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Abstract

Diversity plays an important role in various domains, including conservation, whether it
describes diversity within a population or diversity over a set of species. While various strat-
egies for measuring among-species diversity have emerged (e.g. Phylogenetic Diversity
(PD), Split System Diversity (SSD) and entropy-based methods), extensions to populations
are rare. An understudied problem is how to assess the diversity of a collection of popula-
tions where each has its own internal diversity. Relying solely on measures that treat each
population as a monomorphic lineage (like a species) can be misleading. To address this
problem, we present four population-level diversity assessment approaches: Pooling, Aver-
aging, Pairwise Differencing, and Fixing. These approaches can be used to extend any
diversity measure that is primarily defined for a group of individuals to a collection of popula-
tions. We then apply the approaches to two measures of diversity that have been used in
conservation—Heterozygosity (Het) and Split System Diversity (SSD)—across a dataset
comprising SNP data for 50 anadromous Atlantic salmon populations. We investigate
agreement and disagreement between these measures of diversity when used to identify
optimal sets of populations for conservation, on both the observed data, and randomized
and simulated datasets. The similarity and differences of the maximum-diversity sets as
well as the pairwise correlations among our proposed measures emphasize the need to
clearly define what aspects of biodiversity we aim to both measure and optimize, to ensure
meaningful and effective conservation decisions.

Author summary

Measuring diversity has several implications including conservation prioritization. How-
ever, accurately assessing genetic diversity across multiple populations while considering
both within and among population variations is often overlooked. Our study addresses
this gap by introducing four novel methods, allowing a better understanding of measuring
diversity across populations from different perspectives. We applied these methods to
simulated data and data from Atlantic salmon populations. The results sometimes dis-
agree on which populations are most important for conservation, highlighting the need
for clear biodiversity goals in conservation decisions. It’s important to note that there isn’t
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a single correct answer to the question of how to measure diversity, and the best approach
is likely to depend on the conservation priorities and criteria under consideration. By
understanding the reason behind these differences, we can make more informed choices
to protect our natural world. This research contributes to a broader understanding of
diversity and can help guide areas where measuring diversity is important.

Introduction

In today’s rapidly changing world, preserving biodiversity at multiple scales is a matter of
utmost importance [1]. In particular, there have been renewed calls by researchers and inter-
national entities to protect intra-specific genetic diversity [2-7]. An analysis by Ceballos et al.
reveals a severe and urgent mass extinction crisis, extending beyond species extinctions to
widespread anthropogenic-driven population declines, with potentially profound conse-
quences for ecosystem functioning and the services essential for humans [8, 9]. The assump-
tion is that the loss of genetically distinct populations represents the loss of genetic
information necessary for species to adapt and survive in changing environments [8]. While
measuring genetic diversity of sets of populations has many applications, including under-
standing evolutionary processes [10, 11], disease resistance [12, 13], and ecosystem functioning
[14], our focus here is on its key role in aiding conservation efforts amidst this pressing global
challenge.

Researchers have come up with many different ways to measure diversity that may be
applied at different levels (i.e. populations, species, higher taxa) [15-19]. One well-known task
is to measure the diversity of a group of entities, for example, a group of species. Typically in
such cases, each species is considered invariant, and so is represented by a single individual, a
sequence, or a genome. One approach measures the Phylogenetic Diversity (PD) of a group of
the species: a phylogenetic tree is constructed for all the species, and the diversity of a subset of
the species is defined as the total length of the minimal subtree connecting them [15, 20].
Another method that is distinct but related is Split System Diversity (SSD), where the diversity
of a subset of species is the fraction of measured traits (e.g. Single Nucleotide Polymorphisms
(SNPs)) where all observed states (e.g. 0 and 1 in SNPs) are represented [21-23]. These two
methods correspond closely in the case of the infinite sites model in population genetics. Split
system diversity has the advantage that it can sensibly be applied when a phylogeny is not an
appropriate model of the relationships among entities, e.g. if multiple populations within a
species are being assessed. SSD can be used for any collection of traits, e.g. a vector of SNP
sites, whether each collection represents a single species or each collection represents a single
individual from a population (or individuals across multiple populations) [18, 22, 23].

We note that none of these approaches consider the population sizes of the entities being
compared, nor do they consider any variation within them. This stands in contrast to studies
like that of Luck et al. [24], which assesses the diversity of sets of populations using population
size, number, distribution, and genetic composition of component populations. Another study
by Hoban et al. [3] proposes some indicators of within-population diversity, including the
effective population size. In this latter study, the authors suggest that for genetically distinct
populations (which they do not clearly define), a population needs immediate conservation
attention if its effective population size goes below 500.

A distinct perspective emphasizes species abundance as the primary datum of importance
[25]. In the most basic forms, only the proportion of all individuals in each group matters,
where a group could be genetically distinct individuals labelled as a single population. Entropy
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(and the exponential of entropy) is the main example here [26]; entropy is in the more general
class of Hill numbers [27]. Entropy measures the diversity in a system, based on the propor-
tions of individuals in different groups [26]. Hill numbers are a broader class of diversity indi-
ces that generalize entropy to account for different weights on rare versus common species or
groups [27]. In this kind of diversity measure, the dissimilarity between species does not factor
in except in the definitions of what the underlying groups are, though later work has found
ways to include it naturally [25, 28-30]. Kosman [29] reviews the problem of making infer-
ences about variation within and among populations, and explores measures of diversity that
are based on the frequencies of genotypes in a population as well as some measures based on
dissimilarity between operational units (e.g. individuals, or populations).

Although, in general, it has been difficult to develop a measure that includes both species
abundance and phylogenetic history, Chao etal. [27] proposed a diversity metric that is sensi-
tive to both. Their suggested metric calculates the “mean effective number of species” within a
specified time interval on a tree. The multiplication of this mean by the duration of the interval
provides a measure of the “branch diversity” exhibited by the phylogenetic tree throughout
that time frame. This study extends the conventional phylogenetic methodology, originally
centred on total phylogenetic length, by incorporating species abundances [27].

However, the diversity of a group of individuals, either individual organisms in a popula-
tion or individual species in a clade (with or without factoring in abundance) is just one
instance where we might want to assess diversity for e.g. conservation reasons. An understud-
ied problem is how to assess the diversity of a collection of populations, each of which is com-
posed of individuals. Several years ago, Petit et al. [31] introduced a method to measure the
contribution of individual populations to overall genetic diversity. They used Nei’s genetic
diversity [32] and compared diversity with and without each population. This method consid-
ered both population divergence and internal diversity. They proposed comparing each popu-
lation’s contribution to the mean contribution of all populations to identify those warranting
conservation attention due to their high genetic contributions. Later, Caballero and Toro [17]
also considered the contribution of individual populations to measure the global diversity of a
collection of populations. They highlighted that relying solely on individual-level diversity
measures in conservation prioritization can lead to misleading results. They emphasized the
importance of considering the global diversity of the collection of populations, which requires
incorporating both within-population and between-population variability into conservation
decisions.

Following this perspective, we present four approaches, Pooling, Averaging, Pairwise
Differencing, and Fixing, for assessing the diversity of a set of populations. While we focus on
two specific measures (heterozygosity and SSD, see below), our four approaches could be built
upon any measure of diversity defined on a set of individuals. Pooling involves taking a mea-
sure that is originally defined for a single population and applying it to a combined or pooled
set of populations. The averaging method applies the single-population measure to each of the
populations in the set and computes the average of the obtained results. The pairwise
differencing method applies the single-population measure to each of the populations and
then measures the variability of the measures over all the populations. Lastly, the fixing method
estimates the expected diversity after “fixation” (see below) has occurred in each of the popula-
tions at all sites.

These four approaches yield different results and may lead to different conservation deci-
sions. To illustrate the problem, suppose we want to assess diversity with respect to one single
locus with two alleles (denoted 0 and 1). Each population of such individuals can be character-
ized by the fraction of individuals that have the allele 1 (i.e. p). If we have two populations one
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of which has p = 0.1 and the other p = 0.5, and we have to prioritize just one for conservation,
then an excellent choice for maximizing diversity is to select the population with p = 0.5.

On the other hand, suppose now we have to prioritize the conservation of two islands, A
and B, each of which has two equally-sized populations of organisms. On the first island, the
fractions of allele 1 in the two populations are A = (0.1, 0.9). In the second island, the fractions
are B = (0.5, 0.5). Which island’s preservation should be prioritized in the interest of maintain-
ing within-species genetic diversity? One answer to the question is that the two islands are
equivalent: the total fraction of allele 1 is 0.5 on both islands. Another answer is to prioritize
island A as the populations there are actually different from each other, whereas, on island B,
they are all the same. From another perspective, we might prefer island B, if we thought that
only one population on the island we saved was likely to survive into the future. There are
some value judgments here on how to measure the biodiversity of a collection of populations,
even when we agree on how to measure the biodiversity of a single population.

To see how these issues play out on a data set of conservation importance, we applied our
four methods to Heterozygosity (Het), a widely used measure for evaluating genetic variation
within a single population. Our proposed Het-based population diversity measures were
applied on a dataset comprising SNPs across multiple loci from 50 distinct anadromous Atlan-
tic salmon populations [33]. We compared our population diversity measures using differ-
ently-sized subsets of salmon populations, and computed maximum-diversity set(s) using the
different diversity measures.

We also applied our proposed approaches to SSD, an alternative diversity metric closely
related to heterozygosity. The same comparisons were conducted between all four SSD-based
measures and between the SSD-based and Het-based measures. For both measures, we also
consider randomized and simulated data to explore the generality of our observations.

Methods

In what follows, we assume X is a finite set of n individuals (e.g. taxa/species), where each indi-
vidual is represented by a vector of Os and 1s. Each element of the vector corresponds to a dis-
tinct site, which refers to a specific location or position within a DNA sequence, representing
two variations of an allele as either 0 or 1. For the clarity of the equations and our explanations,
we often focus on a single site. Later in the paper, we compute the summation across all sites
when reporting the correlation analysis results, using the Pearson Correlation Coefficient (r)
(See the S1 Text, where we show that the correlation between measures at a single locus is pre-
served when we sum over loci.). Moreover, we assume Y is a finite set of m populations, where
all populations have the same size. To maintain clarity, the notation 1 will be used to indicate
a value of 1 when condition E is true and 0 when E is false.

Heterozygosity: From individuals to populations

Traditionally, expected heterozygosity is the probability that a diploid individual carries two
distinct alleles at a particular genetic locus. We consider heterozygosity as the probability that
two random individuals in a population have different alleles at a given site, assuming uniform
draws (with replacement); this is motivated by the structure of the data that we use. We pro-
vide three different equivalent expressions for the heterozygosity of a single population, each
of which is useful in different contexts. We then apply the four proposed methods to extend
them to collections of populations, each of which captures diversity from a different
perspective.

Let X = {x;|x; € {0, 1}, i = 1, . . ., n} denote whether individual i has the 0 or 1 allele at a par-

n

ticular locus, so that p = ﬁzizl x, is the fraction of individuals with the 1 allele. Table 1 (Het;,q
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Table 1. Different representations of Het score and SSD score for a set of individuals.

In terms of p In terms of (x; — x;) Linear in x;
2
Heting 2p(1-p) w2y (% = x) #2y [1-x% - (1) (1-x)]
SSDjng Lp=olp<1 max;;(x; - x,)° 1 =TT = II(1 — xy)

https://doi.org/10.1371/journal.pcbi.1012651.t001

in the first row) shows three equivalent expressions for heterozygosity at this locus. The first is
in terms of p and is the standard formulation for the probability of getting two different alleles
2p(1 - p). The second expression is obtained by observing that there are #n° ways of choosing x;
and x;, each with probability 1/n* and they will be different if and only if (x; - x;)* = 1, and the
same if and only if (x; - x;)* = 0. In other words, (x;, — xj)2 =1, The third follows similarly:
foreachiandj, 1 —xx — (1 —x)(1 —x) =1, 4> as can be checked by going through all the
cases.

Another interpretation of heterozygosity is that it is twice the variance of the x; over the
population. This can be obtained by considering the random variable x; where i is selected uni-
formly at random. This is a Bernoulli random variable with parameter p, which has variance p
(1 - p), or half our heterozygosity score (see Table 1).

Now we consider extending the heterozygosity score to a collection of populations. Let Y =
{Xili=1, ..., m} be a set of populations, such that for all i, |X;| = n. We define p; to be the frac-
tion of 1s in population X; at a given site and p = L3~ p,; the fraction of 1s over all the popu-
lations pooled together, assuming that all populations are of the same size. This assumption
could readily be changed to account for populations of different sizes, with the appropriate
weighting (see S2 Text).

Using the pooling approach (Het,,o1ing), the Het score of a collection of populations is
obtained by substituting p with p in the first expression for Het;,4 in Table 1. It takes value 0
when p is 0 or 1, and takes a maximum value of 0.5 when p = 0.5 (see Fig 1 and Table 2).
Effectively all population structure is ignored.

The Het score of a collection of populations in the averaging approach (Hetyyeraging) is
obtained by substituting p with p; in the expression 2p(1 — p) and averaging over all popula-
tions i (see Table 2). We can consider this as the within-population heterozygosity averaged
over the collection of populations.

The Het score by the pairwise differencing approach (Hetgigterencing) is obtained by substi-
tuting x; in the second column of Table 1 with p; (see Table 2). This is the between-population
heterozygosity: if all the populations have the same value of p;, it is zero, regardless of that p;

O

Het,, SSD,,

0 0.5 1 0 0.5

p p

N Rt

Fig 1. The values of Het,,,, and SSD,,,,, as a function p in the pooling approach.
https://doi.org/10.1371/journal.pcbi.1012651.g001

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012651 December 4, 2024 5/18


https://doi.org/10.1371/journal.pcbi.1012651.t001
https://doi.org/10.1371/journal.pcbi.1012651.g001
https://doi.org/10.1371/journal.pcbi.1012651

PLOS COMPUTATIONAL BIOLOGY Measuring genetic diversity across populations

Table 2. Het scores and SSD scores defined on a single locus for a collection of populations. The index i ranges over

the populations.

Het,,, SSDyop
Pooling 2p(1-p) L0154
Averaging 132p,(1-p,) iE,.lpulpl<1
Differencing L3 (0 - pj)2 max;(p; ~ pj)°
Fixing wZ, [L=pp,— (1 —=p)(1-p) 1 =11 pi — IT(1 = pi)

i#j

https://doi.org/10.1371/journal.pcbhi.1012651.1002

and so the heterozygosity within populations. This score is double the variance of the p; values
(see S3 Text for the proof).

Lastly, the Het score in the fixing approach (Hetgying) is based on considering what happens
in the long term if populations in the collection remain isolated from each other. In an isolated
population with gene frequency p;, we expect over many generations the alleles will fix to either
0 or 1. Under simple models of neutral genetic drift, the probability of getting 1 is p;. After the
process of fixing has occurred, we can then assume taking an individual randomly from each
population to form a new population and applying our single-population measure of diversity
to that population, giving a score. Then, we calculate the expected value over the future evolu-
tion of all populations. This can be obtained by substituting x; with p; in an expression for
Het;,,q which is linear in terms of x; (shown in the last column of Table 1). The resulting
expression is in the last row of Table 2.

Interestingly, all measures in the Het,,,, column of Table 2 coincide with quantities in
Caballero and Toro’s analysis [17] if we restrict their more general framework to the presence
or absence of single allele per site (e.g. the SNP data we consider here). In their study, GDr
refers to the total genetic diversity and corresponds to our Het,ooling. Their GDyys is within-
population genetic diversity and corresponds to our Het,yeraging and their GDp is between-
population genetic diversity which corresponds to our Hetgifferencing. From their work, we see
the relation GDy= GDyys + GDgg or in our terminology Het,ooling = Hetaveraging + Hetdifferencing:
Finally, Het;;;,, = Het - Het,ypging OF €quivalently GD,. — - GD,; (see S5 Text for
more details).

All the formulas we have provided so far apply to a single locus. To apply to multiple loci

pooling ~

we sum these formulas over all loci. Moreover, in the current formulations, we assume the
populations are the same size; we have also extended the formulations to include population
sizes (see S2 Text).

Split system diversity: From individuals to populations

For any set X of individuals, split system diversity is a measure of diversity that can be calcu-
lated for any collection of splits of X, where a split is defined as a bipartition of X into two non-
empty disjoint sets. When we have SNP data, we can define a collection of splits according to
the presence or absence of a SNP at each locus. We define the SSD score of X to be

$SD(X) 1 (Jist x;=1)and (Fst x;,=0),
~ | 0 otherwise.

As with heterozygosity, we can express the SSD score in three equivalent expressions as
shown in Table 1, where we maintain the same assumptions for X and p as previously specified
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in Section. We can employ the four proposed methods to extend these definitions to
populations.

As before, we first consider the case of a single locus, and describe the four measures of
diversity for a collection of populations based on SSD. In the pooling approach, the SSD score
of a set of populations is 1 if there exists at least one population with an individual in state 1 at
the given locus and at least one population with an individual in state 0, and it is 0 otherwise
(see Fig 1). In the averaging approach, however, the SSD score is the fraction of populations
who have at least one individual in state 1 and one in state 0. The pairwise differencing measure
is the maximum difference between the p; squared. Finally, in the fixing approach the SSD
score is obtained by replacing x; with p; in the last column of Table 1. It is the probability of
obtaining both an individual with state 0 and an individual with state 1 if we select one individ-
ual from each population uniformly at random at some future time following fixation. See
Table 2 for all of these values, which all lie between 0 and 1 for a single locus. The data and
code used for the analyses in this study are publicly available at the following GitHub reposi-
tory: https://github.com/nabhari/population-diversity-tool.

Results
Allele frequency distribution

A total of 50 Canadian populations of Anadromous Atlantic salmon (Salmo salar), a species of
significant conservation and management concern in North America, have been identified by
Fisheries and Oceans Canada (DFO) [33]. A geographical representation of these populations
is available in Fig 2A, illustrating their respective locations. In a dataset presented by J.S.
Moore et al. [33, 34], 3192 SNPs were recorded, following standard filtering protocols, for
between 8-25 individual salmon from each of these 50 populations (note that only the variant
call format (VCF) files were available for the analysis in this paper). The principal objective of
Moore et al. [33] was to find distinct conservation units, denoting identifiable and separate
population clusters of the species to manage as independent entities, and to compare whether
different subsets of markers denoted similar entities.

We used the SNP data of these 50 Atlantic salmon populations to investigate the correla-
tions between our proposed population-level diversity measures. To apply our measures we
first converted the SNP entries to minority allele presence-absence data, scoring each individ-
ual as either having the majority SNP (0) or any minority SNP (1). We then calculated the
allele frequencies per population over all loci. This led to a 50 x 3192 matrix with each row rep-

resenting a population and each column a locus. Each entry, p;;, in this matrix, is the minor

i
allele frequency of population i at locus j. In this paper, however, we only use p; to refer to the
allele frequency of population i at a single locus as all the equations in Table 2 are defined for a
single locus for simplicity. For most populations, the majority of sites have allele frequencies
close to 0. This is expected given the scarcity of SNP occurrences within each population. Fig 3
shows the distribution of p; values over all loci for each population with their respective

median points.

Correlation of Het-based diversity measures

The population level diversity measures based on heterozygosity in Table 2 were applied to all
subsets of Atlantic salmon populations with sizes k = 2, 3, and 4. For each subset, we calculated
the diversity per locus using the equations in Table 2. The diversity scores across all loci were
summed to obtain the total diversity score for the subset. This process was repeated for all sub-
sets of size k using each Het-based measure from Table 2. For each collection of k-size subsets,
the Pearson correlation (r) between each pair of the Het-based measures was calculated (see
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Fig 2. A. Map of Atlantic salmon populations. This map shows 50 sampling locations of Atlantic salmon in gray. The name of each population
shown in the table on the left is based on the population’s location. B. Maximum-Diversity Sets (k = 4). Comparison of Het-based measures on
the map. C. Maximum-Diversity Sets (k = 4). Comparison of SSD-based measures on the map. Note that there are two optimal sets by the pooling
approach, {26, 30, 32, 42} and {29, 30, 32, 42}. Map data is provided by the maps package in R (https://cran.r-project.org/package=maps), which
sources public domain data. The basemap is sourced from Natural Earth, public domain (https://www.naturalearthdata.com) and is compatible

with the CC BY 4.0 License.

https://doi.org/10.1371/journal.pchi.1012651.g002
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Fig 3. Distribution of allele frequency. Box plots illustrating the distribution of allele frequency values (p;) across 50 populations of Atlantic salmon. Each
box corresponds to the variability of 3192 frequencies in one population, and the lines inside each plot indicate the median.

https://doi.org/10.1371/journal.pchi.1012651.g003

Table 3). Here, we had to use a brute-force approach for the correlation analysis and for find-
ing maximum diversity sets and so we are constrained to small values of k due to computa-
tional limitations. Later, we do the same analysis for larger k values but for a smaller randomly
chosen sample of subsets.

As shown in Fig 4 and Table 3, Het,oolings Hetayeraging and Hetgying are highly correlated
with each other. This makes sense because all tend to be increased by having p; values closer to
0.5. We see a different pattern with Hetgigrerencing: it is positively correlated with Hetgying, but
negatively correlated with Het,yeraging. This is also expected: Hetgirerencing increases when p;
values in different populations are different from each other, whereas Het,yeraging increases
when p; values are closer to 0.5.

Table 3. The Pearson correlation coefficients (r) of diversity measures based on heterozygosity and split system diversity applied on subsets of Atlantic salmon pop-
ulations with size k = 2, 3, and 4.

Diversity Measures based on Heterozygosity Het Pooling Het Averaging Het Pairwise Differencing
Subset size k=2 k=3 k=4 k=2 k=3 k=4 k=2 k=3 k=4

Het Averaging 0.88 0.83 0.80 - - - - - -

Het Pairwise Differencing 0.10 0.14 0.16 -0.39 -0.44 -0.46 - - -
Het Fixing 0.90 0.96 0.98 0.58 0.64 0.66 0.52 0.41 0.37

Diversity Measures based on Split System Diversity SSD Pooling SSD Averaging SSD Pairwise Differencing
Subset size k=2 k=3 k=4 k=2 k=3 k=4 k=2 k=3 k=4

SSD Averaging 0.89 0.81 0.75 - - - - - -

SSD Pairwise Differencing -0.10 -0.05 -0.01 -0.46 -0.52 -0.54 - - -
SSD Fixing 0.73 0.77 0.78 0.49 0.54 0.55 0.52 0.42 0.38

https://doi.org/10.1371/journal.pchi.1012651.t003
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from Table 2.
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To investigate whether these correlations apply only to salmon SNP data or more broadly,
we performed the same analysis on two simulated data sets. First, we calculated the correla-
tions between all Het-based diversity measures on all collections of populations of size 3 for
the Atlantic salmon data. Then, we randomly permuted the elements of the matrix of p; values
across all populations and all loci (each row in the matrix corresponds to a population and
each column is the p; at a locus). We obtained the analogous correlation results for this artifi-
cial data set (see S2 Fig) for the correlation plots). We observe that qualitative features are the
same; if two measures are positively correlated in the salmon data, they are positively corre-
lated in the randomized data. With few exceptions, the magnitudes of correlation are similar.
This indicates that the patterns we observe are not due to any particular population structure
in the salmon data, but due to the nature of our measures, and possibly the fact that most of
our p; are close to zero.

To test this second possibility, we generated a similar set of synthetic data, but this time
selecting every p; uniformly from [0, 1]. Again, a similar pattern of correlation holds, support-
ing that we expect to see such correlations in a broad variety of biological examples (see S3
Fig) for the correlation plots).

We then used a brute-force search to compute the maximum diversity sets and scores for
salmon populations with sizes k = 2, 3, and 4. The results, presented in Table 4 (the optimal
population locations are shown on the map for k = 4 in Fig 2B), indicate that the measures gen-
erally disagree on the maximum diversity subset of a given size. The exception is that Het,ooling

and Hetgyng agree on maximum diversity subsets for k = 3 and k = 4. Given the correlations
we observed among the measures in the Atlantic salmon data, we might expect maximum
diversity sets to capture similar amounts of diversity even if the sets are different. For example,
if we consider the Hetpgoling Versus Hetyyeraging correlation plot in Fig 4 (top left), the points on
the top right corner maximize both axes but could be two different sets. On the other hand, if
two measures are not highly correlated (e.g. Hetpooling and Hetgifferencing) We would expect
they lead to quite different maximum diversity sets because these maximize diversity measures
that are defined from two distinctly different points of view.
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Table 4. Maximum diversity set(s) of size k = 2, 3, 4 and scores obtained by applying each of the Het-based and SSD-based measures on Atlantic salmon populations.
The numbers in each set correspond to the population locations as indicated in Fig 2A.

Diversity Measures based on Heterozygosity and Split System Diversity k=2 k=3 k=4
Optimal solutions Set Score Set Score Set Score
Het Pooling {26, 37} 468.50 {27, 30, 37} 472.68 {26, 27,30, 37} 476.75
Het Averaging {37, 44} 819.34 {4, 37, 44} 817.90 {4, 26, 37, 44} 816.10
Het Pairwise Differencing {16, 50} 81.14 {16, 27, 50} 105.39 {16, 21, 27, 50} 111.68
Het Fixing {27, 37} 532.84 {27, 30, 37} 677.01 {26, 27, 30, 37} 751.90
SSD Pooling (26,37} 3001 {30, 32, 42} 3103 {26/29, 30, 32, 42} 3152
SSD Averaging {30, 37} 2641.5 {30, 37, 44} 2627 {30, 37, 42, 44} 2619.5
SSD Pairwise Differencing {16, 50} 324.57 {16, 27, 50} 554,02 {16, 21, 27, 50} 692.15
SSD Fixing {27, 37} 1065.69 {27, 30, 37} 1532.27 {27, 28, 30, 37} 1817.30

https://doi.org/10.1371/journal.pcbi.1012651.1004

Correlation of SSD-based diversity measures

We applied population-level diversity measures based on SSD, as outlined in Table 2, to all
subsets of Atlantic salmon populations, with sizes k = 2, 3, and 4. For each subset, we calculated
the diversity per locus using the equations in Table 2. The diversity scores across all loci were
summed to obtain the total diversity score for the subset. This process was repeated for all sub-
sets of size k using each SSD-based measure. Then for every pair of measures, we calculated
the Pearson correlation () among the SSD-based measures, and the results are summarized in
Table 3. Similar to the Het-based measures analysis, SSD-based analysis was also done for
larger k values across random subsets, which we discuss later. Additionally, we conducted an
exhaustive search to identify the maximum SSD set(s) of salmon populations for different val-
ues of k using each of the SSD-based metrics (Table 4). Similar to Het-based measures, here we
expect that highly correlated measures result in maximum diversity sets that are close in terms
of diversity but not necessarily equal, and measures that are poorly correlated are expected to
produce different maximum diversity sets.

Given the close relationship between SSD and heterozygosity, we expected these measures
to exhibit similar correlation patterns for salmon subsets with a size of k. Notably, in Fig 5, the
scatter plot illustrating SSDgying and SSD giferencing 18 Very similar to the Het-based plot for the
same pair of measures with similar correlations. On the other hand, the maximum diversity
sets found by each of the SSD measures are moderately different from those found by Het mea-
sures, as expected, in the sense that was explained earlier about the maximum diversity sets of
highly correlated measures (see Table 4). To further understand the relationship between Het-
based and SSD measures in population diversity assessment, we conducted a correlation analy-
sis between these two categories of diversities.

Heterzygosity versus split system diversity

The results shown in Table 5 indicate that for each strategy (i.e. pooling, averaging, pairwise
differencing, or fixing), the Het version and the SSD version are highly correlated (Fig 6). Simi-
lar to the previous sections, all of our population-level diversity measures are a sum of a diver-
sity measure for a single locus over all loci. Assuming independence between loci, if we explain
a high correlation between two measures at one locus, we have explained it for the summation
over all loci (proofin S1 Text).

To explore the striking correlation between the SSD and Het measures, we permuted the p;
values from the salmon data to get a dataset with the same size and distribution of p; values but
no correlations between loci or populations. In this dataset, the correlations between
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Fig 5. Correlation of diversity metrics based on SSD in Atlantic salmon. Each subplot presents the correlation of two diversity functions measured on
sets of populations with size 3. Each blue dot is a set of 3 populations. The x and y axes are all choices of the population diversity measures from Table 2.

https://doi.org/10.1371/journal.pchi.1012651.g005

corresponding diversity measures (e.g. between Hetgying and SSDfiying, OF Hetgigrerencing and
SSDifferencing) Were still high (see the Het versus SSD correlation plots in S2 Fig). Next, we
checked the correlation in a dataset with p; values selected independently and uniformly at
random in [0, 1]. The correlations were still very high. With these experiments, we can con-
clude that the correlations between Het-based and SSD-based measures of the same type are
likely to be high regardless of the distribution of allele frequencies. We conjecture that they
will be roughly interchangeable as measures of population diversity in many situations of con-
servation importance. Specifically, it can be proven that the correlation between Hetgying and
SSD#iing for sets of populations with sizes k = 2, and 3 is exactly 1 and starts decreasing gradu-
ally for k > 4 (see S4 Text for the proof).

Correlation trends and larger k values

Given that rapidly grows for large k values (up to k = %), it is computationally expensive

to calculate all measures in Table 2 for every subset of size k of Atlantic salmon populations for
correlation analysis. To manage this, we randomly sampled 1000 subsets of size k for k = 10, 15
and 20, calculated the population-level diversity measures from Table 2 as previously
described, and computed pairwise correlations for those random samples. In Fig 7, we show

Table 5. The Pearson correlation coefficients (r) of Het-based and SSD-based diversity measures applied on subsets of Atlantic salmon populations with size k = 2,

3,and 4.
Diversity Measures SSD Pooling SSD Averaging SSD Pairwise Differencing SSD Fixing
Subset size k=2 k=3 k=4 k=2 k=3 k=4 k=2 k=3 k=4 k=2 k=3 k=4
Het Pooling 0.90 0.86 0.83 0.81 0.74 0.71 0.10 0.14 0.17 0.90 0.96 0.98
Het Averaging 0.88 0.81 0.76 0.97 0.97 0.97 -0.39 -0.43 -0.45 0.58 0.64 0.65
Het Pairwise Differencing -0.10 -0.06 -0.02 -0.46 -0.52 -0.55 1.00 1.00 1.00 0.52 0.41 0.37
Het Fixing 0.73 0.77 0.77 0.49 0.54 0.55 0.52 0.42 0.37 1.00 1.00 1.00
https:/doi.org/10.1371/journal.pcbi.1012651.t005
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https://doi.org/10.1371/journal.pchi.1012651.g006

the correlations for different values of k, for every pair of diversity measures. We find that the
correlations for smaller k values are indicative of the correlations for large k values.

To ensure the accuracy of the correlations we report for larger k values, which are based on
a sample, we calculate the standard error of each correlation (r) between pairs of measures for

a given k. We calculated the standard errors using the formula (\};72, as recommended in [35]
for computing the standard error of Pearson correlations, where r is the Pearson’s correlation
coefficient and N = 1000 is the number of observations. We found that all standard errors were
below 0.03. We repeated this experiment with another random sample of 1000 subsets of size

k =10, 15 and 20 with a different seed, and the distributions of standard errors from the two
samples were very similar (See S4 Fig). From this experiment, we can conclude that the corre-
lations we observed for larger k values are reliable because of the low standard errors and con-
sistent results across two different random samples.

Dryad DOI
10.5061/dryad.sb601 [34].

Discussion

Given a diversity measure for a single population, we proposed four approaches for extending
it to measure the diversity of a collection of populations: pooling, averaging, pairwise
differencing, and fixing. These approaches provide distinct perspectives on diversity assess-
ment. While our focus remains on conservation, these methods can also be used in other
fields.

In the example of the islands (A and B) that we referred to in the introduction, each with
two populations with respective allele frequencies of A=(0.1, 0.9) and B=(0.5, 0.5), not all of
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https://doi.org/10.1371/journal.pcbi.1012651.9007
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our proposed measures agree on which island to preserve. If we use heterozygosity, the pooling
approach does not differentiate between the two islands and would give both the same score of
0.5—here we treat a collection of populations as one large population on each island. However,
in the averaging approach, island B would be accorded a higher priority (with a score of 0.5)
compared to island A (with a score of 0.18) as the allele frequencies in each population are
taken into account for measuring diversity. On the other hand, the pairwise differencing and
the fixing approaches would both agree that island A is more important for conservation. If we
change allele frequencies for islands A and B to (0.2, 0.2) and (0.1, 0), respectively, then a dif-
ferent pattern emerges. Now pooling, averaging, and fixing all rate island A as having higher
diversity, whereas pairwise differencing gives a higher score to island B.

This latter example is the pattern that we observe in the salmon data. Recall that we
observed Hetpqoling, Hetfixing, and Hetyyeraging t0 co-vary, though to varying degrees (with
Hetyyeraging €xhibiting a slightly lower degree of similarity with the others). However, Hetgjgre,-
encing Produces notably distinct results. As in the second version of our island example, this dif-
ference arises from the fact that the first three measures (Hetpooling, Hetixing and Hetyyeraging)
aim for populations with p; values closer to 0.5 without considering differences between them,
while Hetg;frerencing focuses on the differences between population-level p; values. This becomes
evident in the context of the salmon data where p;s are close to 0, leading Hetg;fferencing to yield
a distinct result. We conjecture that the observed pattern in the salmon data differs from that
in the first island example because the p; values used in that example (such as 0.5 and 0.9) are
uncommon in the allele frequencies of the Atlantic salmon data.

A substantial limitation of our work is that, especially for rare loci, the p; values may not be
well known from the sample (see [36]). We have not incorporated uncertainty in the p; values
here. We would expect that averaging the measures over many loci helps to overcome issues
related to this uncertainty but more work is warranted.

The salmon data and the toy examples demonstrate that the population diversity measures
capture diversity from varied perspectives but only sometimes agree on the optimal sets for
prioritization. This highlights the importance of the definition used to measure population-
level diversity for conservation purposes, or indeed any scenario where identifying optimal
sets is crucial. In our proposed approaches, we may opt for Het,,ooling to conserve overall het-
erozygosity, particularly in scenarios where significant gene flow is expected in the future.
Alternatively, Het,yeraging could be employed if populations that are individually heterozygous
have a higher priority for conservation. For preserving populations with maximum divergence,
such as those in remote regions exhibiting local adaptation, Hetgfrerencing Wwould be suitable.
Finally, if the aim is to conserve total heterozygosity post-drift-induced fixation within each
population, Hetyi,, Would be an appropriate choice.

Supporting information

S1 Text. Correlations and summation over all loci. This section explains how the correlation
of the sum over all loci for pairs of measures is the same as the correlation of the individual
loci.

(PDF)

$2 Text. Generalization to a set of populations of different sizes. This section generalizes
the formulas for heterozygosity (Het) to populations of varying sizes.
(PDF)

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012651 December 4, 2024 15/18


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012651.s001
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012651.s002
https://doi.org/10.1371/journal.pcbi.1012651

PLOS COMPUTATIONAL BIOLOGY Measuring genetic diversity across populations

83 Text. Hetgigferencing and variance of p;. This section explains that the Hetgifferencing Score is
equivalent to twice the variance of the p; values.
(PDF)

$4 Text. Perfect correlations between Hetgy;ng and SSDy;ying. This section explains why the
correlations between Hetying and SSDyying are almost perfect.
(PDF)

85 Text. The relation between Hetg;ying, Hetpoolings and Hetayeraging. This section explains
how the formulations for Hetgying, Hetpooling: and Hetayeraging are related.
(PDF)

S1 Fig. Correlation of diversity metrics based on SSD and Het in Atlantic salmon. Each
subplot presents the correlation of two diversity functions measured on sets of populations
with size 3. Each blue dot is a set of 3 populations. The x and y axes are all combinations of the
population diversity measures based on Het and SSD.

(PDF)

S2 Fig. Correlation of diversity metrics based on Het and SSD on a randomly permuted
version of the Atlantic salmon data. Each subplot presents the correlation of two diversity
functions measured on sets of populations with size 3. Each orange dot is a set of 3 popula-
tions. The x and y axes are all combinations of the population diversity measures based on Het
and SSD.

(PDF)

S3 Fig. Correlation of diversity metrics based on SSD and Het in a randomly generated
dataset with 50 populations and 3192 loci, where p; values are uniformly sampled from

[0, 1]. Each subplot presents the correlation of two diversity functions measured on sets of
populations with size 3. Each purple dot is a set of 3 populations. The x and y axes are all com-
binations of the population diversity measures based on Het and SSD.

(PDF)

$4 Fig. Standard error of the correlations of diversity metrics for k = 10, 15 and 20. Each
subplot shows the distribution of the standard errors of the correlations between all pairs of
diversity measures in Table 2, which are computed for 1000 randomly selected subsets of size
k. The distribution in red and purple corresponds to two random samples of size 1000 with
different seeds.

(PDF)

S1 Codes. Python code for calculating diversity measures and correlations. This file con-
tains Python scripts, available in this repository, https://github.com/nabhari/population-
diversity-tool, used for calculating population-based diversity measures, including Het-based
and SSD-based metrics, as well as performing correlation analyses between them. The code
also includes modules for brut-force search and plotting correlation results.

(Z1P)

Author Contributions
Conceptualization: Niloufar Abhari, Caroline Colijn, Arne Mooers, Paul Tupper.
Data curation: Niloufar Abhari.

Formal analysis: Niloufar Abhari, Paul Tupper.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012651 December 4, 2024 16/18


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012651.s003
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012651.s004
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012651.s005
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012651.s006
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012651.s007
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012651.s008
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012651.s009
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012651.s010
https://github.com/nabhari/population-diversity-tool
https://github.com/nabhari/population-diversity-tool
https://doi.org/10.1371/journal.pcbi.1012651

PLOS COMPUTATIONAL BIOLOGY Measuring genetic diversity across populations

Funding acquisition: Caroline Colijn, Arne Mooers, Paul Tupper.

Investigation: Niloufar Abhari, Arne Mooers, Paul Tupper.

Methodology: Niloufar Abhari, Caroline Colijn, Arne Mooers, Paul Tupper.

Resources: Caroline Colijn.

Software: Niloufar Abhari.

Supervision: Caroline Colijn, Arne Mooers, Paul Tupper.

Validation: Niloufar Abhari, Paul Tupper.

Visualization: Niloufar Abhari.

Writing - original draft: Niloufar Abhari.

Writing - review & editing: Niloufar Abhari, Caroline Colijn, Arne Mooers, Paul Tupper.

References

1. Fonseca G, Benson PJ. Biodiversity conservation demands open access. PLoS Biology. 2003; 1(2):
e46. https://doi.org/10.1371/journal.pbio.0000046 PMID: 14624248

2. Exposito-Alonso M, Booker TR, Czech L, Gillespie L, Hateley S, Kyriazis CC, et al. Genetic diversity
loss in the Anthropocene. Science. 2022; 377(66183):1431-1435. https://doi.org/10.1126/science.
abn5642 PMID: 36137047

3. Hoban S, Bruford M, Jackson JD, Lopes-Fernandes M, Heuertz M, Hohenlohe PA, et al. Genetic diver-
sity targets and indicators in the CBD post-2020 Global Biodiversity Framework must be improved. Bio-
logical Conservation. 2020; 248:108654. https://doi.org/10.1016/j.biocon.2020.108654

4. DiazS, Zafra-Calvo N, Purvis A, Verburg PH, Obura D, Leadley P, et al. Set ambitious goals for biodi-
versity and sustainability. Science. 2020; 370(6515):411-413. https://doi.org/10.1126/science.abe1530
PMID: 33093100

5. Coates DJ, Byrne M, Moritz C. Genetic diversity and conservation units: dealing with the species-popu-
lation continuum in the age of genomics. Frontiers in Ecology and Evolution. 2018; 6:165. https://doi.
org/10.3389/fevo.2018.00165

6. Laikre L. Genetic diversity is overlooked in international conservation policy implementation. Conserva-
tion Genetics. 2010; 11:349-354. hitps://doi.org/10.1007/s10592-009-0037-4

7. Butchart SHM, Stattersfield AJ, Bennun LA, Shutes SM, Akgakaya HR, Baillie JEM, et al. Measuring
global trends in the status of biodiversity: Red List Indices for birds. PLoS Biology. 2004; 2(12):e383.
https://doi.org/10.1371/journal.pbio.0020383 PMID: 15510230

8. Ceballos G, Ehrlich PR, Dirzo R. Biological annihilation via the ongoing sixth mass extinction signaled
by vertebrate population losses and declines. Proceedings of the national academy of sciences. 2017;
114(30):E6089-E6096. https://doi.org/10.1073/pnas.1704949114 PMID: 28696295

9. Chan KMA, Shaw MR, Cameron DR, Underwood EC, Daily GC. Conservation planning for ecosystem
services. PLoS Biology. 2006; 4(11):e379. https://doi.org/10.1371/journal.pbio.0040379 PMID:
17076586

10. Retel C, Markle H, Becks L, Feulner PG. Ecological and evolutionary processes shaping viral genetic
diversity. Viruses. 2019; 11(3):220. https://doi.org/10.3390/v11030220 PMID: 30841497

11. Moritz C. Strategies to protect biological diversity and the evolutionary processes that sustain it. Sys-
tematic biology. 2002; 51(2):238-254. https://doi.org/10.1080/10635150252899752 PMID: 12028731

12. KingK, Lively C. Does genetic diversity limit disease spread in natural host populations? Heredity.
2012; 109(4):199-2083. https://doi.org/10.1038/hdy.2012.33 PMID: 22713998

13. Spielman D, Brook BW, Briscoe DA, Frankham R. Does inbreeding and loss of genetic diversity
decrease disease resistance? Conservation Genetics. 2004; 5:439-448. https://doi.org/10.1023/B:
COGE.0000041030.76598.cd

14. Roger F, Godhe A, Gamfeldt L. Genetic diversity and ecosystem functioning in the face of multiple
stressors. PLoS ONE. 2012; 7(9):e45007. https://doi.org/10.1371/journal.pone.0045007 PMID:
23028735

15. Faith DP. Conservation evaluation and phylogenetic diversity. Biological conservation. 1992; 61(1):1—
10. https://doi.org/10.1016/0006-3207(92)91201-3

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012651 December 4, 2024 17/18


https://doi.org/10.1371/journal.pbio.0000046
http://www.ncbi.nlm.nih.gov/pubmed/14624248
https://doi.org/10.1126/science.abn5642
https://doi.org/10.1126/science.abn5642
http://www.ncbi.nlm.nih.gov/pubmed/36137047
https://doi.org/10.1016/j.biocon.2020.108654
https://doi.org/10.1126/science.abe1530
http://www.ncbi.nlm.nih.gov/pubmed/33093100
https://doi.org/10.3389/fevo.2018.00165
https://doi.org/10.3389/fevo.2018.00165
https://doi.org/10.1007/s10592-009-0037-4
https://doi.org/10.1371/journal.pbio.0020383
http://www.ncbi.nlm.nih.gov/pubmed/15510230
https://doi.org/10.1073/pnas.1704949114
http://www.ncbi.nlm.nih.gov/pubmed/28696295
https://doi.org/10.1371/journal.pbio.0040379
http://www.ncbi.nlm.nih.gov/pubmed/17076586
https://doi.org/10.3390/v11030220
http://www.ncbi.nlm.nih.gov/pubmed/30841497
https://doi.org/10.1080/10635150252899752
http://www.ncbi.nlm.nih.gov/pubmed/12028731
https://doi.org/10.1038/hdy.2012.33
http://www.ncbi.nlm.nih.gov/pubmed/22713998
https://doi.org/10.1023/B:COGE.0000041030.76598.cd
https://doi.org/10.1023/B:COGE.0000041030.76598.cd
https://doi.org/10.1371/journal.pone.0045007
http://www.ncbi.nlm.nih.gov/pubmed/23028735
https://doi.org/10.1016/0006-3207(92)91201-3
https://doi.org/10.1371/journal.pcbi.1012651

PLOS COMPUTATIONAL BIOLOGY Measuring genetic diversity across populations

16. Faith DP. Genetic diversity and taxonomic priorities for conservation. Biological Conservation. 1994; 68
(1):69-74. https://doi.org/10.1016/0006-3207(94)90548-7

17. Caballero A, Toro MA. Analysis of genetic diversity for the management of conserved subdivided popu-
lations. Conservation genetics. 2002; 3:289-299. https://doi.org/10.1023/A:1019956205473

18. Winter M, Devictor V, Schweiger O. Phylogenetic diversity and nature conservation: where are we?
Trends in ecology & evolution. 2013; 28(4):199-204. https://doi.org/10.1016/j.tree.2012.10.015 PMID:
23218499

19. Chao A, Jost L. Estimating diversity and entropy profiles via discovery rates of new species. Methods in
Ecology and Evolution. 2015; 6(8):873—-882. https://doi.org/10.1111/2041-210X.12349

20. Faith DP. The PD phylogenetic diversity framework: linking evolutionary history to feature diversity for
biodiversity conservation. Biodiversity conservation and phylogenetic systematics: preserving our evo-
lutionary heritage in an extinction crisis. 2016; p. 39-56. https://doi.org/10.1007/978-3-319-22461-9_3

21. Chernomor O, Minh BQ, Forest F, Klaere S, Ingram T, Henzinger M, et al. Split diversity in constrained
conservation prioritization using integer linear programming. Methods in ecology and evolution. 2015; 6
(1):83-91. https://doi.org/10.1111/2041-210X.12299 PMID: 25893087

22. Spillner A, Nguyen BT, Moulton V. Computing phylogenetic diversity for split systems. IEEE/ACM
Transactions on Computational Biology and Bioinformatics. 2008; 5(2):235-244. https://doi.org/10.
1109/TCBB.2007.70260 PMID: 18451432

23. Minh BQ, Pardi F, Klaere S, von Haeseler A. Budgeted phylogenetic diversity on circular split systems.
IEEE/ACM Transactions on Computational Biology and Bioinformatics. 2008; 6(1):22—29. https://doi.
org/10.1109/TCBB.2008.54

34. Luck GW, Daily GC, Ehrlich PR. Population diversity and ecosystem services. Trends in Ecology & Evo-
lution. 2003; 18(7):331-336. https://doi.org/10.1016/S0169-5347(03)00100-9

25. Leinster T, Cobbold CA. Measuring diversity: the importance of species similarity. Ecology. 2012; 93
(3):477—-489. https://doi.org/10.1890/10-2402.1 PMID: 22624203

26. Jost L. Entropy and diversity. Oikos. 2006; 113(2):363—-375. https://doi.org/10.1111/1.2006.0030-1299.
14714.x

27. Chao A, Chiu CH, Jost L. Phylogenetic diversity measures based on Hill numbers. Philosophical Trans-
actions of the Royal Society B: Biological Sciences. 2010; 365(1558):3599-3609. https://doi.org/10.
1098/rstb.2010.0272 PMID: 20980309

28. Parrefio F, Alvarez-Valdés R, Marti R. Measuring diversity. A review and an empirical analysis. Euro-
pean Journal of Operational Research. 2021; 289(2):515-532. https://doi.org/10.1016/j.ejor.2020.07.
053

29. Kosman E. Measuring diversity: from individuals to populations: mini-review. European Journal of Plant
Pathology. 2014; 138:467—-486. https://doi.org/10.1007/s10658-013-0323-3

30. Morrison RW, De Jong KA. Measurement of population diversity. In: International conference on artifi-
cial evolution (evolution artificielle). Springer; 2001. p. 31-41.

31. Petit RJ, El Mousadik A, Pons O. Identifying populations for conservation on the basis of genetic mark-
ers. Conservation biology. 1998; 12(4):844—855. https://doi.org/10.1046/].1523-1739.1998.96489.x

32. NeiM. Analysis of gene diversity in subdivided populations. Proceedings of the national academy of sci-
ences. 1973; 70(12):3321-3328. https://doi.org/10.1073/pnas.70.12.3321 PMID: 4519626

33. Moore JS, Bourret V, Dionne M, Bradbury |, O’'Reilly P, Kent M, et al. Conservation genomics of anadro-
mous Atlantic salmon across its North American range: outlier loci identify the same patterns of popula-
tion structure as neutral loci. Molecular Ecology. 2014; 23(23):5680-5697. https://doi.org/10.1111/mec.
12972 PMID: 25327895

34. Moore JS, Bourret V, Dionne M, et al. Data from: Conservation genomics of anadromous Atlantic

salmon across its North American range: outlier loci identify the same patterns of population structure
as neutral loci; 2014. Available from: https://doi.org/10.5061/dryad.sb601.

35. Gnambs T. A brief note on the standard error of the Pearson correlation. Collabra: Psychology. 2023; 9
().
36. Schmidt TL, Jasper ME, Weeks AR, Hoffmann AA. Unbiased population heterozygosity estimates from

genome-wide sequence data. Methods in Ecology and Evolution. 2021; 12(10):1888—1898. hitps://doi.
org/10.1111/2041-210X.13659

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012651 December 4, 2024 18/18


https://doi.org/10.1016/0006-3207(94)90548-7
https://doi.org/10.1023/A:1019956205473
https://doi.org/10.1016/j.tree.2012.10.015
http://www.ncbi.nlm.nih.gov/pubmed/23218499
https://doi.org/10.1111/2041-210X.12349
https://doi.org/10.1007/978-3-319-22461-9_3
https://doi.org/10.1111/2041-210X.12299
http://www.ncbi.nlm.nih.gov/pubmed/25893087
https://doi.org/10.1109/TCBB.2007.70260
https://doi.org/10.1109/TCBB.2007.70260
http://www.ncbi.nlm.nih.gov/pubmed/18451432
https://doi.org/10.1109/TCBB.2008.54
https://doi.org/10.1109/TCBB.2008.54
https://doi.org/10.1016/S0169-5347(03)00100-9
https://doi.org/10.1890/10-2402.1
http://www.ncbi.nlm.nih.gov/pubmed/22624203
https://doi.org/10.1111/j.2006.0030-1299.14714.x
https://doi.org/10.1111/j.2006.0030-1299.14714.x
https://doi.org/10.1098/rstb.2010.0272
https://doi.org/10.1098/rstb.2010.0272
http://www.ncbi.nlm.nih.gov/pubmed/20980309
https://doi.org/10.1016/j.ejor.2020.07.053
https://doi.org/10.1016/j.ejor.2020.07.053
https://doi.org/10.1007/s10658-013-0323-3
https://doi.org/10.1046/j.1523-1739.1998.96489.x
https://doi.org/10.1073/pnas.70.12.3321
http://www.ncbi.nlm.nih.gov/pubmed/4519626
https://doi.org/10.1111/mec.12972
https://doi.org/10.1111/mec.12972
http://www.ncbi.nlm.nih.gov/pubmed/25327895
https://doi.org/10.5061/dryad.sb601
https://doi.org/10.1111/2041-210X.13659
https://doi.org/10.1111/2041-210X.13659
https://doi.org/10.1371/journal.pcbi.1012651

