than 3% and no visible difference on false positive rates.
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Figure 12: Best SweeD scores over 1.000 simulations under each selection landscape (for a detailed description of

fitness landscapes check 2.1). Thresholds were obtained by performing 1.000 simulations under neutrality, on condition

that the alternative allele was fixed in the selected position, then taking the 95% best SweeD score. Genome size was set

to 10.000bp. Mutation and recombination rates were set such that θ = 1.000 and ρ = 100
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Figure 13: Best SweeD scores over 1.000 simulations under each selection landscape (for a detailed description of

fitness landscapes check 2.1). Thresholds were obtained by performing 1.000 simulations under neutrality, on condition

that the alternative allele was fixed in the selected position, then taking the 95% best SweeD score. Genome size was set

to 10.000 sites. Mutation and recombination rates were set such that θ = 1.000 and ρ = 1.000
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Figure 14: Best SweeD scores over 1.000 simulations under each selection landscape (for a detailed description of

fitness landscapes check 2.1). Thresholds were obtained by performing 1.000 simulations under neutrality, on condition

that the alternative allele was fixed in the selected position, then taking the 95% best SweeD score. Genome size was set

to 10.000 sites. Mutation and recombination rates were set such that θ = 1.000 and ρ = 1.000
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Figure 15: SweeD scores over 1.000 neutral simulations conditional on fixation of the alternative allele under distance

and uniform mating. Thresholds were obtained by performing 1.000 simulations under neutrality, on condition that the

alternative allele was fixed in the selected position, then taking the 95% best SweeD score. Genome size was set to

10.000bp. Mutation and recombination rates were set such that θ = 1.000 and ρ = 100
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Figure 16: SweeD scores over 1.000 neutral simulations conditional on fixation of the alternative allele under distance

and uniform mating. Thresholds were obtained by performing 1.000 simulations under neutrality, on condition that the

alternative allele was fixed in the selected position, then taking the 95% best SweeD score. Genome size was set to

10.000bp. Mutation and recombination rates were set such that θ = 1.000 and ρ = 1.000
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Figure 17: Example of SweeD scores over 1.000 simulations of initialization of 0.05. Detection rates are around 40%.

Simulations were under Distance mating. Genome size was set to 10.000bp. Mutation and recombination rates were set

such that θ = 1.000 and ρ = 1.000
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Sweed True-positive rates

Simulations under θ = 1.000 and ρ = 100

Simulations under Distance Mating Simulations under Uniform Mating

Distance Threshold Uniform Threshold Distance Threshold Uniform Threshold

Selection Scenario

Intercept: 1.05 Slope: 0.0 0.113 0.22 0.103 0.212

Intercept: 1.0375 Slope: 0.0125 0.121 0.213 0.11 0.239

Intercept: 1.025 Slope: 0.025 0.132 0.229 0.095 0.194

Intercept: 1.0125 Slope: 0.0375 0.095 0.196 0.098 0.215

Intercept: 1 Slope: 0.05 0.119 0.21 0.101 0.205

Intercept: 0.9875 Slope: 0.0625 0.12 0.236 0.099 0.184

Intercept: 0.975 Slope: 0.075 0.088 0.187 0.057 0.125
Table 1: SweeD true-positive rates. Genome size was set to 10.000bp. Mutation and recombination rates were set such

that θ = 1.000 and ρ = 100

Sweed True-positive rates

Simulations under θ = 1.000 and ρ = 1.000

Simulations under Distance Mating Simulations under Uniform Mating

Distance Threshold Uniform Threshold Distance Threshold Uniform Threshold

Selection Scenario

Intercept: 1.05 Slope: 0.0 0.239 0.26 0.217 0.242

Intercept: 1.0375 Slope: 0.0125 0.233 0.255 0.264 0.279

Intercept: 1.025 Slope: 0.025 0.233 0.26 0.203 0.219

Intercept: 1.0125 Slope: 0.0375 0.212 0.237 0.213 0.229

Intercept: 1 Slope: 0.05 0.23 0.258 0.207 0.232

Intercept: 0.9875 Slope: 0.0625 0.259 0.281 0.192 0.211

Intercept: 0.975 Slope: 0.075 0.217 0.241 0.178 0.189
Table 2: SweeD true-positive rates. Genome size was set to 10.000bp. Mutation and recombination rates were set such

that θ = 1.000 and ρ = 1.000

Sweed False Positive Rates

Simulations under θ = 1.000

Simulations under Distance Mating Simulations under Uniform Mating

Distance Threshold Uniform Threshold Distance Threshold Uniform Threshold

Recombination Intensity

ρ = 100 0.114 0.46 0.124 0.508

ρ = 1.000 0.165 0.165 0.164 0.163
Table 3: SweeD true-positive rates. Genome size was set to 10.000bp. Mutation rate was set such that θ = 1.000

29



A PREPRINT - MARCH 23, 2021

3.4 Pcadapt analysis

Pcadapt is an R based package for detecting loci under local adaptation. It performs dimensionality reduction on the

genotype matrix into K principal components. It begins by normalizing the genotype matrix G columnwise according

to the formula proposed by Patterson et al. [43]: G̃ = (Gij − pj)/
√

2 ∗ pj(1 − pj), where Gij is the genotype of

individual i at locus j (which is 0,1 or 2 for diploid individuals) and pj is the minor allele frequency of locus j.

Then pcadapt proceeds to ascertain population structure with PCA. The number of principal components is supposed to

be chosen by the user. The authors recommend using Cattell’s rule [10] based on a scree plot -a plot of eigenvalues

of the covariance matrix in decreasing order- obtained from PCA with a sufficiently large number of K [34]. Up

to a constant, eigenvalues are proportional to the proportion of variance explained by their corresponding principal

component. Cattell’s rule specifies that eigenvalues that lie on a line somewhat parallel to the x axis should be omitted

from the analysis [10], thus deciding the value of K. Manually going through that many plots is not feasible, so we

decided to use 10 as out K value, based on some example scree plots (one is shown in Figure 18). It is evident from the

plot that the eigenvalues do not reach a plateau. The last reason K = 10 was chosen is that pcadapt encountered a fatal

error in many datasets when run with greater K value.

After deciding the number of PCs, pcadapt performs multiple regressions by regressing each of the p loci with each of

the PCs, returning a vector of z-scores for each locus zj = (zj1, . . . , zjK) where zjK is the z-score of the jth SNP

when regressed to theK PC. In order to find outliers based on the vector of z-scores, pcadapt calculates the Mahalanobis

Distance D:

D2 = (zj − z)T Σ−1(zj − z̃)

where Σ is the (KxK) covariance matrix of the z-scores and z is the vector of the z-score means. In order to perform

multiple hypothesis testing, distance values need to be transformed into p-values. Assuming that the z-scores follow a

multivariate Gaussian distribution, D/λ should be χ2 distributed with K degrees of freedom, where λ is a constant

called genomic inflation factor. λ is estimated as the ratio of the median Mahalanobis distance divided by the the

median of the χ2 distribution with K d.o.f. [14]. In order to try and mitigate the violation of Pcadapt’s assumption that

loci are independent, we performed SNP thinning with window size = 200 and r2 threshold = 0.1. This procedure

uses a sliding window approach to trim SNPs that correlate more than the given threshold within the window.

Authors suggest an FDR approach when choosing a threshold, where a list of loci is accepted with an expected

proportion of false discoveries smaller than a given cutoff. This approach does not capture the distribution of scores

in populations evolving under neutrality and is also impractical in a simulation study where there are thousands of

datasets to be analyzed. For this reason we introduced a cutoff procedure identical to the one for the SweeD analysis.

We simulated 1.000 neutral datasets identical to the ones analyzed (apart from the selection strength), then proceeded to

analyze them with the Pcadapt pipeline. We chose as cutoff the 95th percentile of the distribution of best scores out of

these neutral datasets.

Figures 19 - 22 show the maximum Pcadapt scores under each evolutionary scenario for each recombination rate

intensity. Tables 4 and 5 summarize the true-positive rates of Pcadapt analysis for ρ = 100 and ρ = 1.000 respectively.
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Table 6 displays the false-positive rates obtained by simulating neutral datasets on condition of fixation of the derived

allele.

Pcadapt had poor performance in detecting natural selection in simulated datasets, as true positive-rates are similar to

false-positive rates, especially in high recombination. Detection rates are better when applying thresholds generated by

uniform simulations but only slightly, and seem to worsen as recombination rate increases. Contrary to SweeD analysis,

the issue here doesn’t seem to be the initialization value. Even though Pcadapt is population agnostic, it is still expected

that the PCs that display the highest variance will correspond to population structure. Since in our simulations, there is

no rigid definition of populations but individuals mate in a rate inversely proportional to their distance, PCA should not

be able to capture any populations structure. As a result, when Pcadapt uses regression to find outliers, the target of this

regression should not convey information relevant with adaptation.
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Figure 18: Example of a scree plot generated by the simulations.
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Figure 19: Best Pcadapt scores over 1.000 simulations under each selection landscape (for a detailed description of

fitness landscapes check 2.1). Thresholds were obtained by performing 1.000 simulations under neutrality, on condition

that the alternative allele was fixed in the selected position, then taking the 95% best SweeD score. Genome size was set

to 10.000bp. Mutation and recombination rates were set such that θ = 1.000 and ρ = 100
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Figure 20: Best Pcadapt scores over 1.000 simulations under each selection landscape (for a detailed description of

fitness landscapes check 2.1). Thresholds were obtained by performing 1.000 simulations under neutrality, on condition

that the alternative allele was fixed in the selected position, then taking the 95% best SweeD score. Genome size was set

to 10.000bp. Mutation and recombination rates were set such that θ = 1.000 and ρ = 100
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Figure 21: Best Pcadapt scores over 1.000 simulations under each selection landscape (for a detailed description of

fitness landscapes see 2.1). Thresholds were obtained by performing 1.000 simulations under neutrality, on condition

that the alternative allele was fixed in the selected position, then taking the 95% best Pcadapt score. Genome size was

set to 10.000bp. Mutation and recombination rates were set such that θ = 1.000 and ρ = 1.000
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Figure 22: Best Pcadapt scores over 1.000 simulations under each selection landscape (for a detailed description of

fitness landscapes see 2.1). Thresholds were obtained by performing 1.000 simulations under neutrality, on condition

that the alternative allele was fixed in the selected position, then taking the 95% best Pcadapt score. Genome size was

set to 10.000bp. Mutation and recombination rates were set such that θ = 1.000 and ρ = 1.000

36



A PREPRINT - MARCH 23, 2021

Uniform Mating

Distance Mating

0 25000 50000 75000 100000

0

100

200

300

0

100

200

300

Position

-lo
g1

0 
pv

al
ue

s

95% Neutral Threshold
Distance Mating

Uniform Mating

Simulations with θ=1000 and ρ=100

Pcadapt Max Scores under Neutral Simulations
conditional on Fixation

Figure 23: Best Pcadapt scores over 1.000 neutral simulations conditional on fixation of the alternative allele under

distance and uniform mating. Thresholds were obtained by performing 1.000 simulations under neutrality, on condition

that the alternative allele was fixed in the selected position, then taking the 95% best Pcadapt score. Genome size was

set to 10.000bp. Mutation and recombination rates were set such that θ = 1.000 and ρ = 100

37



A PREPRINT - MARCH 23, 2021

Uniform Mating

Distance Mating

0 25000 50000 75000 100000

50

100

150

50

100

150

Position

-lo
g1

0 
pv

al
ue

s

95% Neutral Threshold
Distance Mating

Uniform Mating

Simulations with θ=1000 and ρ=1000

Pcadapt Max Scores under Neutral Simulations
conditional on Fixation

Figure 24: Pcadapt scores over 1.000 neutral simulations conditional on fixation of the alternative allele under distance

and uniform mating. Thresholds were obtained by performing 1.000 simulations under neutrality, on condition that the

alternative allele was fixed in the selected position, then taking the 95% best SweeD score. Genome size was set to

10.000bp. Mutation and recombination rates were set such that θ = 1.000 and ρ = 1.000
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True-positive rates of Pcadapt Analysis

Simulations under θ = 1.000 and ρ = 100

Simulations under Distance Mating Simulations under Uniform Mating

Distance Threshold Uniform Threshold Distance Threshold Uniform Threshold

Selection Scenario

Intercept: 1.05 Slope: 0.0 0.088 0.101 0.067 0.081

Intercept: 1.0375 Slope: 0.0125 0.077 0.089 0.082 0.089

Intercept: 1.025 Slope: 0.025 0.073 0.085 0.071 0.083

Intercept: 1.0125 Slope: 0.0375 0.062 0.078 0.062 0.072

Intercept: 1 Slope: 0.05 0.065 0.081 0.051 0.061

Intercept: 0.9875 Slope: 0.0625 0.055 0.069 0.063 0.077

Intercept: 0.975 Slope: 0.075 0.052 0.063 0.044 0.052
Table 4: SweeD true-positive rates. Genome size was set to 10.000bp. Mutation and recombination rates were set such

that θ = 1.000 and ρ = 100

True-positive rates of Pcadapt Analysis

Simulations under θ = 1.000 and ρ = 1.000

Simulations under Distance Mating Simulations under Uniform Mating

Distance Threshold Uniform Threshold Distance Threshold Uniform Threshold

Selection Scenario

Intercept: 1.05 Slope: 0.0 0.047 0.057 0.042 0.052

Intercept: 1.0375 Slope: 0.0125 0.056 0.074 0.051 0.06

Intercept: 1.025 Slope: 0.025 0.05 0.058 0.052 0.059

Intercept: 1.0125 Slope: 0.0375 0.053 0.058 0.045 0.053

Intercept: 1 Slope: 0.05 0.044 0.05 0.049 0.057

Intercept: 0.9875 Slope: 0.0625 0.044 0.055 0.05 0.061

Intercept: 0.975 Slope: 0.075 0.054 0.066 0.055 0.061
Table 5: SweeD true-positive rates. Genome size was set to 10.000bp. Mutation and recombination rates were set such

that θ = 1.000 and ρ = 1.000

Pcadapt False Positive Rates

Simulations under θ = 1.000

Simulations under Distance Mating Simulations under Uniform Mating

Distance Threshold Uniform Threshold Distance Threshold Uniform Threshold

Recombination Intensity

ρ = 100 0.044 0.052 0.045 0.052

ρ = 1.000 0.038 0.054 0.049 0.06
Table 6: Pcadapt true-positive rates. Genome size was set to 10.000bp. Mutation rate was set such that θ = 1.000
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4 Conclusion

The majority of previous studies on locally adapted populations fall under two categories: a) individuals are static and

live in nodes in a continuous heterogeneous environment where dispersal events are rare [32] or b) populations do

exhibit strict spatial structure which is assumed at the sampling location. Gene flow in natural populations however,

does not conform to either of the previous cases. This becomes evident when, in order to develop and test software that

are supposed to detect local adaptation, studies use a very niche subset of possibilities of real populations. While we

understand that time and resources are limited, more effort needs to be allocated towards the understanding of complex,

realistic models of population evolution and limitations of detection models [25, 6]

The difficulty of modern methodologies in detecting soft sweeps can be attributed to the different biological procedures

that produce similar signature. Hill and Robertson [23] stated that when two beneficial mutations occur the probability

of fixation at both sited decreases depending on the intensity of recombination. Hermisson and Pennings [22] described

a model where a derived neutral or slightly deleterious mutation of low frequency suddenly becomes beneficial thus

sweeping existing variation to intermediate frequencies. The same authors also demonstrated a model where if multiple

beneficial mutations on the same site occur in short succession, but on different haplotypes, the result would be the same

-different genetic background to intermediate frequencies. Lastly the same phenomenon is expected when selection

strength is not high compared to recombination strength [25, 60].

It seems that adaptation through existing genetic variation may be the rule rather than the exception according to recent

studies in Drosophila Melanogaster and humans, suggesting that the majority of their genome carries soft sweep

signatures [55, 56]. It has also been shown that spatial structured populations promote soft selective sweeps [50].

This has major implication in demography inference as most methods assume that the regions they analyze are under

neutrality, while effects of nearby positive and negative selection have been shown to negatively impact inference [57,

17].

Finally, while this study attempted to shed some light in populations evolving under a heterogeneous environment, it

used few (albeit popular) inference tools. There is a plethora of relatively recent software for selection inference [11,

15, 62, 1, 55] and more research needs to be made in validation of these methods.

40



A PREPRINT - MARCH 23, 2021

5 References

[1] Nikolaos Alachiotis and Pavlos Pavlidis. “RAiSD detects positive selection based on multiple signatures of a

selective sweep and SNP vectors”. In: Communications biology 1.1 (2018), pp. 1–11.

[2] J. Antonovics. “Evolution in closely adjacent plant populations X: Long-term persistence of prereproductive

isolation at a mine boundary”. In: Heredity 97.1 (2006), pp. 33–37. ISSN: 0018067X. DOI: 10.1038/sj.hdy.

6800835.

[3] N. H. Barton, a. M. Etheridge, and a. Véber. “A new model for evolution in a spatial continuum”. In: Electronic

Communications in Probability 15 (2010), pp. 162–216. ISSN: 1083589X. DOI: 10.1214/EJP.v15-741. eprint:

0904.0210.

[4] Mark A Beaumont and David J Balding. “Identifying adaptive genetic divergence among populations from

genome scans”. In: Molecular ecology 13.4 (2004), pp. 969–980.

[5] Mark A Beaumont and Richard A Nichols. “Evaluating loci for use in the genetic analysis of population structure”.

In: Proceedings of the Royal Society of London. Series B: Biological Sciences 263.1377 (1996), pp. 1619–1626.

[6] Fred L Bookstein. “A newly noticed formula enforces fundamental limits on geometric morphometric analyses”.

In: Evolutionary Biology 44.4 (2017), pp. 522–541.

[7] Benjamin Brachi et al. “Coselected genes determine adaptive variation in herbivore resistance throughout the

native range of Arabidopsis thaliana”. In: Proceedings of the National Academy of Sciences 112.13 (2015),

pp. 4032–4037. ISSN: 0027-8424. DOI: 10.1073/pnas.1421416112.

[8] John M Braverman et al. “The hitchhiking effect on the site frequency spectrum of DNA polymorphisms.” In:

Genetics 140.2 (1995), pp. 783–796.

[9] Andrea Cardini, Paul O’Higgins, and F. James Rohlf. “Seeing Distinct Groups Where There are None: Spurious

Patterns from Between-Group PCA”. In: Evolutionary Biology 46.4 (Dec. 2019), pp. 303–316. ISSN: 19342845.

DOI: 10.1007/s11692-019-09487-5.

[10] Raymond B Cattell. “The scree test for the number of factors”. In: Multivariate behavioral research 1.2 (1966),

pp. 245–276.

[11] Kevin Caye et al. “LFMM 2: fast and accurate inference of gene-environment associations in genome-wide

studies”. In: Molecular biology and evolution 36.4 (2019), pp. 852–860.

[12] Brian Charlesworth, MT Morgan, and Deborah Charlesworth. “The effect of deleterious mutations on neutral

molecular variation.” In: Genetics 134.4 (1993), pp. 1289–1303.

[13] Graham Coop et al. “Using environmental correlations to identify loci underlying local adaptation”. In: Genetics

185.4 (2010), pp. 1411–1423.

[14] Bernie Devlin and Kathryn Roeder. “Genomic control for association studies”. In: Biometrics 55.4 (1999),

pp. 997–1004.

[15] Nicolas Duforet-Frebourg, Eric Bazin, and Michael G B Blum. “Genome scans for detecting footprints of local

adaptation using a Bayesian factor model”. In: Molecular Biology and Evolution 31.9 (2014), pp. 2483–2495.

ISSN: 15371719. DOI: 10.1093/molbev/msu182. eprint: 1402.5321.

[16] Paul R Ehrlich and Peter H Raven. “Differentiation of Populations Linked references are available on JSTOR for

this article : Differentiation of Populations”. In: Science 165.3899 (1969), pp. 1228–1232.

41

http://dx.doi.org/10.1038/sj.hdy.6800835
http://dx.doi.org/10.1038/sj.hdy.6800835
http://dx.doi.org/10.1214/EJP.v15-741
0904.0210
http://dx.doi.org/10.1073/pnas.1421416112
http://dx.doi.org/10.1007/s11692-019-09487-5
http://dx.doi.org/10.1093/molbev/msu182
1402.5321


A PREPRINT - MARCH 23, 2021

[17] Gregory B Ewing and Jeffrey D Jensen. “The consequences of not accounting for background selection in

demographic inference”. In: Molecular ecology 25.1 (2016), pp. 135–141.

[18] Justin C Fay and Chung-I Wu. “Hitchhiking under positive Darwinian selection”. In: Genetics 155.3 (2000),

pp. 1405–1413.

[19] Matthieu Foll and Oscar Gaggiotti. “A genome-scan method to identify selected loci appropriate for both

dominant and codominant markers: a Bayesian perspective”. In: Genetics 180.2 (2008), pp. 977–993.

[20] Benjamin C. Haller and Philipp W. Messer. “SLiM 2: Flexible, interactive forward genetic simulations”. In:

Molecular Biology and Evolution 34.1 (2017), pp. 230–240. ISSN: 15371719. DOI: 10.1093/molbev/msw211.

[21] Olivier Hanotte et al. “African pastoralism: genetic imprints of origins and migrations”. In: Science 296.5566

(2002), pp. 336–339.

[22] Joachim Hermisson and Pleuni S Pennings. “Soft sweeps: molecular population genetics of adaptation from

standing genetic variation”. In: Genetics 169.4 (2005), pp. 2335–2352.

[23] William G Hill and Alan Robertson. “The effect of linkage on limits to artificial selection”. In: Genetics Research

8.3 (1966), pp. 269–294.

[24] R Hudson. “Ms a Program for Generating Samples Under Neutral Models”. In: Bioinformatics 2002 (2002),

pp. 337–338. URL: http://home.uchicago.edu/%7B~%7Drhudson1/source/mksamples/msdir/msdoc.

pdf%7B%5C%%7D5Cnpapers2://publication/uuid/7BB9F46B-F029-44E4-8A5D-DA9AD2CABED7.

[25] Jeffrey D Jensen. “On the unfounded enthusiasm for soft selective sweeps”. In: Nature communications 5.1

(2014), pp. 1–10.

[26] Jeffrey D. Jensen et al. “Distinguishing between selective sweeps and demography using DNA polymorphism

data”. In: Genetics 170.3 (July 2005), pp. 1401–1410. ISSN: 00166731. DOI: 10.1534/genetics.104.038224.

[27] Yuseob Kim and Wolfgang Stephan. “Detecting a local signature of genetic hitchhiking along a recombining

chromosome”. In: Genetics 160.2 (2002), pp. 765–777. ISSN: 00166731.

[28] Motoo Kimura. “The neutral theory and molecular evolution”. In: My Thoughts on Biological Evolution. Springer,

2020, pp. 119–138.

[29] R. C. Lewontin and J. Krakauer. “Distribution of gene frequency as a test of the theory of the selective neutrality of

polymorphisms”. In: Genetics 74.1 (1973), pp. 175–195. ISSN: 00166731. DOI: 10.1093/genetics/74.1.175.

[30] Yong Fuga Li et al. ““Reverse ecology” and the power of population genomics”. In: Evolution: International

Journal of Organic Evolution 62.12 (2008), pp. 2984–2994.

[31] Bodo Linz et al. “An African origin for the intimate association between humans and Helicobacter pylori”. In:

Nature 445.7130 (2007), pp. 915–918. ISSN: 14764687. DOI: 10.1038/nature05562.

[32] Katie E. Lotterhos and Michael C. Whitlock. “The relative power of genome scans to detect local adaptation

depends on sampling design and statistical method”. In: Molecular Ecology 24.5 (2015), pp. 1031–1046. ISSN:

1365294X. DOI: 10.1111/mec.13100.

[33] Katie E Lotterhos et al. “Modularity of genes involved in local adaptation to climate despite physical linkage”.

In: Genome Biology 19.1 (Dec. 2018), p. 157. ISSN: 1474760X. DOI: 10.1186/s13059-018-1545-7. URL:

https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1545-7.

42

http://dx.doi.org/10.1093/molbev/msw211
http://home.uchicago.edu/%7B~%7Drhudson1/source/mksamples/msdir/msdoc.pdf%7B%5C%%7D5Cnpapers2://publication/uuid/7BB9F46B-F029-44E4-8A5D-DA9AD2CABED7
http://home.uchicago.edu/%7B~%7Drhudson1/source/mksamples/msdir/msdoc.pdf%7B%5C%%7D5Cnpapers2://publication/uuid/7BB9F46B-F029-44E4-8A5D-DA9AD2CABED7
http://dx.doi.org/10.1534/genetics.104.038224
http://dx.doi.org/10.1093/genetics/74.1.175
http://dx.doi.org/10.1038/nature05562
http://dx.doi.org/10.1111/mec.13100
http://dx.doi.org/10.1186/s13059-018-1545-7
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1545-7


A PREPRINT - MARCH 23, 2021

[34] Keurcien Luu, Eric Bazin, and Michael G B Blum. “pcadapt: An R package to perform genome scans for

selection based on principal component analysis”. In: Molecular Ecology Resources 33 (2016), pp. 67–77. ISSN:

17550998. DOI: 10.1111/1755-0998.12592.

[35] John Maynard Smith and John Haigh. “The hitch-hiking effect of a favourable gene”. In: Genetics Research

23.23-55 (1974). ISSN: 00166723. DOI: 10.1017/S0016672308009579.

[36] P. Menozzi, a. Piazza, and L. Cavalli-Sforza. “of Human Gene Synthetic Frequencies Europeans”. In: Science

(New York, N.Y.) 201.4358 (1978), pp. 786–791. URL: http://www.sciencemag.org/content/201/4358/

786.short.

[37] Masatoshi Nei and Takeo Maruyama. “Lewontin-Krakauertest for neutral genes”. In: Genetics 80.2 (1975),

p. 395.

[38] Rasmus Nielsen. “Molecular signatures of natural selection.” In: Annual review of genetics 39 (2005), pp. 197–

218. ISSN: 0066-4197. DOI: 10.1146/annurev.genet.39.073003.112420. URL: http://www.ncbi.nlm.

nih.gov/pubmed/16285858.

[39] John Novembre and Matthew Stephens. “Interpreting principal component analyses of spatial population genetic

variation”. In: Nature Genetics 40.5 (2008), pp. 646–649. ISSN: 10614036. DOI: 10.1038/ng.139.

[40] Tomoko Ohta. “The nearly neutral theory of molecular evolution”. In: Annual review of ecology and systematics

23.1 (1992), pp. 263–286.

[41] Taras K. Oleksyk, Michael W. Smith, and Stephen J. O’Brien. “Genome-wide scans for footprints of natural

selection”. In: Philosophical Transactions of the Royal Society B: Biological Sciences 365.1537 (2010), pp. 185–

205. ISSN: 14712970. DOI: 10.1098/rstb.2009.0219.

[42] S Papadantonakis, P Poirazi, and P Pavlidis. “CoMuS: simulating coalescent histories and polymorphic data

from multiple species”. In: Molecular ecology resources 16.6 (2016), pp. 1435–1448.

[43] Nick Patterson, Alkes L. Price, and David Reich. “Population structure and eigenanalysis”. In: PLoS Genetics

2.12 (2006), pp. 2074–2093. ISSN: 15537390. DOI: 10.1371/journal.pgen.0020190.

[44] Jayson Paulose, Joachim Hermisson, and Oskar Hallatschek. “Spatial soft sweeps: patterns of adaptation in

populations with long-range dispersal”. In: PLoS genetics 15.2 (2019), e1007936.

[45] Pavlos Pavlidis et al. “SweeD: Likelihood-based detection of selective sweeps in thousands of genomes”. In:

Molecular Biology and Evolution 30.9 (2013), pp. 2224–2234. ISSN: 07374038. DOI: 10.1093/molbev/

mst112.

[46] Pleuni S Pennings and Joachim Hermisson. “Soft sweeps III: the signature of positive selection from recurrent

mutation”. In: PLoS Genet 2.12 (2006), e186.

[47] Pleuni S Pennings and Joachim Hermisson. “Soft sweeps II—molecular population genetics of adaptation from

recurrent mutation or migration”. In: Molecular biology and evolution 23.5 (2006), pp. 1076–1084.

[48] Alkes L. Price et al. “Principal components analysis corrects for stratification in genome-wide association

studies”. In: Nature Genetics 38.8 (2006), pp. 904–909. ISSN: 10614036. DOI: 10.1038/ng1847.

[49] Jonathan K Pritchard, Matthew Stephens, and Peter Donnelly. “Inference of population structure using multilocus

genotype data”. In: Genetics 155.2 (2000), pp. 945–959.

43

http://dx.doi.org/10.1111/1755-0998.12592
http://dx.doi.org/10.1017/S0016672308009579
http://www.sciencemag.org/content/201/4358/786.short
http://www.sciencemag.org/content/201/4358/786.short
http://dx.doi.org/10.1146/annurev.genet.39.073003.112420
http://www.ncbi.nlm.nih.gov/pubmed/16285858
http://www.ncbi.nlm.nih.gov/pubmed/16285858
http://dx.doi.org/10.1038/ng.139
http://dx.doi.org/10.1098/rstb.2009.0219
http://dx.doi.org/10.1371/journal.pgen.0020190
http://dx.doi.org/10.1093/molbev/mst112
http://dx.doi.org/10.1093/molbev/mst112
http://dx.doi.org/10.1038/ng1847


A PREPRINT - MARCH 23, 2021

[50] Peter Ralph and Graham Coop. “Parallel adaptation: one or many waves of advance of an advantageous allele?”

In: Genetics 186.2 (2010), pp. 647–668.

[51] Rick A. Relyea. “Local population differences in phenotypic plasticity: Predator-induced changes in wood

frog tadpoles”. In: Ecological Monographs 72.1 (2002), pp. 77–93. ISSN: 00129615. DOI: 10.1890/0012-

9615(2002)072[0077:LPDIPP]2.0.CO;2.

[52] Jonathan L. Richardson et al. “Microgeographic adaptation and the spatial scale of evolution”. In: 29.3 (2014),

pp. 165–176. ISSN: 01695347. DOI: 10.1016/j.tree.2014.01.002.

[53] Alan Robertson. “Remarks on theLewontin-Krakauertest”. In: Genetics 80.2 (1975), p. 396.

[54] Sean D Schoville et al. “Adaptive genetic variation on the landscape: methods and cases”. In: Annual Review of

Ecology, Evolution, and Systematics 43 (2012), pp. 23–43.

[55] Daniel R Schrider and Andrew D Kern. “S/HIC: robust identification of soft and hard sweeps using machine

learning”. In: PLoS genetics 12.3 (2016), e1005928.

[56] Daniel R. Schrider and Andrew D. Kern. “Soft Sweeps Are the Dominant Mode of Adaptation in the Human

Genome”. In: Molecular Biology and Evolution 34.8 (May 2017), pp. 1863–1877. ISSN: 0737-4038. DOI:

10.1093/molbev/msx154. eprint: https://academic.oup.com/mbe/article- pdf/34/8/1863/

24367882/msx154.pdf. URL: https://doi.org/10.1093/molbev/msx154.

[57] Daniel R Schrider et al. “Soft shoulders ahead: spurious signatures of soft and partial selective sweeps result

from linked hard sweeps”. In: Genetics 200.1 (2015), pp. 267–284.

[58] Robert K Selander and Donald W Kaufman. “Genetic structure of the population of the brown snail (Helix

aspersa). I. Microgeographic variation”. In: 29.3 (1975), pp. 385–401.

[59] David K. Skelly. “Microgeographic countergradient variation in the wood frog, Rana sylvatica”. In: Evolution

58.1 (2004), pp. 160–165. ISSN: 00143820. DOI: 10.1111/j.0014-3820.2004.tb01582.x.

[60] Wolfgang Stephan. “Selective sweeps”. In: Genetics 211.1 (Jan. 2019), pp. 5–13. ISSN: 19432631. DOI: 10.

1534/genetics.118.301319.

[61] Wolfgang Stephan, Thomas H.E. Wiehe, and Marcus W. Lenz. “The effect of strongly selected substitutions on

neutral polymorphism: Analytical results based on diffusion theory”. In: Theoretical Population Biology 41.2

(1992), pp. 237–254. ISSN: 10960325. DOI: 10.1016/0040-5809(92)90045-U.

[62] Michael C Whitlock and Katie E Lotterhos. “Reliable detection of loci responsible for local adaptation: Inference

of a null model through trimming the distribution of F ST”. In: The American Naturalist 186.S1 (2015), S24–S36.

[63] Sewall Wright. Evolution and the genetics of populations: Vol. 2. The theory of gene frequencies. 1969.

[64] Sam Yeaman et al. “Convergent local adaptation to climate in distantly related conifers”. In: Science 353.6306

(2016), pp. 1431–1433. ISSN: 10959203. DOI: 10 .1126 / science. aaf7812. URL: http :/ / science.

sciencemag.org/.

44

http://dx.doi.org/10.1890/0012-9615(2002)072[0077:LPDIPP]2.0.CO;2
http://dx.doi.org/10.1890/0012-9615(2002)072[0077:LPDIPP]2.0.CO;2
http://dx.doi.org/10.1016/j.tree.2014.01.002
http://dx.doi.org/10.1093/molbev/msx154
https://academic.oup.com/mbe/article-pdf/34/8/1863/24367882/msx154.pdf
https://academic.oup.com/mbe/article-pdf/34/8/1863/24367882/msx154.pdf
https://doi.org/10.1093/molbev/msx154
http://dx.doi.org/10.1111/j.0014-3820.2004.tb01582.x
http://dx.doi.org/10.1534/genetics.118.301319
http://dx.doi.org/10.1534/genetics.118.301319
http://dx.doi.org/10.1016/0040-5809(92)90045-U
http://dx.doi.org/10.1126/science.aaf7812
http://science.sciencemag.org/
http://science.sciencemag.org/

	Introduction
	Local Adaptation
	Goals of study
	Selective Sweeps
	PCA in Population Genetics

	Methods
	Simulator Properties
	Simulation Strategy

	Results and Discussion
	Quality Control
	Fixation Times
	SweeD Analysis
	Pcadapt analysis

	Conclusion
	References

