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Abstract

The conservation of intraspecific genetic diversity is guided by the distribution of genetic
variation across geographic space (i.e., spatial structure) and across the genome (i.e., ge-
nomic structure). One question linking both structures is whether genome-wide genetic
variation and putatively adaptive genetic variation identify the same set of distinct pop-
ulations within species. Many authors advocate to solely use adaptive genetic variation,
but it is technically and conceptually challenging to identify adaptive genetic variation for
conservation. Across 34 species of plants and animals, we find that genome-wide genetic
variation, which is much easier to measure, generally but variably agrees with adaptive
genetic variation on population prioritizations. Putatively adaptive SNPs do as well or
show higher correlation with genome-wide SNPs compared to equal-sized random subsets
of genome-wide SNPs. Overall, it generally seems sound to use genome-wide genetic varia-
tion for population prioritizations to protect intraspecific genetic diversity.

Keywords: Genome-wide genetic variation; Adaptive genetic variation; Spatial Organiza-
tion; Conservation prioritization, Adaptive potential
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Chapter 1

General Introduction

Conservation of intraspecific genetic variation is crucial to maintain the adaptive potential
of species and populations [113, 206, 234]. However, the loss of genetic diversity within
species is enormous and widespread across many taxonomic groups [82, 137]. So, there is
an increasing urgency with which we must tackle this challenge of conserving this variation.

My aim is to contribute to the discussion on how genetic variation within species might
best be conserved. Literature suggests that maintaining the adaptability of species and
populations is guided by two main factors – the spatial distribution of genetic variation
(i.e., its spatial structure) and the genomic distribution of genetic variation (i.e., its genomic
structure).

Chapter 2 is a literature review linking the spatial and genomic structure of adaptive
potential for conservation management. Prof. Arne Mooers and Dr. Jayme Lewthwaite con-
tributed to the conception, writing, and editing. I conducted the extensive literature review
and wrote the first draft and Niloufar Abhari contributed to editing. A version of Chapter 2
has been accepted by the Journal Genome and will be published as Chhina, A. K., Abhari N.,
Mooers A., and Lewthwaite J. (2024). Linking the spatial and genomic structure of adaptive
potential for conservation management: a review. GENOME. https://doi.org/10.1139/gen-
2024-0036.

Chapter 2 provides a detailed overview on some of the core concepts in conservation
genetics and summarizes the current considerations relevant to the conservation of pop-
ulations. It mainly connects the spatial structure which consists of within-and among-
population genetic variation to the genomic structure which consists of genome-wide ge-
netic variation and its subset that is currently adaptive. Within-population genetic variation
refers to the variation in alleles among individuals within a particular population whereas
among-population variation refers to the degree of genetic differentiation among popula-
tions. Genome-wide genetic variation refers to all kinds of variation such as nearly neutral,
neutral, deleterious and adaptive whereas adaptive genetic variation consists of a defined
subset of this genome-wide variation. One important takeaway is that it is critical to con-
sider and harmonize both within-and among-population genetic variation aspects as solely
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focusing on one aspect carries risks. I outline several methods in-detail that consider both
aspects. Another crucial takeaway is that mixed evidence exists regarding the decades-long
unresolved debate on whether prioritization should focus solely on adaptive genetic varia-
tion, or whether it is preferable to consider genome-wide genetic variation. I summarize the
mixed theoretical and empirical evidence provided in the literature and suggest that more
work is needed examining various species and the factors that may impact the correlation
of genome-wide and putatively adaptive genetic variation.

While Chapter 2 provides a literature overview of two factors of genetic variation, Chap-
ter 3 takes among-population genetic variation aspect of spatial structure and empirically
links it to the genomic structure of genetic variation. Specifically, I investigate whether
genome-wide genetic variation and putatively adaptive genetic variation identify the same
set of distinct populations across a vast array of plant and animal species and examine
the impact of potential covariates on the correlation. The idea is many authors advocate
to solely use adaptive genetic variation, but there are many theoretical and conceptual
limitations in identifying and using adaptive genetic variation for conservation, so we ex-
plore whether genome-wide genetic variation, which is much easier to measure, can act as
a surrogate for adaptive genetic variation.

The main motivation and conception of Chapter 3 comes from the 2021 study “Do we
need to identify adaptive genetic variation when prioritizing populations for conservation?”
by Philippe Fernandez-Fournier, Dr. Jayme M. M. Lewthwaite, and Prof. Arne Mooers.
This study found that standing genetic variation can act as a useful proxy for adaptive
genetic variation in yellow warblers and lodgepole pine. Dr. Jayme Lewthwaite, Philippe
Fernandez-Fournier and Prof. Arne Mooers conceived the idea to repeat and test this study
on more than two species.

A version of Chapter 3 is in preparation for submission with co-authors Dr. Jayme
Lewthwaite, Philippe Fernandez-Fournier, Prof. Arne Mooers, and Prof. Tom Booker. I
collated genome-wide and adaptive SNPs data from already published studies on 34 species
of plant and animals. All authors contributed to the analysis and interpretation of the data.
I wrote the first draft of the manuscript.

One of the main takeaways from Chapter 3 is that genome-wide and putatively adaptive
SNPs agree on population prioritizations for conservation, though their agreement varies
a lot. Since putatively adaptive SNPs are a subset of genome-wide SNPs, as expected due
to part-whole correlation, the agreement among both sets of SNPs is impacted by the
proportion of putatively adaptive SNPs. Interestingly, putatively adaptive SNPs often show
higher correlation with genome-wide SNPs compared to equally-sized random subsets of
genome-wide SNPs. The overall message is that genome-wide genetic variation can act as
a surrogate for adaptive genetic variation and may be a sound strategy for prioritizing
populations for conservation to protect intraspecific genetic variation.
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Although I use the first-person pronoun ("I" and "my") throughout the thesis for language
consistency, the thesis (Chapter 2 writing and editing and Chapter 3 analysis, interpretation,
and editing) reflects supervisory input of my supervisor (Arne Mooers), my committee and
co-authors.
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Chapter 2

Linking the spatial and genomic
structure of adaptive potential for
conservation

2.1 Abstract

We unified the recent literature with the goal to contribute to the discussion on how genetic
diversity might best be conserved. We argue that this decision will be guided by how ge-
nomic variation is distributed among manageable populations (i.e. its spatial structure), the
degree to which adaptive potential is best predicted by variation across the entire genome
or the subset of that variation that is identified as putatively adaptive (i.e. its genomic
structure), and whether we are managing species as single entities or as collections of di-
versifying lineages. The distribution of genetic variation and our ultimate goal will have
practical implications for on-the-ground management. If adaptive variation is largely poly-
genic or responsive to change, its spatial structure might be broadly governed by the forces
determining genome-wide variation (linked selection, drift, and gene flow), making mea-
surement and prioritization straightforward. If we are managing species as single entities,
then population-level prioritization schemes are possible so as to maximize future pooled
genetic variation. We outline one such scheme based on the popular Shapley Value from
cooperative game theory that considers the relative genetic contribution of a population to
an unknown future collection of populations.

Keywords: Genetic variation, Adaptive potential, Spatial organization, Conservation
prioritization, Shapley Value

2.1 Introduction

Intraspecific genetic diversity is generally considered an important facet of biodiversity
[206, 113, 234], with international organizations now calling for transformative measures to
protect it [55, 74, 82, 136, 137]. This call is coupled with comparative work suggesting that
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the current loss of intraspecific genetic diversity may be large and taxonomically widespread
[82, 137].

Genetic diversity encompasses variation in alleles within (for diploids) and among in-
dividuals, and among populations. The general argument is that genetic diversity predicts
adaptive potential [71, 102, 157, 275], such that more of it increases the probability of
lineage persistence over multiple temporal scales, particularly in the face of accelerating
environmental change [47]. Beyond this general idea, however, much is unknown, and there
is little guidance for policymakers [137, 155]. In the context of this paper, genome-wide ge-
netic variation refers to all forms of variation, including neutral, nearly neutral, deleterious,
and adaptive genetic variation sampled throughout the genome. Adaptive genetic variation
is a defined subset of this genome-wide diversity that is due to past natural selection or
that is posited to be relevant to ongoing or future natural selection [142, 259]. One common
approach to finding such putatively adaptive variation (hereafter, we drop the "putative"
modifier for readability) is to look for SNPs that are associated with particular populations
or environments in genome scans and then, perhaps, look for genes near those SNPs with
potential adaptive significance.

Infraspecific genetic variation (both genome-wide and its adaptive subset) typically
exhibits a spatial pattern with variable levels of within-population diversity and among-
population differentiation (population distinctiveness) due to the combined action of drift,
gene flow, and selection. This spatial pattern necessitates specific descriptors that reflect
these measures within and among (sets of) populations, be they subspecies, varieties, or
constructs such as evolutionary significant units (ESUs), discrete population segments or
designatable units. We can refer to all these generally as "entities", and the levels of diver-
sity and differentiation among them may differ depending on which component of genomic
variation is measured.

The distribution of genetic variation within and among populations immediately raises
the question of how we classify genetic diversity and distinctiveness: the answer to these
questions are central to the active management of species. To what extent should identifiable
entities be managed individually and somewhat statically, and to what extent as collectives
- when should we try to keep them separate, and when might we propose assisted gene flow
(see, e.g. [4, 122, 300])? When and how should we explicitly rank infraspecific entities for
conservation attention?

This review aims to contribute to the discussion on the conservation of genetic diversity
by considering the spatial and genomic structure of populations. We begin by discussing
how genetic variation may be distributed on the landscape, characterized as “within” vs.
“among” population diversity (i.e. spatial structure). We then consider genomic structure,
specifically contrasting genome-wide variation and its adaptive subset. We present argu-
ments from the decades-long unresolved debate on whether or not prioritization efforts for
conservation should focus on the subset of genetic variation that is adaptive, or whether
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it is preferable to consider genome-wide variation. We consider how genome-wide genetic
variation may act as a surrogate for its adaptive genetic components and discuss strategies
to harmonize within-and among-population genetic variation. For the two axes structuring
genetic variation – within- vs. among-population, and genome-wide vs. adaptive, we dis-
cuss how each is measured and maintained across populations and how each is relevant to
conservation. We then discuss specific issues that we think are important to consider for
each axis. Finally, we highlight an approach for on-the-ground management in the context
of considering the adaptive potential of the collection of populations (e.g. the species as
a whole), considering every populations’ contribution to collective genetic diversity in the
future (see Figure 1 and Table 1).

A

B

D C

A

B

D C

Types of alleles 
Adaptive 
Neutral
Deleterious 
Populations A, B, C, D
Gene flow 

Genome-wide variation Adaptive subset

Figure 2.1: Spatial and genomic structure of genetic diversity. Left panel: Populations are
elipeses, individual genomes are depicted as rectangles, and distinct alleles are distinct
shapes. Loci can be associated with neutral, adaptive, or deleterious variation (depicted
with colour). Populations A and B contain high within-population genetic variation, but
share some of that variation due to gene flow. Populations C and D contain distinct alleles
(both adaptive and non-adaptive). Some of those distinct alleles are not shared with other
populations (e.g. Population D). The right panel highlights the adaptive subset of loci for
comparison with overall variation.
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Table 2.1: The structure of genetic diversity. The spatial and genomic structure of genetic
diversity is characterized as within vs. among population variation and genome-wide vs.
adaptive genetic variation, respectively. Each component of genetic diversity is described
along with its relevance to conservation management schemes and potential problems.

Spatial structure of genetic variation Genomic structure of genetic variation

Within-population Among-population Genome-wide Adaptive

Description Variation in alleles among 
individuals within a given 
population, usually 
measured by Ar, 𝜋, Ho, or 
He.

The average degree of 
genetic differentiation of 
populations, usually 
measured by allele 
frequency differences 
(e.g. average pairwise FST) 
or with distance-based 
metrics. 

All forms of variation, including 
neutral, nearly neutral, deleterious, 
and adaptive genetic variation, as 
assessed through genetic variants 
(e.g. SNPs). 

Adaptive subset of genome-
wide variation assessed 
through outlier and/or 
association analyses. 

Conservation 
Relevance 

May contribute to current 
population-level mean 
fitness, ongoing adaptation, 
and thus adaptive 
potential.

May contribute to species 
level adaptive potential 
by retaining distinct 
genetic variation needed 
for current and future 
adaptation.

May positively contribute to fitness, 
population viability, and prevent 
inbreeding depression. 

May maximize the information saved 
in the face of uncertain future 
conditions; some subset may become 
adaptive in the future. 

May preserve polygenic trait loci or 
genetic architecture that could 
otherwise go undetected. 

May benefit prioritization 
schemes through its relatively 
direct link to function and 
adaptive capacity; offers the 
potential to use functional 
relationships to predict 
evolutionary responses and 
manage species accordingly. 

Problems with 
focusing on 
only this 
component for 
prioritization 
schemes

May carry risks as 
genetically variable 
populations are often 
subject to high gene flow, 
which may introduce 
maladapted alleles and 
hinder population 
differentiation and local 
adaptation in some cases. 

May carry risks as the 
extent to which genetic 
distinctness is due to local 
adaptation or drift is 
rarely measured: in some 
cases, distinct variation 
may be non-adaptive and 
counterproductive for 
species’ survival. 

There are limitations in 
reproducibility and 
accessibility of raw genetic 
data in a standardized format 
(i.e., data are expensive and 
difficult to collect)

May incorporate currently 
deleterious variation along 
with adaptive and neutral 
variation.

May not be good indicator of 
long-term conservation 
status if changes in this 
variation lags behind
population decline. This may 
also hold for the adaptive 
subset of genetic variation. 

Conceptual challenges: In the face of 
unpredictable future conditions, 
currently adaptive loci may not be 
adaptive in the future while 
putatively neutral variation may 
become adaptive in the future. 

Technical challenges: There is a 
frequent misidentification of true 
adaptive loci. Approaches are based 
on correlation and are biased in 
favour of detecting large effect loci, 
nonsynonymous mutations near or 
within coding regions, and 
overlooking polygenic trait loci. In 
addition, challenges in disentangling 
the complexity and 
interconnectedness of the genome 
may lead to high rate of both false-
positives and false-negatives. 
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2.2 Spatial Organization of Genetic Variation

2.2.1 Within-Population Genetic Variation

How is within-population genetic variation measured?

As readers will well know, within-population genetic diversity can be measured in many ways
– the degree of polymorphism, allelic richness, nucleotide diversity (π), or observed (Ho) or
expected heterozygosity (He) (see, e.g., [101, 141]). To recap, the proportion of genetically
variable loci (or polymorphisms) is simply the number of genetic loci with two or more
alleles (at some minimum frequency) divided by the total number of loci assessed (see, e.g.
[9, 191]). Allelic richness is usually measured as the average number of alleles per locus
(see, e.g. [163, 213, 231]), however, it is less relevant for biallelic SNPs (the most commonly
used data stream currently). Nucleotide diversity (π) is measured as the proportion of
nucleotides differing between two random sequences [212]. Expected heterozygosity (or Nei’s
gene diversity) [209] is the expected probability that an individual will be heterozygous at a
given locus (or, alternatively, the proportion of loci being assessed that are heterozygous):

He = 1 −
n∑
i

p2
i

where pi is the frequency of the ith of n alleles (see, e.g. [209, 214, 210]). This expected
heterozygosity (He) is estimated from allele frequencies, whereas observed heterozygosity
(Ho) is estimated from individual genotypes directly; both are scaled up from individual-
based to population-based estimates by averaging across individuals and sites (see, e.g.,
[258]). Substantial differences between expected and observed heterozygosity can point to-
wards inbreeding (see, e.g., [156]). We will return to expected heterozygosity in Section
4.

How is within-population genetic variation maintained?

As a review, all genetic variation arises from mutational input and subsequent genetic
recombination and can be maintained within a population through (i) a large effective
population size combating the eroding influence of drift, (ii) some forms of natural selection
and genetic architecture and, commonly (iii) via gene flow among populations that have
different allele frequencies due to (i) and (ii) [57, 136, 300].

Sewall Wright 1931 [315] conceptualized effective population size (Ne) as the number
of breeding individuals in an ideal population that would show the same levels of genetic
drift as the population under study. This is an important parameter in conservation genetics
because while the census size of a population may be quite large, factors such as unequal sex
ratios, high variability in the number of offspring per individual, non-random mating and
fluctuating population sizes all result in the effective population size being much lower than
the census size (see, e.g. [264]). Low Ne increases the rate of drift, and with it the likelihood
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that any allele will be lost and potentially deleterious alleles will increase in frequency;
maintaining a large effective population size is crucial to preventing the erosion of genetic
variation (see [120]).

While stabilizing [148], background [48] and directional selection [295] at particular loci
tend to reduce genetic variation in the long term [19] (both at those loci and in nearby
linked genomic regions [131]), balancing selection (e.g. heterozygote advantage, negative
frequency-dependent selection) [177] and disruptive selection can maintain genetic variation
within populations [131, 229]. Importantly, more complex expectations are also possible; for
example, pleiotropy can maintain genetic variation under stabilizing selection [107].

Gene flow from other populations aids in the production and maintenance of genetic
diversity within a given population. Therefore, increasing isolation, e.g. via habitat frag-
mentation, which reduces gene flow, is expected to reduce within-population genetic diver-
sity [11, 112]. For instance, Gomez et al. 2016 [108] found higher levels of genetic diversity
in connected populations of a perennial shrub species (Lepidium subulatum) compared to
fragmented populations.

Thus, within-population genetic variation can be maintained by large effective popula-
tion sizes opposing the stochastic effects of drift, different forms of natural selection and its
complex interactions, and gene flow among populations.

How important is within-population genetic variation?

Within-population genetic diversity is considered an essential component of global diversity
due to its contribution to current population-level mean fitness, ongoing local adaptation,
and, importantly, adaptive potential [71, 95, 202, 238].

Decades of research have established a positive association between average fitness (re-
flected through proxies such as average viability/survival, reproductive success, size, weight,
growth rate, disease resistance, and gamete quality) and genetic diversity at the population
level [71]. For example, across 34 sampled datasets, heterozygosity (along with and linked
to quantitative genetic variation and population size) accounted for 15-20% of the variation
in population fitness [238]. However, whether this relationship is causal vs. correlative is
not always clear [118]. Theoretically, higher genetic diversity can itself be adaptive, e.g. via
heterozygote advantage [132], but could also act as a proxy measure of low levels of past
and deleterious genetic drift [238]. In this case, current genetic diversity is only indirectly
linked to fitness. But regardless of the mechanism, this positive relationship has trickle-
down consequences for conservation efforts: threatened taxa show, on average, 35% lower
heterozygosity and/or allelic richness than non-threatened taxa [270, 312, 310]. Particularly
small populations are at increased risk from this loss of genetic diversity if drift overpowers
selection such that high numbers of mildly deleterious alleles go to fixation. This results in
a positive feedback loop known as “mutational meltdown" whereby the initial reduction in
fitness from fixed alleles leads to population declines, which leads to further accumulation
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of deleterious variants by random genetic drift – this is also called the extinction vortex
[187].

Theoretical work also supports the crucial role of genetic diversity as raw fuel for ongoing
adaptation at the population level. According to Fisher’s theorem, a population’s rate of
adaptation at any time is proportional to its additive genetic variation (see, e.g. [20, 112,
202]). Generally, population-level genetic diversity is considered a proxy for this additive
genetic variance (to be precise, under conditions of strict additivity, and allele frequency and
allele effect independence) [202]. Recent empirical work in vinous-throated parrotbill [167],
rainbow trout [226] and threespine stickleback [18, 58] has indeed confirmed that existing
genetic variation facilitates rapid adaptation.

Extensive theory also supports the idea that current standing genetic variation may be
considered a useful proxy for future adaptive potential [96, 94, 120, 122, 202]. Current adap-
tations may not always be suitable under future conditions, and mounting evidence suggests
that adaptation to novel environments proceeds from standing genetic variation more often
than from new mutations in any case (reviewed in [12, 18, 239] for more recent examples).
Additionally, within-population genetic diversity should predict population persistence in
the face of anthropogenic change as it maximizes “options” upon which selection can act
[154]. This may be especially important in endangered species in which genetic diversity
has already been depleted, and emerging threats may exert strong selection.

These are the main arguments for why within-population genetic variation is considered
an integral part of global diversity —it predicts population-level fitness, ongoing adaptation,
and adaptive potential [71, 202, 238]. This is also at the basis of calls for assisted gene flow
as a conservation intervention to increase population-level genetic variation [4].

2.2.2 Among-Population Genetic Variation

How is among-population genetic variation measured?

Among-population genetic variation is some measure of the average degree of genetic dif-
ferentiation of populations (i.e., the average pairwise genetic distance between populations
without correcting for within-population variation). This is measured using either allele
frequency differentiation metrics such as FST or Nei’s GST , or distance-based metrics such
as principal component analysis on genetic variants.

The fixation index (FST ), originally introduced by Wright as the “correlation between
random gametes [or alleles], drawn from the same subpopulation, relative to the total pop-
ulation” [316] is a widely accepted and commonly used among-population metric (though
some confusion remains on exactly how to estimate it as Wright did not define what the
“total population” was; see [34]). FST indicates the similarity of individuals within pop-
ulations relative to the similarity of individuals drawn randomly from some larger set of
populations [144]. Though many definitions exist (see [147, 144, 301, 303]) it can be simply
presented as:
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FST = V (q)
q̄(1 − q̄)

where q is the frequency of an allele at a locus, q̄ is the average across loci, and V(q) is the
variance of allele frequencies over subpopulations [130]. Smaller FST values (close to zero)
depict similar allele frequencies within each population whereas larger values (close to one)
represent different allele frequencies among populations (see [144]). Some of the common
programs used to estimate FST include Fdist2, Lositan, BayeScan, Bayenv, BayPass, FLK,
and PCAdapt [138].

While FST was initially developed for biallelic loci, a later interpretation known as Nei’s
GST [209] expanded this concept to multiple alleles at a locus. As such, it is equivalent to
Wright’s 1949 [316] FST when there are two alleles at a locus, and when there are multiple
alleles at a locus, it is equivalent to a weighted average of FST of all alleles [63, 209]. It can
be calculated as

GST = HT −HS

HT

where HS is expected heterozygosity (the probability that two gene copies drawn randomly
are different) within populations and HT is the equivalent expected heterozygosity if all
populations are considered together [110, 211].

When combining FST estimates across multiple loci (e.g., multiple single nucleotide
polymorphism sites, or SNPs), several authors [34, 165] suggest that a “ratio of averages”
method – separately averaging the numerator and denominator of the FST estimate across
all SNPs and then producing a ratio from those averages – produces a less biased estimate
than an “average of ratios” method – calculating an FST for each SNP and then averaging
those FST values across all SNPs [56].

Distance-based metrics such as principal component analysis (PCA) [145, 227] on SNPs,
originally intended to correct Genome-Wide Association Studies (GWAS) for the effects of
population structure, represent a separate approach for measuring divergence [86, 104, 170,
223, 233, 288]. Genetic (SNP) data with multiple individuals (from one or more populations)
are used as an input to graphically examine genetic distances, and clusters in multidimen-
sional space. Whereas allele frequency differentiation metrics (including the FST statistic)
require grouping individuals into populations a priori, which can be difficult when popu-
lations are poorly delineated from one another or population structure is unknown [73], in
this approach, individuals are simply given coordinates in a graph. In addition, PCA is free
from underlying population genetic models [169]. PCA data-reduction representation has
multiple applications, including the discovery of population structure, ancestry, admixture,
and, here, for investigating differentiation [100, 170, 282]. For example, if populations can
be identified a priori, then the Euclidean distance between the centroids of each pair of
populations in PCA space is a measure of pairwise divergence [86, 104].
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Once pairwise differentiation among populations is measured (using, e.g. pairwise FST ,
or distances in PCA space), one can begin investigating what subset of this variation is
unique vs. shared with other pairs, i.e. one can measure distinctiveness. Populations that
are farther from others are considered more “distinctive”. One fairly general measure of
population-level distinctiveness is referred to as ED [151]. When the distances can be repre-
sented on a rooted tree, ED apportions the total diversity represented by that tree amongst
its members by divvying up each branch along the path, from the root to each tip equally
among the species subtending that branch, and then summing these values [151]. As such, it
represents the amount of evolutionary history each taxon would contribute to future subsets
and highlights genetically distinctive taxa that harbor a disproportionate amount of the to-
tal evolutionary history. A separately-derived metric known as the Shapley value [116, 263],
is formally equivalent to ED [123], but can also be extended to networks [291], allowing for
its use in population genetic analyses. We return to the Shapley value in Section 4.

Estimating the distance of a population to others is also the basis of approaches that
measure the total diversity of population subsets. For instance, Weitzman [306] presented
an approach that takes genetic distances among entities (say populations) as input and
measures the total diversity of arbitrary subsets. The approach begins with the full set and
removes populations, one by one, in turn [124], evaluating the marginal loss of diversity due
to each population’s removal from the set. This approach is taken up by Toro, Caballero
and colleagues in their population genetics framework (see Section 4) [44, 284]. Weitzman
used his approach to find subsets of populations that would retain the most diversity overall
under particular constraints (e.g. when subset size is fixed). If one considers an unrooted
phylogenetic tree as a representation of the pairwise distances among populations, then the
unrooted version of the “phylogenetic diversity” metric [84], which measures the length of
the minimum spanning tree that links subsets of entities, is a related measure of the total
diversity represented by subsets of tips [274].

How is among-population genetic variation maintained?

Populations diverge primarily via mutational input, local adaptation, and/or drift, mediated
by the effects of gene flow.

Local adaptation (where individuals harbor higher fitness in their local environmental
conditions as opposed to elsewhere where conspecifics occur) maintains among-population
variation via divergent selection in heterogeneous landscapes and/or via different muta-
tional processes or histories [37, 88, 138]. This phenomenon is prevalent and has been
well-documented [88, 159, 172, 249]. Gene flow may decrease interpopulation divergence
directly via homogenization, or indirectly, by counteracting local adaptation via introduc-
ing maladaptive alleles that shift populations off their local optima [7]. However, gene flow
can also facilitate adaptation through adaptive introgression, the process by which local
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adaptation is accelerated through the introduction of increased within-population additive
genetic variation (see [283] for empirical and theoretical examples).

On the other hand, random genetic drift leads to the divergence of populations through
the fixation of alternative alleles [201]. Generally, this drift-induced population divergence
and distinctiveness is expected to be maladaptive locally, since positively favoured alleles can
be lost randomly as drift may overwhelm selection in small populations [2]. Furthermore,
to the extent that drift-induced distinctiveness is caused by decreased variation within
populations, it is unlikely to be globally beneficial [7, 14, 300].

How important is among-population genetic variation?

In 1988, Ehrlich advocated that “the loss of genetically distinct populations within species
is, at the moment, at least as important a problem as the loss of entire species” [76], and
many studies have since highlighted a need to identify and conserve distinct populations in
order to preserve unique and potentially rare and unusual pools of variation [9, 57, 62, 84,
136, 175, 189, 195, 199, 279, 289, 291, 313, 297].

Conserving genetically distinct populations could in theory, achieve many of the same
goals as conserving genetically diverse populations: distinct populations represent past evo-
lution [291], would preserve contemporary processes that shape populations [240, 292] and
provide raw material for future evolution [215]. Identifying and prioritizing the most dis-
tinctive of these distinct populations should, ceteris paribus, conserve more total genetic
variation within species (see e.g., [86, 291]) and minimize the risk of genetic erosion at the
species level. Again, this may be especially important for species at risk, where total popula-
tion size may be small and where the extirpation of a given population could have long-term
negative consequences [94]. For example, white nose syndrome (a fungal pathogen) has dec-
imated many little brown bat populations (Myotis lucifugus). Importantly, studies have
identified candidate genes associated with survival in different populations [15, 93, 106],
pointing to the existence of variation in evolutionary responses and supporting the con-
tention that preserving among population-level diversity could provide multiple pathways
to adapting to future threats.

In general, distinct populations may have evolved in isolation for generations [205],
which would explain why they contain non-redundant evolutionary and biological history
[236, 298] representing the evolutionary and ecological processes that produced them [205].
We note that a genetically “distinct population” is key to the concept of ESUs in US law
[119, 135, 205, 246, 297]. As such, they are often managed as separate legal units, not
explicitly as components of the species of which they are part. We return to this in Section
4.
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2.2.3 Conserving Within- vs. Among- Population Genetic Variation

When conservation biologists consider how genetic variation is partitioned among popula-
tions, several things should be kept in mind. The first is the role of gene flow, especially as
it affects local adaptation, and the second is the extent to which populations may become
distinct (and more or less distinctive) due to drift versus local adaptation.

Often the most genetically diverse populations are those that are largest and those
that experience high incoming gene flow, such as at the center of the species’ geographic
range [75]. While a small amount of gene flow may aid local adaptation (see [283]) and
prevent drift, high levels of gene flow can impede genetic and phenotypic differentiation
[89, 174, 276]. A second and more serious consequence of the introduction of alleles from
elsewhere in the species’ range is the possibility that they may be independently maladaptive
in the new populations, or may not be compatible with other local allele combinations [4,
89, 174, 266, 276]. This reduced fitness is referred to as migration load [4, 89, 174, 266, 276].
Over the medium term, excess migration can lead to the loss of local loci, and ultimately
to the loss of local lineages through lineage swamping [4]; such loss would lead to reduced
likelihood of future adaptation [174, 276]. Therefore, populations with high genetic variation
may not always be of the highest conservation value, e.g. if that high variation is due to
gene flow from elsewhere leading to migration load that erodes local adaptation.

In contrast, while the argument for prioritizing among-population genetic variation to
maximize genetic diversity at the species level seems unassailable, it assumes that distinct
populations harbor “useful” genetic variation, (and more distinctive populations contain
even more), which may or may not be true. Small populations may become genetically dis-
tinctive through continuous drift such that their unique genetic information is both locally
and globally non-adaptive. While small populations can undergo purging (the loss of delete-
rious alleles through selection), this takes time [287] and, because it involves alleles of small
effect, it is generally ineffective [129, 157]. In addition, drift-dominated small populations
may also be vulnerable to stochastic demographic events, such as bottlenecks and thus to
episodic further reductions in genetic diversity [14, 300]. Additionally, inbreeding depression,
increased genetic load, low genetic variation, and non-genetic Allee effects may contribute
to an accelerating reduction of average individual fitness in some small populations, the oft-
cited “extinction vortex” effect [140]; this trajectory would constrain the adaptive response
to selection under changing environmental conditions [311]. In such cases, allocating specific
conservation efforts towards these distinctive populations might be counterproductive for
species’ survival [300].

Generally, studies advocating for using genetic variation for conservation purposes rarely
identify the extent to which that variation is due to local adaptation vs. drift, likely because
it is difficult to do [86]. However, this information is critical for conservation managers and
policymakers. For example, in the case of among-population variation, if the distinctiveness
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of a given population is driven by significant adaptation to its environment, the solution
might be to preserve it in its current state [97], such as is the case in locally adapted
New Zealand Kiwi populations [28, 304]. However, if distinctiveness is driven by genome-
wide genetic variation, the proposed solution is to restore gene flow via translocation [235,
300]. Therefore, in the following section, we discuss how distinguishing genomic structure
(genome-wide genetic vs. adaptive genetic variation) is a second crucial facet to the spatial
variation considerations we have presented.

2.3 Genomic Structure of Variation

2.3.1 Genome-Wide Genetic Variation

How is genome-wide genetic variation measured?

Conservation biologists have used many markers and methods to characterize genetic vari-
ation; we do not provide an exhaustive summary here, but rather point out the relative
strengths and weaknesses of the most common ones. Allendorf 2017 [8] summarizes infor-
mation on all major types of markers, their historical development, and their utility.

The original genetic data source was allozymes, or enzyme variants, coded by alleles at
a single locus [8] that differ in structure but not function and discovered in the 1960s. Since
these methods could be characterized using gel electrophoresis, they were a cost-effective
way of surveying variation in large sample sizes [31]. However, they were criticized for being
an indirect measure of variation in DNA, as they characterized protein variation rather
than DNA polymorphism itself [256]. The shift from enzyme-based to DNA-based markers
began with Restriction Fragment Length Polymorphisms (RFLPs) [111]. At sites recognized
by restriction enzymes, individual sequence variation results in different fragment lengths
produced after digestion with the restriction enzyme [40]. With this technique, for the first
time, non-coding (or silent) changes in DNA variation could be identified.

Other key molecular markers used currently include microsatellites (randomly repeated
sections of DNA around 100 base pairs long). These are highly polymorphic, making them
an extremely popular marker of choice in population genetics in recent times [162]. However,
they have complex mutation patterns, making modeling difficult. Also, scoring microsatel-
lites is a challenge as allelic designations are highly laboratory and machine dependent [78].
Microsatellites can also be sparsely distributed throughout the genome. Amplified fragment
length polymorphisms (AFLPs) emerged in the early 1990s and are similar to RFLPs [196].
They were useful alternatives to microsatellites in species with large or poorly characterized
genomes, as they did not require a priori knowledge of the primer sequences for the focal
species [256]. However, they show low reproducibility and so can be unreliable [256].

All of these approaches queried relatively few, and putatively neutral, positions in the
genome, limiting the ability to estimate genome-wide parameters and the role of adaptive
variation [99]. The advent of high-throughput sequencing in the early 2000s dramatically
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increased the number of loci (up to thousands or millions), and was focused on the iden-
tification of SNPs: variation of a single base pair among individuals at a site. The main
advantages of SNPs are that they allow the study of very many loci across the entire
genome, which enables fine-scale mapping of variation and greatly improves estimates of
genetic and demographic processes (e.g. gene flow). Additionally, although they have a rel-
atively low mutation rate (meaning convergence is rare), they are abundant. There are a
number of methods to identify SNPs, though we focus on the common 1) microarray-based
and 2) sequencing-based approaches. Micro-array-based approaches (also known as “SNP
chips”) use short nucleotide sequences as probes to hybridize with the tested DNA sequences
and confirm the presence of a specific allele at a SNP site. As such, these are targeted ap-
proaches in that they require a priori knowledge that variation is present at a known site,
and thus can only query known SNP locations. This approach is especially challenging in
lesser-studied species. Meanwhile, sequencing approaches across the most widely applied
platforms sequence short DNA fragments (usually dozens to hundreds of base pairs). These
“short reads” are then aligned either to a reference genome or de novo assembly e.g., RAD
seq to allow for SNPs, genotypes, and sometimes haplotypes to be identified. Thus, whereas
microarrays identify genotypes at a pre-defined set of SNPs, sequencing approaches are gen-
erally non-targeted and aim to provide information on any variants (including previously
unknown variants). Sequencing approaches are more expensive and more labor-intensive to
analyze.

Two of the main sequencing approaches are reduced- representation sequencing (RRS)
and whole genome sequencing (WGS). WGS aims to sequence the vast majority of nu-
cleotides in a genome (70-95%, depending on the situation; [99, 265]). Meanwhile, RRS
techniques (such as genotype-by-sequencing and restriction site-associated DNA sequencing
or RADseq), rely on restriction enzymes that cut at specific motifs in the genome, followed
by sequencing beginning at these restriction cut sites. As such, repetitive regions of genomes
can be avoided and lower copy regions can be targeted, which helps with aligning sequences
to the reference genome, particularly in species with high levels of genetic diversity [79].
This makes the techniques much more cost-effective than WGS. However, although RRS
approaches are “genome-wide”, they usually sample only a small proportion of the genome
(e.g. 1-5%), and result in much more missing data due to assembly methodology, sequencing
errors and sampling biases [61, 98, 99, 184]. For either WGS or RRS, pooling DNA from
individuals within a population (so called Pool-seq) may represent a compromise, as it can
help reduce costs while maximizing the sample size and coverage of sequenced genomes.
However, identifying rare variants can be challenging with this approach as they may be
confounded with sequencing errors when that allele’s frequency is very low in a pool [13],
and of course, individual haplotypes and genotypes are lost during the process of pooling
DNA [99].
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Finally, structural variants (SVs) have recently emerged as another way to characterize
genetic diversity. SVs include deletions, insertions, inversions, duplications, and large-scale
copy number variants of large sections of DNA (typically 1 kb, so-called “long reads”;
[251]). SVs are largely overlooked with short-read sequencing, but long-read sequencing has
elucidated their important roles in population divergence and speciation [305]. Therefore,
the question and budget at-hand will dictate how researchers choose to quantify genome-
wide genetic diversity.

How important is genome-wide genetic variation?

Since genome-wide genetic variation incorporates neutral, nearly neutral, beneficial, and
deleterious variation, it offers diverse insights for conservation genetics. Characterizing
genome-wide variation allows conservation practitioners to assess population structure, de-
mographic history (via, e.g. coalescent models), and both historical and current gene flow
patterns [220, 90]. When it comes to prioritizing populations, we highlight two reasons for
considering genome-wide variation.

First, as discussed in Section 2.1.3, there is extensive literature highlighting the positive
relationship between genome-wide genetic diversity and current mean population fitness
[71], either because it is a marker of past large population size and so less drift or by
directly increasing population viability [157].

Second, and more critically, it is difficult to be certain which alleles at which loci may be
useful in the future. Despite statistical and technical advancements, there are still challenges
in accurately forecasting how the environment and (thus selective regime) will change in
the future, including the unpredictable nature of climate change [102], and which loci and
alleles are implicated in climate adaptation (see next section). Conserving populations with
high levels of genome-wide variation may therefore act as insurance - with more variation
overall increasing the probability that adaptive variation will be preserved [53, 71].

2.3.2 Adaptive Genetic Variation

How is adaptive genetic variation measured?

A subset of the pool of total genetic variation discovered with the above methods will be cur-
rently adaptive. A variety of methods exist to determine which variants are adaptive; these
methods can be broadly grouped into outlier-type analyses vs. association-type analyses
[138].

Outlier-type analyses (often called FST outlier approaches) search for variants that are
highly differentiated among populations, more than expected under neutral models of drift
alone [3, 26, 178, 183]. These outlier loci are then considered as putatively adaptive in their
local environments - i.e. they are at higher than expected frequencies due to the effect of past

17



and ongoing selection. Arlequin, BayeScan, Fdist, Lositan, and OutFLANK are commonly
used platforms for identifying such outlier loci [3].

Association-type analyses identify variants that are highly correlated with environmental
or phenotypic variation across space (see e.g., [138]). Bayenv, BayPass, GWAS, LFMM,
Logistic regression, RDA, Tassel, MatSAM, and the WZA [38] are commonly used for
association-type analyses [3].

The motivation for using outlier-type vs. association-type analyses often relates to how
much prior knowledge researchers have on the environmental axes or traits that are impor-
tant for an individual species’ adaptation to their local environment: when little is known,
outlier-type analyses can be useful because they identify putatively adaptive loci indepen-
dently of environment [138].

How important is adaptive genetic variation?

Identifying adaptive genetic variation has become an increasingly common approach in
conservation biology [138, 259] with several advances in recent years for both outlier and
association-type analysis [94]. In general, identifying adaptive variation will be useful for
conservation practitioners because it will help characterize adaptive differentiation between
populations, which in turn can inform both preservation and assisted gene flow (the move-
ment of individuals from a source population with genetic variation that is predicted to be
adaptive in the future) [90, 112]. As for prioritizing populations, several authors (see, e.g.,
[103, 281]) advocate for focusing on adaptive variation rather than genome-wide variation
because: (i) such variation has a relatively direct link to function and thus adaptive capac-
ity, and (ii) the functional relationship can be used to predict evolutionary responses and
manage species accordingly [46, 94].

Teixeira and Huber (2021) quote [176]: “The question was never really how much ge-
netic variation is there but rather what is the nature of genetic variation for fitness in a
population” [176, 281] – in other words, high genetic diversity does not necessarily equate to
suitable variation needed to adapt to a future changing environmental conditions. Teixeira
and Huber (2021) offer the example of the Denisovans and Neanderthals: despite having
low genetic diversity and low inferred effective population sizes, these populations survived
in severe conditions and there is evidence that some alleles from each of these lineages
introgressed into our lineage, potentially facilitating Homo sapiens adaptation to high alti-
tude, cold climate, and local pathogen pressure. In some cases, conservation practitioners
will have information on how a changing environment will affect a species, and what traits
will be under strong selection. For example, in marine ectotherms, heat-resistance alleles
have been linked to past persistence to high temperatures, and will likely continue to be
important in warming oceans [23]. Based on this, focusing on preserving adaptive genetic
variation directly might be useful to help populations adapt to changing conditions.
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In addition, because there is a known link between adaptive alleles and selective regimes,
this can provide valuable insights for predicting population responses to future change [83].
Much research (see [5, 46, 139]) is based on the assumption that climate change will disrupt
some locally adapted populations by pushing them off their fitness peaks into maladaptive
valleys. The level of disruption will depend on the distribution of adaptive alleles across
a heterogenous landscape and the magnitude of environmental (primarily climate) change
[46]. By combining approaches like common garden experiments, simulations, and Species
Distribution Models, one can examine the mismatch between current allele frequencies in
a population versus the allele frequencies required to maintain the current fitness levels
under different climates [24, 46, 293]. One could then prioritize populations based on the
magnitude of these mismatches: for example, depending on triage approaches, practitioners
may choose to prioritize populations that are predicted to have small mismatches because
they are more likely to succeed under future conditions; or conversely, they may prioritize
highly-mismatched populations because they are most at risk of extirpation.

2.3.3 Limitations with Measures of Genetic Variation

Today, the genome of every imaginable species can, in theory, be probed [99]. However,
reproducibility is still a problem. Results between studies can vary greatly and different
sequencing techniques, such as ddRAD, pool-seq, target-chip, or whole-genome sequencing,
have their own unique costs and benefits in terms of number and type of genetic markers
identified, proportion of genome sampled, coverage, scalability and price [99]. Comparative
work is also hampered by a lack of accessibility of raw genetic data in a standardized for-
mat, which impedes comparative analyses across approaches. Publicly-available meta-data
attaching each individual to its geolocation and/or population, and lists of the subset of
adaptive SNPs along with specific filters and comparable significance thresholds that were
used to identify these SNPs would be especially beneficial towards this end. There are also
some issues associated with each type of genetic variation (genome-wide vs. adaptive) that
can complicate conservation decisions. Genome-wide genetic variation includes deleterious
variation, and this will be of special concern in small populations where deleterious muta-
tions may be at high frequency due to genetic drift or stochastic events. It may be difficult
to identify deleterious variation, and if it spuriously inflates a population’s diversity or dis-
tinctiveness scores such that it is prioritized over a genetically “healthier” population, it
could misdirect limited conservation resources. In addition, there is only a weak correlation
between genome-wide variation and conservation status [310], which some have suggested
means genome-wide variation is uninformative of a species’ or populations’ true extinction
risk [281]. This is likely due to a lag between an initial reduction in population size and the
loss of genetic variation, as most threatened populations initially decline due to nongenetic
factors [157]. Such a lag is problematic because a snapshot measurement of genome-wide
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(or adaptive) variation within a population may be an unreliable predictor of future levels
of variation.

Prioritizing adaptive variation in conservation decisions has its own unique challenges.
We mention five here. First, adaptation may occur via at least three pathways: novel muta-
tions, standing genetic variation, or adaptive introgression [283], so solely focusing on one of
these pathways (e.g. adaptive loci from standing genetic variation) would be a gamble. And
to the extent that new mutations contribute to future adaptive responses in the long term,
the utility of prioritizing currently adaptive loci diminishes further [33]. Second, identify-
ing local adaptation remains a challenge, with frequent misidentification of true adaptive
loci. Both genotype-environment or genotype-phenotype (GEA or GPA) association tests
or FST outlier approaches are correlational, not causal [87, 157]. Many factors can influence
the results of these correlation approaches including current population structure and gene
flow, demographic history, the spatial and temporal resolution of variables, and linkage dis-
equilibrium [99, 157]. While we can disentangle some of these background variability effects
[88], there is still a priori a degree of uncertainty in the process of identification, interpreta-
tion, and validation [94] of adaptive genetic loci and the inevitability of both false-positives
and false-negatives [262, 67]. Due to these and other unforeseen factors, even well-designed
studies may miss important adaptive SNPs [32, 225].

Third, these methods are biased towards detecting loci of large effects [241, 261] or
nonsynonymous mutations near or within coding regions [46, 122, 126]. Current approaches
have trouble detecting mutations that may influence regulatory regions, alternative splicing,
and noncoding regions, all of which are likely to contain significant adaptive regulatory
variation [122]. These biases are important as many (maybe a majority of) quantitative
traits are controlled by alleles of small effect across many loci that will remain undetected
[33, 126, 166, 241, 261]. Hayward and Sella’s 2022 [126] recent modeling further emphasizes
the ubiquity of polygenic adaptation by suggesting that large effect loci “almost never sweep
to fixation” [126]. Even if we solely focus on loci of large effect, different methods may detect
different SNPs or may miss others depending on the specific techniques and thresholds of
each method. Overall, this bias against identifying the many loci of small effect may be a
major impediment to the field.

Fourth, even if methods to identify adaptive loci were adept at isolating small-effect
loci, preserving those loci without a full understanding of the underlying genetic archi-
tecture may be problematic. For example, selection at one locus can considerably impact
patterns at other linked loci or genetic regions [314], and other genetic factors (ex. additiv-
ity, pleiotropy, epistasis, dominance, etc.) can make it entirely unfeasible to fully understand
any particular variant’s impact on fitness [16, 119], nor predict how it will behave in new
genetic combinations or selective regimes. Genomes have not or will not evolve into a perfect
adapted form as they are dynamic in space and time [200, 225], and ignoring this complexity
could undermine conservation goals [200].
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Finally, going through the additional steps of identifying which subset of genetic vari-
ation may be adaptive is so challenging, time-consuming, and expensive [53] that it is
impractical for conservation practitioners with limited resources and time. Taken together,
these factors suggest prioritization schemes based solely on adaptive variation may not be
useful in all scenarios, and should also be interpreted cautiously.

2.3.4 Genome-Wide Genetic Variation as a Surrogate for Adaptive Ge-
netic Variation

Given the logistical and technical challenges associated with identifying adaptive variation,
an important question is whether it is necessary for conservation practitioners to do so. This
debate extends back to at least 1986 [246] and has been frequently revisited in years since.
The earlier discovery of allozyme variants [146, 177] ignited attempts to identify adaptive
variation [267]. Geneticists, population biologists, and zoos aimed to identify and preserve
gene pools with “adaptive genetic variation” [246]. Indeed, one of the ideas that gave rise
to the conceptualization of ESUs came from attempts to determine which subspecies “actu-
ally represent[ed] significant adaptive variation” within species [246]. The conceptualization
of ESUs emphasized the preferred use of ecological data, “significant adaptive variation”
between populations or variation at “functionally divergent gene copies” in maintaining
adaptive differences [119, 205, 60, 97].

However, it may be that genome-wide patterns of genetic variation capture the adap-
tive subset of this variation well, such that it can be used as a surrogate measure. Though
genome-wide includes all genetic variation, much of the work in this area focuses on the
(presumed large) neutral subset of that total genome-wide variation, and comparing that
to the adaptive subset, and so we primarily focus on those two subsets below. Traditionally,
the view was that neutral and adaptive variation may be only weakly, if at all, correlated
[119, 128, 186, 205, 267] leading many researchers to recommend focusing directly on “ge-
netic variation for traits that affect fitness” [119, 205]. In part, this stance may have been
influenced by the possibility that many loci with “adaptive significance” [267] largely went
undetected due to the technological limitations at the time. However, as techniques improved
and more studies were conducted, a second view emerged that neutral and adaptive varia-
tion may indeed be positively correlated on the landscape. Recent literature has reignited
this debate (see [71, 102, 157, 281]) and we now consider some theoretical arguments and
empirical results as to whether genome-wide genetic variation (most presumed neutral) may
capture and act as a surrogate for (the subset that is) adaptive, both within and among
populations.

We begin with within-population genetic diversity, where neutral variation has often
been dismissed as a proxy for adaptive variation because it is not directly targeted by
selection [33, 142, 164]. However, population genetic theory does support a relationship
between the two. As discussed in Section 2.1.3, a core tenet from theoretical genetics is
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that adaptation requires additive genetic variance at loci underlying the selected trait.
These loci are subjected to many of the same evolutionary processes as all other loci (drift,
mutation, migration). As such, both neutral and adaptive variation are similarly affected by
population size [157]. In small populations where selection is less effective, these processes
will become more important than selection such that adaptive and neutral diversity may
show similar patterns [204, 225]. Empirical work looking at the correlation between additive
genetic variation and neutral diversity has produced mixed results. Mathur et al. 2023 [193]
found that neutral and functional genomic diversity are correlated across populations of
endangered Eastern Massasauga rattlesnake (Sistrurus catenatus). Bataillon et al. 1996 [21]
carried out simulations to analyze phenotypic evolution in hermaphrodite plants and found
a high correlation between diversity measured as allelic richness at neutral loci and loci
under selection. However, other studies have found only weak correlations [202, 238], or no
relationship at all between the two [27, 36, 232].

When it comes to among-population genetic variation (measured, e.g., by a population’s
distinctiveness), there is theoretical and empirical support for a correlation between adaptive
and neutral variation. Divergent selection regimes between populations combined with low
gene flow can lead to isolation-by-adaptation, and neutral genomic divergence can occur as a
by-product [216, 217]. For instance, outlier loci under selection can impact other loci on the
same chromosome in linkage disequilibrium with it, and this, through divergent selection,
drift, and low gene flow, can lead to positive correlations between differentiation at adaptive
loci and differentiation at neutral loci [197, 173, 216], though the relationship can be weak
[142] (and see also [290]).

The degree to which genome-wide vs. adaptive genetic variation correlate with one an-
other may vary between systems and organisms, but perhaps a more pressing question
for practitioners is whether they diverge enough that selecting one over the other leads to
measurable impacts on conservation decisions such as (i) determining how many popula-
tions there are; (ii) determining which populations to prioritize; and (iii) deciding which
populations will be most resilient to anthropogenic change.

First, different markers (neutral or adaptive) often show distinct genetic structure pat-
terns, leading to different population delineations [53]. For example, Pecoraro et al. 2018
[228] used data on Yellowfin tuna (Thunnus albacares) and detected higher number of stocks
using adaptive variants compared to neutral variants. Sandoval-Castillo et al. 2018 [248]
found that neutral and adaptive variants gave rise to different management units within
the greenlip abalone (Haliotis laevigata). On the other hand, the two sets of markers largely
captured similar population structure patterns in sage grouse [218], Atlantic salmon [204]
and coho salmon [318].

Second, if genome-wide and adaptive genetic variation do not correlate with one an-
other, different populations might be prioritized for conservation. Xuereb et al., 2021 [317]
examined which sites (and therefore populations) were prioritized across the range of the
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giant California sea cucumber (Parastichopus californicus) depending on whether neutral
or adaptive SNPs were considered, and whether diversity vs. distinctiveness metrics were
used. They found that priority areas varied greatly depending on both markers and met-
rics. In contrast, Fernandez-Fournier et al., 2021 [86] compared population prioritization
rankings of yellow warblers in North America and lodgepole pines in western Canada using
genome-wide vs. adaptive SNPs and found very similar population prioritization rankings
using the two types of markers.

Third, if the two sets of markers do not positively co-vary, does one type of marker or
metric better predict how well a species will adapt to a changing environment? Bertin et
al. 2020 [33] found that genome-wide diversity better predicted a population’s adaptive po-
tential than climate-associated loci in high Andean wetland plant, Carex gayana. Similarly,
Fitzpatrick et al. 2021 [87], using a gradient forests approach, found that sets of randomly
selected SNPs better predicted climate adaptation in Balsam poplar than climate-associated
SNPs in common garden experiments.

While some authors have recently dismissed the role of genome-wide genetic variation
in conservation genetics [281], others have highlighted decades of research supporting its
fundamental role [71, 157, 102]. The argument is that genome-wide variation may act as a
surrogate metric of adaptive potential. We find that while the majority of empirical work
generally supports a positive correlation between the two when examining population dis-
tinctiveness metrics, we agree with authors who point out that is not always a straightfor-
ward relationship [53], and this relationship is even less predictable for within-population
diversity metrics [142]. Further work disentangling what factors mediate the covariance
between genome-wide and adaptive variation (for example, number of adaptive loci, type
of analysis used to identify adaptive variation, ecology) would provide important insight
into which situations would most benefit from identifying adaptive variation in species of
conservation concern.

2.4 Towards Conserving Relevant Genetic Variation

2.4.1 Genetic Variation and Conservation Urgency

Many genomic studies (see, e.g., [4, 53, 181, 220]) analyze factors such as evidence of pop-
ulation structure, gene flow, population levels of differentiation, historical distribution, de-
mographic patterns, inbreeding and outbreeding depression, with the goal of offering con-
servation management recommendations. According to these studies, the extent to which
entities should be managed separately (i.e., keeping them distinct without gene flow) or as
collectives (i.e., encouraging or at least allowing gene flow) will depend on assessing these
various factors and weighing genetic risks against possible advantages of each strategy on a
case-by-case basis [4, 181].
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However, while every conservation situation must be considered independently, for crit-
ically endangered species where extinction may be imminent, prioritizing and managing
subpopulations separately from one another is likely not the best option: conserving as
much genome-wide variation as possible may be the better strategy, perhaps achieved via
active mixing [300]. This approach has been used successfully for the critically endangered
Yellow-tufted honeyeater Lichenostomus melanops cassidix [121, 224] and Mountain pygmy
possum Burramys parvus [299] in Australia, (and considered in others, like Arabian leop-
ard Panthera pardus nimr [6]). The mixing approach has been associated with improved
fitness and conservation outcomes. In situations where there is no immediate loss of genetic
variation (e.g. where populations are still large though contracting), entities are managed
separately, often under the assumption they are locally adapted. This is common in Cana-
dian conservation, with infraspecific designatable units of many species being both defined
based on presumed local adaptation, and subsequently managed separately, for example,
the Halfmoon Hairstreak butterfly [59], pacific salmonids [298] and Atlantic salmon [171].
That said, we do not know of any specific examples where populations are prioritized based
on genetic distinctiveness (genome-wide or adaptive) or within-population genetic diversity.
More work is clearly needed here.

2.4.2 Approaches for Integrating Within and Among-Population Genetic
Variation

As implied above, in scenarios where outbreeding depression is strong or there is strong
local adaptation (most common in historically larger populations), managing distinct pop-
ulations separately might be a beneficial strategy [4]; in small isolated populations that are
experiencing inbreeding depression or when locally adapted populations are becoming mal-
adapted, e.g. due to climate change, encouraging gene flow might introduce useful genetic
variation, aid population growth and adaptive potential [4, 112]. The majority of cases will
fall between these extremes.

Generally, conservation geneticists emphasize that both long-term survival and evolu-
tionary potential of species require actively managing both within and among-population
genetic diversity and suggest various approaches [54, 57, 119, 136, 179, 168, 231, 221, 230,
284, 279]. It is clear that, to the extent that a population’s distinctiveness and standing
genetic variation are negatively correlated [57, 294, 300], conservation management prior-
itization schemes must consider both facets explicitly and simultaneously [284]. What is
less clear is whether the populations are conserved because they contribute to biodiversity
conservation at the level of the evolving lineages that they are constituents of, i.e. species,
or whether they are considered to be separately evolving lineages.

At the level of global conservation indicators of genetic diversity maintenance, Hoban et
al. 2020 [136] and Laikre et al. 2020 [168] suggest that the number of species where genetic
diversity data are being collected should be monitored, as well as within-species measures of
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population sizes (e.g. the number of populations above and below the critical Ne=500 level
[136]), and the rate at which genetically “distinct” populations within species are being lost
[168].

Several authors have considered within- and among- population genetic diversity explic-
itly, with a goal to conserving total (species-level) variation. Petit et al. 1998 [231] suggest
measuring the contribution of the kth population to the total diversity of all populations
pooled, using, e.g. Nei’s diversity or allelic richness. They suggest that a population’s con-
tribution, which they call (Ck,T ), is the change in the pooled diversity if the kth population
were removed. This change will be affected both by how diverse the kth population is and
by how different its genetic composition is from the mean of all populations, including, e.g.
the presence of private alleles. These two components (within-population diversity and the
difference from the mean) are exactly within- and among- population genetic diversity. Petit
et al. 1998 [231] suggest comparing each population’s contribution to the mean contribution
across all populations to identify populations that are worthy of conservation attention be-
cause of their higher-than-average contribution. This measure was implemented by Taylor
et al. 2011 [279] to rank Oncorhynchus mykiss populations for conservation using allelic
richness.

Caballero and Toro in 2002 [44] and 2005 [284] offer another approach for conserving
total genetic variation in a metapopulation in the context of the management of rare and
endangered breeds of domesticated animals. Caballero and Toro also equate “genetic di-
versity” with species-level expected heterozygosity, and partition the total genetic diversity
(GDT ) of a collection of populations into a within-population component (GDW S) and a
among-population genetic diversity (GDBS) (note, Caballero and Toro call each population
a “subpopulation” in keeping with their metapopulation framework):

GDT = GDW S +GDBS .

GDW S is the sum of two elements, the genetic diversity within individuals, and the genetic
diversity between individuals within a population. GDBS corresponds to the average pair-
wise genetic distance between all pairs of populations, measured as FST , i.e. the proportion
of total genetic variation represented by divergence among subpopulations [284].

One important point that Caballero and Toro highlight is that over-emphasizing among-
population diversity risks overlooking most of the global diversity, while focusing on within-
population variation will favor larger populations and therefore, perhaps the less endangered
ones. To overcome this issue they suggest explicitly weighting within-population and among-
population diversity, scaling GDBS by λ ∈ (0, 1) (for more details see [284]).

Caballero et al. 2002 [44] and Toro and Caballero 2005 [284] present their derivations and
indices in an expected co-ancestry and inbreeding framework, and [230] subsequently present
the METAPOP software [230] as the support tool - like Petit et al. 1998 [231] approach, this
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tool measures the contribution of each population to the pool by re-calculating the pool’s
global average co-ancestry [230] when the population in question is removed. Importantly,
removing a population does not always result in a loss of total variation, depending on
the population’s contribution to the within and among components (i.e., total variation)
[230, 284].

The framework of co-ancestry may not translate easily to the conservation biology of
wild populations. Abhari et al., 2024 [submitted] defined the same measure from a different
and simpler perspective and called it the Heterozygosity-Pooling (Hetpooling) method. They
used 2p̄(1 − p̄) to measure the total genetic diversity of a group of populations (P ), where
p̄ is the average allele frequency per locus, among all populations in P (assumed as a single
meta-population), and the total genetic diversity is the sum over all such terms for all loci
(see equation 2.1).

Hetpooling(P ) =
∑

i∈all Loci
[2p̄(1 − p̄)]i (2.1)

2.5 Conclusions

The adaptive potential of a species is influenced by how genetic diversity is distributed
both spatially and across the genome. The spatial structure consists of within- and among-
population genetic variation while the genomic structure considers how present and future
adaptive variation is structured and how it covaries with overall genetic variation.

We present three conclusions from our review of the conservation-relevant patterns of
genetic diversity across populations:

It is crucial to account for and harmonize within and among population genetic variation
in conservation management schemes, particularly when they are negatively correlated (e.g.
due to drift in small populations). Genetic variation within a given population is important
due to its contribution to current population-level fitness and adaptive potential. Genetic
differentiation among populations contributes to the species’ total genetic variation, and so
also to the adaptive potential. Prioritization schemes that focus on only one component carry
risks. For instance, solely relying on within-population diversity may prioritize populations
undergoing high gene flow, contributing to the homogenization of allele frequencies with
other interacting populations. This may impede differentiation and local adaptation. Solely
focusing on among-population genetic variation (i.e., the average pairwise genetic distance
between populations without correcting for within-population variation) may prioritize some
populations whose distinctiveness might be due to drift. This might make them locally non-
adaptive and so vulnerable and might make their contribution of variation unhelpful.

The decades-long debate on whether prioritization should focus on genome-wide (and so at
least partially neutral) or adaptive genetic variation, continues. The traditional view was
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that neutral and adaptive variation are not correlated, whereas more recent, SNP-based
work suggests that genome-wide variation may also capture adaptive genetic variation.
Conserving genome-wide variation would then maintain current fitness and population via-
bility as well as maximizing the potential for adaptation in an uncertain future. In addition,
while the direct link between adaptive variation and function suggests it is a good predictor
of adaptive capacity, identifying adaptive variation may be conceptually and technically
challenging. Misidentification of loci based on correlational approaches or biases towards
large effect loci or high rates of false-positive and false-negative pose problems. Conceptu-
ally, there is uncertainty as to whether currently adaptive loci will be adaptive in the future
as global change accelerates.

Several methods have been proposed to balance within and among population variation that
can be applied to genome-wide or adaptive genetic variation to prioritize populations within
a species for conservation management. One possible approach, the pooled heterozygosity
framework we highlight here (a simplification of that presented by Caballero and Toro 2002
[44] and Petit et al. 1998 [231]) explicitly considers the species as the primary locus of
conservation - each population is evaluated in light of what it offers some present of future
collective of populations.

2.6 Bridge to Chapter 3: Key Insights and Their Significance
in Context

The unresolved debate as to whether to base prioritization on adaptive genetic variation
or not extends back to at least 1986 [246], if not earlier, and has been reignited over years
[246]. Literature offers mixed theoretical and empirical evidence, and implies the necessity of
additional work. Further empirical work and exploration of factors impacting the correlation
between genome-wide and adaptive variation would be useful given the current challenges
and limitations in identifying and using adaptive genetic variation for conservation.

Fernandez-Fournier et al. 2021 [86] asked whether standing genetic variation can act as
a reliable proxy for adaptive genetic variation using population distinctiveness as a metric.
They tested this with two published datasets - yellow warbler and lodgepole pine (data
from Bay et al., 2018 [22] and Mahony et al.,2020 [190]) and found that genome-wide and
adaptive genetic variation produce similar population prioritizations for both test cases.
In Ch-2, I propose to test the prediction from Fernandez-Fournier et al., 2021 [86], that
genome-wide genetic distinctiveness captures a subset of adaptive variation: if so, genome-
wide and adaptive genetic variation will produce similar population prioritizations.

One of the important insights from this review is to account and harmonize both
within and among population genetic diversity. However, in Ch-2, I solely consider among-
population genetic variation, without accounting for within-population variation since I am
testing the prediction from Fernandez-Fournier et al., 2021 [86]. Populations identified as
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genetically distinct are critical components in any management scheme whose goal is to
preserve species-wide genetic diversity and attendant evolutionary potential, however, it is
important to keep in mind that this approach of solely focusing on distinct populations may
carry some risks.
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Chapter 3

Does genome-wide variation and
putatively adaptive variation
identify the same set of distinct
populations?

3.1 Abstract

Identifying which populations within species to prioritize for conservation is a major chal-
lenge: one question is whether to prioritize populations based on adaptive variation versus
considering genome-wide genetic variation. Many authors have advocated focusing solely on
adaptive variation due to its direct connection to selection, function, and adaptive capacity.
However, there are many limitations in identifying and using adaptive genetic variation for
conservation. Patterns of genome-wide genetic variation may be congruent with patterns of
adaptive genetic variation, and genome-wide variation is much easier to measure. However,
evidence for congruence is mixed. We gather genome-wide and putatively adaptive SNP
data across 34 species of plants and animals from published outlier and association studies
to test congruence. We ask whether putatively adaptive subsets of genome-wide SNPs iden-
tify the same distinctive populations (measured using the Shapley Value of distinctiveness)
as genome-wide SNPs. We find that genome-wide and putatively adaptive SNPs gener-
ally but variably agree on population prioritizations. As expected, the level of agreement
is predicted by the proportion of putatively adaptive SNPs, and the agreement is lower
when there is more overall population genetic structure. Interestingly, across our datasets,
putatively adaptive SNPs do as well or better at predicting genome-wide population prior-
itization than sized-matched random subsets of SNPs. Taken together, using genome-wide
genetic variation for population prioritization may be a generally sound and cost-effective
strategy for prioritizing populations in order to safeguard species-level genetic variation.

Keywords: Genome-wide genetic variation, Adaptive genetic variation, Population pri-
oritization, Population distinctiveness, Adaptive potential, Conservation genetics
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3.1 Introduction

Intraspecific genetic diversity – differences in alleles and genotypes among individuals and
among populations – is a critical aspect of biodiversity because it contributes to the adaptive
potential of species and populations (i.e., populations’ capacity to adapt to accelerating
environmental change) [157, 206, 113]. While the United Nations post-2020 targets aim at
maintaining “at least 90% of all species genetic diversity” [72, 81, 82], a recent study suggests
we may already be falling short [82]. The widespread loss of genetic information across
taxa increases the urgency with which we must tackle the issue of conserving intraspecific
genetic variation [82]. However, due to limited funds, triage is a reality of conservation
across various taxa [41], so identification and ranking of populations that contain substantial
genetic information is crucial for conservation.

One strategy is to prioritize most genetically distinctive populations as these may main-
tain distinct genetic variation required for present and future adaptation, thus contributing
to adaptive potential at the species level. Many studies [313, 199, 289, 297, 62, 84, 175,
279, 57, 195, 291, 189, 136, 9] have emphasized the importance of conserving genetically
distinctive populations, including Ehrlich, in 1988, advocating that "the loss of genetically
distinct populations within species is, at the moment, at least as important a problem as
the loss of entire species" [76]. One common reason is that the consideration of distinc-
tive populations is fundamental to the conceptualization of evolutionary significant units
(ESUs), which are often managed as separate legal units under the Endangered Species
Act in the USA [246, 297, 119, 205, 135]. Another argument is that these populations may
harbor non-redundant genetic history compared to other populations [236, 298], perhaps
because they may have been evolving in isolation for many generations [205]. Thus, conserv-
ing these distinctive populations should maximize the amount of total genetic information
maintained for a species if genetic variation is distributed non-randomly across semi-discrete
populations (see e.g., [291, 86]).

In the context of this paper, intraspecific genetic distinctiveness is classified into two
types: genome-wide genetic distinctiveness and putatively adaptive genetic distinctiveness
(hereafter, we do not use the “putative” modifier for readability purposes). Genome-wide
genetic distinctiveness indicates “all forms of variation, including neutral, nearly neutral,
deleterious, and adaptive genetic variation sampled throughout the genome” [51]. Theoreti-
cally, adaptive genetic distinctiveness refers to a defined subset of this genome-wide distinc-
tiveness attributable to past natural selection or proposed to be linked to ongoing or future
natural selection [142, 259]. Many authors might define "putatively adaptive" in very differ-
ent ways depending on the type of analysis, study system, and study specifics used to identify
adaptive SNPs, so this category may include very different definitions. Operationally, two
common methods exist to identify currently putatively adaptive genetic variants, outlier-
type analyses – identifying variants that exhibit higher differentiation among populations
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than background FST (expected under neutrality) in genome scans [178, 26, 183, 3], and
association-type analyses – detecting genetic variants that are associated with environ-
mental or phenotypic variation across geographical space (see e.g. [138]). However, these
common methods may generate high number of false-positives and false-negatives that may
not always reflect true adaptive variants under selection [269].

The efforts to identify and base conservation prioritization solely on adaptive genetic
distinctiveness extends back to at least 1986 [246], if not earlier, as biologists and zoos
aimed at identifying populations (e.g. subspecies) within species that “actually represent[ed]
significant adaptive variation” [246]. The theoretical reason for directly relying conservation
on adaptive genetic variation dates back to 1974 when Lewontin advocated “the question
was never really how much genetic variation is there but rather what is the nature of genetic
variation for fitness in a population” [176, 281] – which means, high genetic variation may
not strongly predict adaptation to future changes. Other reasons include the relatively
direct association of adaptive genetic variation to selection, function and adaptive capacity
and the usefulness of this association to anticipate future adaptive responses (see e.g.,
[5, 33, 46, 142, 139, 164, 103, 281, 293]).

However, there are several challenges and limitations in identifying and using adap-
tive variation for conservation. One challenge is current methods are based on correla-
tion approaches and are biased in favour of identifying large effect loci, nonsynonymous
mutations near or within coding regions. This is problematic in the face of ubiquity of
polygenic adaptation as many of the small effect loci contributing to adaptation may go
undetected [241, 261, 122, 46, 126, 33, 166]. Even if approaches could be refined to cap-
ture candidate loci contributing to polygenic adaptation, disentangling the strong inter-
connectedness of genomic background variability effects, genetic architecture, and linkage
impact on fitness might be unfeasible [88, 314, 119, 16, 200, 225]. All these technical fac-
tors play a major role in frequent misidentification, false interpretation and validation of
true adaptive loci, contributing to high rates of both false-positives and false-negatives
[67, 99, 87, 94, 157, 262, 32, 225]. Even if all the technical challenges could be resolved, con-
ceptually solely relying on currently adaptive loci would be risky as adaptation may occur
via novel mutations, standing genetic variation, or adaptive introgression [283], depreciating
the future usefulness of loci that are currently adaptive [33].

Given these current limitations in identification of adaptive variation, a critical question
is whether it is necessary? Genome-wide genetic distinctiveness, which is much easier to mea-
sure, may act as a surrogate for adaptive genetic variation in some cases (see [71, 102, 157]).
Because genome-wide genetic variation incorporates information about the future, present,
and past, there are several theoretical and empirical reasons supporting that genome-wide
variation provides useful data for conservation genetics in their own right (independent of
their ability to track patterns of current adaptation). One future benefit is the possibility
that current neutral variation may become adaptive in the uncertain future circumstances,
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so conserving as much genetic variation as possible – high genome-wide variation – may act
as an insurance as it increases the chances that current and future adaptive variation will
be retained [53, 71, 102]. Presently, genome-wide variation is beneficial due to its positive
relationship with current mean fitness [71]. This relationship might be due to high genome-
wide variation being indicative of past larger population size (and so less past drift) or
high population viability via current heterozygote advantage [157]. Because genome-wide
genetic information contains historical information, it offers data to infer migration, gene
flow, population structure, and demographic history patterns [220, 90]. For instance, Bertin
et al., 2020 [33] used an Andean wetland plant, Cares gayana, to demonstrate that genome-
wide variation better predicted population adaptive potential – in this case measured as
an indicator of genomic response of climate-linked loci – compared to genetic variation at
climate-associated loci. They suggested that this result might be influenced by the combined
effects of neutral or demographic factors or small effect (polygenic) loci, many of which are
part of genome-wide variation, but not adaptive variation due to detection bias towards
large effect loci. Fitzpatrick et al., 2021 [87] conducted a common garden experiment and
reported that randomly selected variation better predicted climate adaptation of Balsam
poplar than did climate-associated variation (detected through gradient forest approach).

The decades-long debate on whether population prioritization efforts for conservation
should solely focus on the adaptive subset of genetic variation, or whether it is preferable
to consider genome-wide variation continues. The traditional view was that neutral and
adaptive variation may hardly be correlated [119, 186, 128, 267, 205] whereas, more recent
work on SNPs indicate that genome-wide variation may act as a surrogate for adaptive
genetic variation (see [71, 102, 157]). Below we present theoretical arguments and mixed
empirical results from literature for a positive correlation between the two types of genetic
variation.

One argument is adaptation needs additive genetic variation at loci under selection. But
there is weak empirical support for this argument as some estimates of neutral molecular
variation may weakly or not correlate with quantitative genetic variation. For example, Reed
and Frankham 2003 [238], Reed and Frankham 2001 [237], and Mittel et al. 2015 [202] show
very weak correlation between neutral or nearly molecular markers and estimates of quanti-
tative genetic variation (ex. heritability) whereas Podolsky 2001 [232] shows no relationship
between estimates of putatively neutral markers and quantitative genetic variation.

Another theoretical reason for a correlation between random and adaptive genetic vari-
ation is that loci under weak selection may be subjected to many of the same evolutionary
processes – drift, mutation, and migration – as all other loci [33, 204, 225] such that in small
populations, genome-wide and adaptive variation may show similar patterns [204, 225]. This
is supported empirically by Mathur et al. 2023 [193] examining small populations of endan-
gered Eastern Massasauga rattlesnake (Sistrurus catenatus) populations and Bataillon et
al. 1996 [21] examining hermaphrodite plants to simulate phenotypic evolution change in
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germplasm collections found neutral and functional (non-neutral) genetic variation to be
significantly positively correlated.

Another theoretical reason for expecting a positive correlation is that strong divergent
selection regimes and lower gene flow can lead to neutral genomic divergence [216, 217]
as loci under selection may impact non-selected loci through physical linkage or through
collective or unique influence of divergent selection, drift, and low gene flow. This pattern
may lead to positive correlation between differentiation of neutral loci and differentiation of
both additive genetic variation and putatively adaptive loci [216]. Literature provides mixed
empirical evidence. For example, Merila and Crnokrak 2001 [197] examined 18 studies of
plants and animals and showed that differentiation at neutral markers and differentiation
at quantitative traits markers are correlated. Leinonen et al. 2008 [173] analyzing data
on 50 species found a positive correlation between QST and FST values. On the other
hand, Holderegger et al., 2006 [142] show a weak relationship between neutral and adaptive
genetic data. Volis et al., 2005 [290] used regional QST to imply divergent selection on
quantitative traits and showed that FST and QST differed at the regional scale, indicating
a weak relationship between neutral and adaptive variation.

Another theoretical argument is that the degree of correlation between genome-wide
and adaptive genetic variation depends on systems and organisms, and it is important for
conservation practitioners to consider whether marker choice impacts the number, prioriti-
zation, or our estimate of resiliency of populations. Empirical studies again provide mixed
results: in some cases, neutral and adaptive markers may provide different genetic patterns,
such as detecting different stocks in Yellowfin tuna (Thunnus albacares) [228] and identifying
different management units in greenlip abalone (Haliotis laevigata) [248] and other times,
they may capture similar population structure patterns such as in sage grouse [218], At-
lantic salmon [204], and coho salmon [318]. In some cases, sites (locations) prioritized across
the range may vary greatly depending on the choice of both marker (neutral vs. adaptive)
and metric as shown in giant California sea cucumber (Parastichopus californicus) [317]. In
some cases, different markers provide similar population prioritization rankings as shown in
yellow warblers and lodgepole pines [86] and in other cases, neutral and adaptive variation
provide different population prioritization such as in an amphibian (Rana temporaria) and
a plant (Dracocephalum austriacum L.) [36].

Recently, Fernandez-Fournier et al. 2021 [86] asked whether standing genetic variation
can act as a reliable proxy for adaptive genetic variation using population distinctiveness
as a metric. They tested this with two published datasets - yellow warbler and lodgepole
pine (data from Bay et al., 2018 [22] and Mahony et al.,2019 [190]). They hypothesized
that if population prioritization rankings are similar when using genome-wide and puta-
tively adaptive genetic variation, it would support that genome-wide variation can be a
useful proxy for adaptive genetic variation [86], while if different rankings are produced
then true adaptive SNPs might need to be identified for conservation management. They
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found that genome-wide and putatively adaptive genetic variation produced similar pop-
ulation rankings. I repeat, test and extend Fournier-Fernandez et al., 2021 [86] from two
species to thirty-four species and test several covariates of the hypothesized proxy value of
genome-wide SNPs to identify populations for conservation prioritization. I also compare
the observed correlation between genome-wide SNPs to the expected correlation between
genome-wide and random SNPs to see if there is any difference. Specifically, I ask, does
genome-wide variation and putatively adaptive variation identify the similar set of distinct
populations? We divide our overarching question into three sub-questions: Do genome-wide
(all) SNPs and adaptive SNPs provide similar population prioritizations? Do adaptive SNPs
behave like equal-sized samples of random SNPs? How do covariates impact the observed
correlation of Shapley value distinctness scores using genome-wide and putatively adap-
tive SNPs (hereafter, referred to as prioritization agreement) and the correlation between
genome-wide and adaptive SNPs relative to random expectation (hereafter, referred to as
predictive power of putatively adaptive SNPs)?

3.2 Methods

3.2.1 Choosing the studies

Initial pass

I collated genome-wide and putatively adaptive SNPs data across various taxa from outlier-
type and association-type published studies. FST outlier-type studies look for SNPs that
are highly differentiated among populations, more than expected via drift [178, 26, 183, 3]
whereas association-type studies scan for SNPs that are correlated to environmental or phe-
notypic variation across geographical space [138]. FST outlier-analyses use Arlequin, BayeS-
can, Fdist, Lositan, OutFLANK, and Random Forest whereas association-type analyses use
Bayenv, BayPass, GWAS, LFMM, Logistic regression, RDA, Tassel, MatSAM platforms to
identify putatively adaptive SNPs.

I did a literature search of genome-wide association studies on google scholar and web
of science from September 2021 to February 2022 using terms such as “SNPs across entire
range species”, “SNPs associated with environment within species entire range”, and “SNPs
associated with climate across species range”. From the literature search, I found three
meta-analyses [3, 182, 82], each of which contained a list of outlier and/or association type
analysis studies. Studies within three meta-analyses and recommendations from colleagues
were evaluated based on a set criteria with thresholds, and the availability of full-data.

Criteria and thresholds

I selected published studies based on a set criteria that included incorporating only wild or-
ganisms, a full SNP profile per individual consisting of information attaching each individual
to its geolocation and population as well as an identification of putatively adaptive SNPs
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through FST outlier analyses, genotype-environment and/or genotype-phenotype associa-
tion analyses from studies. Additionally, to meet the criteria thresholds, studies required a
minimum of: 250 raw genome-wide SNPs, 10 raw putatively adaptive SNPs across genome or
across many genes, 50 total number of individuals, 4 populations (i.e., number of geographic
sites), 4 individuals per population (studies with less than 4 individuals per population were
included, but, later on during the analysis stage, these specific populations with less than 4
individuals were removed), and at least 3-4% coverage of natural geographic range. These
thresholds were decided arbitrarily. I used the same identified populations as authors as-
signed them in their studies. If I had multiple datasets of the same species, I chose the
one with a higher geographic range covered. I also recorded information on the type of
analysis (e.g., LFMM, GCTA, MLM, RDA, Bayenv2, Bayescan, MATSAM, FDIST2, etc),
method type (FST , GEA (genotype-environment association), GPA (genotype-phenotype
association)), type of sequencing method (ddRAD, genotype by sequencing, SNP arrays,
etc), account for neutral population structure or demography, adaptive SNPs identification
significance thresholds, range, biome, taxon, number of variables/traits, and proportion of
adaptive SNPs for each study collected. A few candidate studies with big (> 14.6 GB) data
storage files were not used due to cumbersome operational analysis and time.

Outlier study removal

The major reason for exclusion of studies from three meta-analyses included the total num-
ber of SNPs falling below the threshold. A few studies that fit the criteria were not used
for several reasons, including inaccessibility of the full data, files too big to run cumber-
some operational analysis, and data with the same species already included. Additionally,
I removed two outlier studies [68, 277] that passed all filters, including the initial criteria,
thresholds, and reasons listed above. I removed De Kort et al., 2015 [68] because the raw
data provided with 10% missing rate cutoff had 183 genome-wide SNPs and the proportion
of putatively adaptive SNPs were unusually high (89% of the genome-wide SNPs). I re-
moved Stuart et al., 2022 [277] because it was the only study with a very high missing rate.
The missing rate that the study used for alleles per SNP was 0.54 and for SNPs per sample
was 0.50. Essentially the majority of the data was removed after applying 10% missing rate
cutoff (see section 2.2.4 for more information) with 819 SNPs remaining from 128217 total
genome-wide SNPs and 3 putatively adaptive SNPs remaining from 1322 adaptive SNPs.
The final datasets consisted of 34 species (see Table 1) that met the full criteria with full
data availability. The datasets included 2 birds, 8 gymnosperms, 6 angiosperms, 9 fish, 4
mammals, 1 amphibian, and 4 arthropod species. The values of variables after applying
10% missingness cutoff across studies ranged between 187 to 105,000 number of genome-
wide SNPs, 7 to 1609 number of putatively adaptive SNPs, 0.002 to 0.444 proportion of
adaptive SNPs compared to genome-wide, 80 to 1473 number of individuals, 4 to 83 number
of populations with 20 animal and 14 plant studies (see Table 1).
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Table 3.1: Information on study number, study ID, organism examined, number of genome-
wide and putatively adaptive SNPs, number of individuals and populations after applying
10% missing rate cutoff, along with the method used to identify putatively adaptive SNPs
for each study.

Figure 3.1: Distribution of studies showing the total number of individuals (A) and pop-
ulations (B) in each study, along with their classification by taxa (C). Each study in the
distribution is filtered according to the criteria, thresholds (outlined in section 3.2.1), and
10% missing rate cut-off (n= 34).
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Figure 3.2: Log distribution of genome-wide (total) number of SNPs (blue) and putatively
adaptive SNPs (green) for each study. The black line, for each study, shows the difference
between the genome-wide (total) number of SNPs (blue) and putatively adaptive SNPs
(green) indicating information regarding the proportion of putatively adaptive SNPs com-
pared to the genome-wide (total) number of SNPs. Each study in the distribution is filtered
according to the criteria, thresholds (outlined in section 2.2.1), and 10% missing rate cut-off
(n = 34).

3.2.2 Data organization

File Formats

I retrieved genome-wide and putatively adaptive SNPs datasets online from Dryad, GitHub,
main paper tables, supplemental files and/or files provided by the study authors upon
request via email. I contacted authors via email and followed up regarding data files and/or
analyses details. The genome-wide and/or adaptive SNPs data files were formatted in VCF,
TXT, XLSX, GDS, and POPGEN and allele format varied from alphabetical to numerical
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with haploid and diploid data. I used Notepad++, excel, 7-zip, Beluga and Cedar Compute
Canada clusters (operated by the Digital Research Alliance of Canada) to view, unzip, or
run analysis on big data SNP files. For each of the 34 studies, I performed the outlined
analysis (see Figure 3.3 and subsections 3.2.2 to 3.2.3) separately for each type of SNPs
dataset: genome-wide SNPs, putatively adaptive subset of genome-wide SNPs, and random
subset of genome-wide SNPs (same number as putatively adaptive SNPs sampled from 1000
bootstrap runs).

Figure 3.3: Overview of the analytical approach taken for data organization and data
analysis. For each study and set of SNPs (genome-wide, putatively adaptive, random set of
genome-wide SNPs (same number as putatively adaptive SNPs sampled randomly from 1000
bootstrap runs)), I obtained a SNP dataset for each individual attached to a population,
and performed principal components analysis to measure pairwise genetic differentiation
among populations. Split information from NeighborNet was used to calculate evolutionary
distinctness scores (Shapley Values). Populations were ranked based on their distinctness
scores. Then, I calculated the observed correlation (correlation between distinctness scores
using genome-wide and putatively adaptive SNPs) and compared it with expected corre-
lation (correlation between distinctness scores using genome-wide and random subset of
genome-wide SNPs the same size as the adaptive set).

Standard File Format

I first converted the allele format of all files into a standard flat file format of 0,1,2,NA file
where numbers (0,1,2) in each SNP column represented the copies of minority allele and
NA represented missing data. This conversion was done in R version 4.1.1 (R Core Team,
2021 [280]) using tidyverse [308], dplyr [309], and adegenet [152, 153] packages prior to
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conducting further analysis. The minority allele refers to an allele that is lower in frequency
compared to a major allele in a SNP column. When there were multiple minor alleles in a
SNP column, I recorded the majority allele as 0 and all other alleles as minority alleles. In
each SNP column, zero represented zero copies of minor alleles (i.e., two copies of major
alleles), one represented one copy of a minor allele (i.e., heterozygous individuals with one
copy of major allele and one copy of minor allele) and two represented two copies of minor
alleles. NA indicated missing data. SNP columns that had equal numbers of both alleles
were randomly assigned 0 and 2. In some files where individuals were pooled (i.e., pool seq
files), for each SNP column, we assigned 0 to the major alleles and 2 to the minor alleles
and NA to missing alleles. In cases where haploid data was provided for individuals, for
each SNP column, I assigned 0 to the major allele and 1 to the minor allele.

Missingness threshold

Different study authors accounted for missing data using different thresholds. While some
studies imputed missing data using, e.g. linkImpute version 1.1.4 [203], others used different
missingness thresholds for missing alleles per SNP and missing SNPs per sample. I chose
to follow the missingness threshold of 10% because SVDImpute, used for imputing missing
data in PCAMethods [273], is said to be tolerant of 10% missingness data [272, 286]. The
10% missingness threshold meant that I was removing missing alleles per SNP and missing
SNPs per sample at the same time that have >= 10% missing values. If the number of
individuals per population after accounting for the 10% missing rate (i.e., samples and
SNPs) fell below four, I removed those populations at this stage. If studies did not require
any 10% missingness cutoff, I still removed populations within each study with fewer than
four individuals per population. I did this for both genome-wide and putatively adaptive
SNPs datasets separately for each study.

3.2.3 Data analysis

Principal Components Analysis (PCA)

To ordinate all individuals in a multi-dimensional space, I performed a principal compo-
nents analysis [227, 145] on the genetic variants of individuals. I did this for each study
and each type of SNPs dataset. The main goal was to take the centroids of each population
from PCA to calculate the Euclidean pairwise genetic distances among populations sepa-
rately for genome-wide, putatively adaptive, and the random subset of genome-wide SNPs
datasets. I chose PCA because it is one of the most commonly used dimensional reduc-
tion techniques in GWAS that assumes no population genetic model and is not constrained
by many assumptions of population genetics [169]. PCA simply gives the coordinates to
individuals in a graph to examine genetic distances. In this context, I used the same as-
signment of populations as authors identified them in their original studies. For each study,
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datasets in a standard file format following cleaning (10% missingness threshold and 4 or
more individuals per population) were used as input files for PCAmethods. Input data for
PCAmethods included a numerical data matrix with individuals (i.e., samples) in rows and
SNPs as columns [271]. Each SNP column in the input data was centered and scaled using
the unit variance scaling method. Unit variance is

a = a

σa

, where a is variable (i.e., each SNP column) [271]. SVDImpute uses an algorithm to itera-
tively estimate linear combinations of a specific number of the most significant loadings by
using the current estimate to predict the next estimate until the missing value estimate is
below a certain threshold value [272, 286]. If a certain value is missing at a certain position
in the matrix, then that value is not used to estimate the linear regression coefficient [272].
For each column, all the missing values are substituted with the mean of that SNP column.
Stacklies and Redestig 2022 [272] suggest that SVDImpute appears to accept >10% missing
data. For further analysis, I chose significant principal components (PC) using the common
tracy-widom test [285] with a critical point of 0.9793, equivalent to a p-value of 0.05 (see
[223, 222, 188]). Importantly, I didn’t use all principal components because single SNPs may
be heavily impacted by extended linkage disequilibrium patterns [85, 296, 319], and this
can generate nuisance axes of principal components at lower eigenvalues, axes that capture
localized LD instead of population structure [320, 319]. If I had zero principal components
as significant, I simply used the first PC. I further used a threshold of PC 1 scores average
+/- 4*standard deviation of PC1 scores for the identification of outlier individuals. I did
this for Chavez-Galarza et al., 2013 [49] , Mosca et al., 2016 (P. mugo) [208], and Benestan
et al., 2016 [29] studies. Outlier individuals were identified by using principal components
1 and 2.

Pairwise distances

After ordinating individuals using a principal components analysis with apriori identified
populations, I calculated the Euclidean distance between the centroids of each population
pair in a pairwise manner (following Fernandez-Fournier et al., 2021 [86]). The matrix of
pairwise genetic distances among populations was used to build a split network ([150] using
NeighborNet ([42]) via the phangorn package [255, 252] in R.

NeighborNet Split Networks

A split network refers to a set of splits with non-negative weighted edges depicting rela-
tionships among taxa [150, 1]. Splits network using NeighborNet takes a distance-based
approach [43] to graph relationships among populations via pairwise distances and provides
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a single network, accommodating for both tree-like and non-tree like patterns of relatedness
[42, 43].

In short, NeighborNet takes the pairwise genetic distance between any two populations
and represents that information in the weight of each split (i.e., edge length of the branch)
[291]. A split partitions one taxon from all other non-overlapping taxa [43, 150]. The Neigh-
borNet network is simply an assembly of these weighted splits of a set of populations [291].

Output from the phangorn package in R was compared to output from the Splitstree
program written by the originators of NeighborNet for the Bay et al., 2018 [22], Mahony
et al., 2019 [190], and Cullingham et al., 2014 [65] datasets using the SplitsTree Commu-
nity Edition (CE) version 6.0.23-beta developed by Daniel H.Huson and David Bryant and
phangorn version 2.11.1 (via ape) [254, 253]. Results were identical, and so phangorn was
used due to its ease of integration with the R pipeline.

Shapley Value

Biologically, Shapley Value is the “expected contribution of a [population] to future subsets”
of populations in unknown future scenarios [291]. It is a “measure of the contribution each
[populations] brings to the diversity of a [species]” [116] and is equivalent to the Edge of
Existence (EDGE of Existence :: Evolutionarily Distinct and Globally Endangered) evolu-
tionary distinctiveness measure when calculated on a bifurcating tree. The most genetically
distinct populations harbor a disproportionate amount of unique evolutionary history.

Shapley Value, which can be extended to split networks [192], is measured by averag-
ing phylogenetic diversity complementarity of a population over all possibilities of equally
weighted subset sizes [116, 291]. The sum of all split weights (branch lengths) in the Neigh-
borNet network of underlying populations considering the minimum spanning path rep-
resents phylogenetic diversity (PD) [84], which is a conservation planning metric used to
quantify evolutionary distinctness [291]. PD complementary measures the contribution of a
population tip to the network by calculating the branch length (or pendant edge weights)
connecting that population tip to the rest of the network [291]. Mathematically, equation
(1) depicts the average of split weights from a set representing x|X, where |X are all unique
possibilities of showing subsets of population X without including x [291].

ψsh
x (

∑
, λ) =

∑
S∈

∑ |S̄(x)|
|X| · |S(x)|λ(S)

[116, 192] where (
∑
, λ) is the total split set and their weights, |X| is the number of pop-

ulations in total, |S(x)| is the split set size that includes the population x, |S̄(x)| is the
complementary split set size that excludes the population x, and (S) is split weight that
partitions S(x) from S̄(x) [291].
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For each study and dataset type (i.e., genome-wide, putatively adaptive, or random
subsets of genome-wide SNPs), I standardized Shapley values by dividing the raw Shapley
values across all populations by the total sum of those raw Shapley Values to correct for
the number of SNPs.

Population rankings

Based on the standardized Shapley Values, I ranked populations within each study for con-
servation prioritization using genome-wide SNPs, putatively adaptive, and random subsets
of genome-wide SNPs. So, higher ranked populations are more distinct with higher Shapley
Values.

Observed and expected correlation

The main goal is to compare the Spearman rho rank correlation across studies of Shapley
distinctness scores using different sets of SNPs: genome-wide SNPs and putatively adaptive
SNPs (which I refer to as the observed correlation) and genome-wide and random subset
of genome-wide SNPs (which I refer to as the expected correlation). To calculate expected
correlation for each study, I randomly sampled a subset of genome-wide SNPs that is the
same number as putatively adaptive SNPs and tested the Spearman rho correlation between
distinctness scores of ranked populations using genome-wide SNPs and a random set of
genome-wide SNPs. I used the same procedure outlined above (in Figure 3.3) and repeated
it 1000 times using bootstrap.

To calculate the 90% bootstrapped confidence interval of spearman correlation for each
study, I used the ‘spearman.ci’ function in the “RVAideMemoire” package [133] using 1000
reps in R. I chose a Spearman correlation test because it is a non-parametric test that
accounts for similar proportion of variability as a pearson correlation test [125] and is
“more appropriate when there is less certainty about the reliability of close ranks” as it
gives “greater weight to pairs of ranks that are further apart” whereas “Kendall weights
each disagreement in rank equally" [268].

Statistical Tests

Our main goal is to address the question of how conservation prioritization differs when
using genome-wide SNPs vs. subsets of SNPs that are putatively adaptive across 34 studies.
To address this, we asked whether genome-wide (all) SNPs and putatively adaptive SNPs
provide similar population prioritizations across 34 studies and whether putatively adaptive
SNPs behave like equal-sized samples of a random set of all SNPs.

For the first question, I calculated the Spearman correlation coefficient of Shapley value
distinctness scores using genome-wide SNPs and putatively adaptive SNPs for each study.
The positive or negative signs of this observed correlation coefficients for each study and
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the spread of correlation coefficient values across studies would indicate the extent to which
genome-wide variation and adaptive variation seem to prioritize similar populations as dis-
tinctive (I refer to this genome-wide and putatively adaptive SNPs correlation as prior-
itization agreement). A higher positive observed correlation coefficient indicates a higher
population prioritization agreement between genome-wide and putatively adaptive SNPs.

I compared the observed Spearman correlation of Shapley values calculated using genome-
wide and putatively adaptive SNPs to the expected Spearman correlation calculated using
genome-wide and random subsets of genome-wide SNPs for each study (I refer to this ob-
served minus expected correlation as the predictive power of putatively adaptive SNPs)
(see 2.2.3.6). The random subsets were of the same size as the subset of putatively adaptive
SNPs: this tests whether putatively adaptive SNPs behave like an equal-sized sample of a
random set of genome-wide SNPs.

I performed a two-tailed paired t-test to test for a difference between observed and ex-
pected Spearman correlation coefficients of each study (i.e., predictive power of putatively
adaptive SNPs). If there is a statistically significant difference between the observed and
expected Spearman correlations, this would mean that putatively adaptive SNPs do not
behave like equal-sized samples of random SNPs. For interest purposes, I also performed a
two-tailed paired t-test to test for a difference between observed and expected Kendall cor-
relation coefficients of each study. I first tested for outliers using ‘identify_outliers’ function
in rstatix package [158]. I state all results with and without removing outlier studies above
Q3 + 1.5xIQR or below Q1 -1.5xIQR and extreme outlier studies above Q3 + 3xIQR or
below Q1 - 3xIQR (if there are any) [158].

To further examine the predictive power of putatively adaptive SNPs, I compared allele
frequency patterns for the putatively adaptive and equal sized random sets of genome-wide
SNPs. To do this, I calculated the minor allele frequencies for adaptive and random sets of
genome-wide SNPs (and also neutral sets of genome-wide SNPs after putatively adaptive
SNPs were removed) for each study. A single draw of an equal number of these “random”
SNPs as the number of adaptive SNPs were sampled using a set seed of 12. For each study,
I used a Mann-Whitney U test to compare the median allele frequencies of random and
adaptive SNPs and where applicable the median allele frequencies of neutral and adaptive
SNPs. For four studies [91, 278, 66, 204], the SNP names in genome-wide and adaptive
SNPs files didn’t match, so due to this mismatch of names, I couldn’t separate adaptive
SNPs from non-adaptive SNPs only for the purposes of this particular analysis. Finally, to
test whether the average median minor allele frequencies of adaptive subsets of genome-wide
SNPs is greater than the average median minor allele frequencies of random/neutral subsets
of SNPs across studies, I used a one-tailed paired t-test. To test if the difference between
adaptive and random/neutral allele frequencies impact the predictive power of putatively
adaptive SNPs, I did a spearman correlation between adaptive minus random median minor
allele frequencies and observed minus expected correlation.
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Tests of covariates

I tested the individual effects of six covariates on the prioritization agreement between puta-
tively adaptive and genome-wide SNPs and on the predictive power of putatively adaptive
SNPs: study-wide FST , correction for neutral population structure, number of genome-wide
SNPs, number of putatively adaptive SNPs, proportion of putatively adaptive SNPs, and
the method type (FST vs. non-FST ) used to identify putatively adaptive SNPs. To examine
the impact of continuous variables (study-wide FST , number of genome-wide SNPs, num-
ber of putatively adaptive SNPs, proportion of putatively adaptive SNPs), I used Spearman
correlation between the observed correlation and variable of interest and observed minus
expected correlation and variable of interest. To examine the effect of categorical variables
(neutral population structure and method type- FST vs. non- FST ), I used one-way anova. P
value < 0.05 indicates a nominally statistical significant effect, and I report FDR corrected
P value for multiple tests.

I examined the effect of study-wide FST because if a population is highly structured or
if there is high differentiation among populations (i.e., high variance in Shapley values) it
may be easier to detect the genes involved in local adaptation [37, 250]. This leads to the
hypothesis that cases where study-wide FST is greater are also the ones where genome-wide
SNPs and putatively adaptive SNPs may be less likely to prioritize similar sets of distinct
populations. In other words, I expected a negative correlation between study-wide FST and
prioritization agreement, and between study-wide FST and predictive power of putatively
adaptive SNPs. I measured study-wide FST [301] using the hierfstat package [109, 302] in
R version 4.1.1 (R Core Team, 2021 [280]) and log-transformed it. I used guidelines found
at [257] to calculate study-wide FST .

I considered whether studies accounted for neutral population structure or demography
in some way because non-independence among populations due to coancestry (reflecting
shared population history or kinship effects) [35], spatial autocorrelation (ex. isolation-by-
distance, environment or more), sharing common gene flow history or demographic history
(see [183, 138, 37]) could all impact the correlation between genome-wide loci and loci
under selection, inflating false-negatives as well as false-positives depending on the scenario
[3, 183, 114]. Some types of analysis estimate and correct for evolutionary non-independence
among samples during the process of identification of adaptive SNPs whereas others don’t
([183, 65, 80, 26]; see Appendix A Table for more details). Based on literature, I attempted
to score whether each type of analysis used to identify putatively adaptive SNPs across 34
studies accounted for the neutral population structure or demography. I categorized them
into three groups: no, mixed, and yes, where no meant no tests accounted for it, mixed
meant some tests did and yes meant all tests accounted for population structure in some
way.
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I log-transformed number of genome-wide SNPs and number of putatively adaptive
SNPs and examined their impact on the prioritization agreement and the predictive power
of putatively adaptive SNPs because it reflects aspects of sampling strategies that affect
the power to differentiate adaptive from non-adaptive loci [3]. The number of genome-wide
SNPs may impact various factors such as the proportion of putatively adaptive SNPs or
false detection rate, or reflect aspects of species’ genome-size [3] that could influence the
genome-wide and putatively adaptive SNPs correlation. I had no prior prediction regarding
the impact of these two covariates on the correlations but if these variables do impact the
correlations, this might indicate whether caution should be applied with the interpretation
of results as a function of marker number [3].

I chose to examine the impact of the proportion of putatively adaptive SNPs on the
prioritization agreement and the predictive power of putatively adaptive SNPs because
putatively adaptive SNPs are a subset of genome-wide SNPs, and so I expected a part-
whole correlation. The proportion of putatively adaptive SNPs was calculated by dividing
the number of genome-wide SNPs by the number of putatively adaptive SNPs and then
log-transformed this ratio.

The impact of method-type (FST vs. non-FST ) used to identify putatively adaptive
SNPs on the prioritization agreement and predictive power of putatively adaptive SNPs
was tested because of the suspicion that FST methods might produce more false positive
adaptive SNPs [269], which could inflate agreement. I grouped FST , FST and GEA, FST

and GPA into the FST category and GEA, GPA, GEA and GPA into the non-FST category.
I used beta regression to test the impact of proportion of putatively adaptive SNPs, and

method type (FST vs. non-FST ) used on the Spearman correlation between genome-wide and
adaptive SNPs distinctness scores (i.e., the prioritization agreement). I did a t-test on the
beta-regression model to produce nominal p-values. Since the Spearman correlation values
were bounded between 0 and 1 and simple linear regression doesn’t deal with the bounded
nature because of violation of assumptions, so I applied beta-regression. I removed one study
(Cullingham et al., 2014 [65]) when doing beta regression with the Spearman correlation
as the response variable and proportion of putatively adaptive SNPs and method type as
explanatory variables because it was an outlier residual in residual vs. linear predictor plot
and generalized leverage vs. predicted values plot.

I used linear regression to test the impact of study-wide FST and the number of pu-
tatively adaptive SNPs used on the predictive power of putatively adaptive SNPs. I used
anova to test the significance and p-values. All linear regression assumptions were met as
values were restricted between 0 and 1.
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3.3 Results

I set out to answer three clear questions with implications for the potential use of genet-
ics in population prioritization in conservation: Do genome-wide (all) SNPs and adaptive
SNPs provide similar population prioritizations? Do adaptive SNPs behave like equal-sized
samples of random SNPs? How do covariates impact the prioritization agreement and the
predictive power of putatively adaptive SNPs?

3.3.1 Do genome-wide (all) SNPs and putatively adaptive SNPs provide
similar population prioritizations?

Figure 3.4: Prioritization agreement (i.e., observed Spearman correlation) of population
distinctness scores calculated using each set of SNPs (genome-wide and putatively adaptive
SNPs) indicated for each study (green points) (n=34). A more positive y-value indicates a
higher prioritization agreement meaning that both sets of SNPs identify similar populations
as distinct within a study. Black error lines indicate 90% bootstrapped confidence intervals.

I found that genome-wide (all) SNPs and putatively adaptive SNPs provide similar
population prioritizations to some extent. The prioritization agreement (observed Spearman
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correlation) coefficients of population distinctness scores using genome-wide and adaptive
SNPs are all positive (Figure 3.4). However, these prioritization agreement coefficients vary
a lot (from R +0.14 to +1.00) from across studies (Figure 3.4).

3.3.2 Do adaptive SNPs behave like equal-sized samples of random SNPs?

Overall, I found that the predictive power of putatively adaptive SNPs differs (Figure 3.5).
In other words, adaptive subsets of genome-wide SNPs do not seem to behave the same as
equally-sized samples of random subsets of genome-wide SNPs in terms of their correlation
with genome-wide SNPs. A two-tailed paired t-test shows a significant difference between the
observed and expected Spearman correlation; t(33) = 2.45, p = 0.02. The mean difference
of the observed minus expected Spearman correlation coefficients is 0.09 (95% CI: 0.02
to 0.17). I found the mean difference of the observed minus expected Kendall correlation
coefficients is 0.07 (95% CI: -0.0008 to 0.1340); t(33) = 2.01, p = 0.05. Here, I did not
remove any outliers.

When I removed three outlier studies (Cullingham et al., 2014 [65]; Benestan et al., 2016
[30], and Roffler et al., 2016 [242]) that fell above the Q3 + 1.5xIQR or below Q1 -1.5xIQR
from the Spearman correlation analysis, I observed a similar result: there is a significant
difference between the observed minus expected Spearman correlation; t(30) = 2.48, p =
0.02 with a mean difference of 0.08. When I removed two outlier studies (Cullingham et
al., 2014 [65] and Roffler et al., 2016 [242]) above Q3 + 1.5xIQR or below Q1 -1.5xIQR
from Kendall tau correlation analysis there is, again, a significant difference between the
observed minus expected Kendall correlation; t(31) = 2.23, p = 0.03 with a mean difference
of 0.06.

The positive average difference between observed minus expected correlation from the
two-tailed paired t-test suggests that adaptive SNPs subsets may show stronger correla-
tion with genome-wide SNPs than random SNPs subsets do: as shown in Figure 3.5, ap-
proximately 2/3 of the time the observed correlation (green dots) lie above the expected
correlation (orange dots).

Tom Booker (pers. comm.) hypothesized that one explanation for adaptive subsets seem-
ing to correlate more strongly than random subsets with genome-wide SNPs is that the
adaptive SNPs have higher allele frequencies on average than random or neutral subsets of
genome-wide SNPs. Adaptive SNPs might have higher frequencies on average because they
are involved in local adaptation and are favored by selection (especially positive selection)
[117, 247]. If so, this could explain the predictive power of putatively adaptive SNPs be-
cause they would be less noisy compared to random subsets of (neutral) SNPs. If adaptive
and random allele frequencies (patterns) are more exaggerated then it is easier to detect
local adaptation (i.e., adaptive SNPs) [178, 25, 138], and this might also improve predictive
power of putatively adaptive SNPs from noise.
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Figure 3.5: Observed (green) and expected (orange) Spearman correlation of population dis-
tinctness scores indicated for each study (n=34). Observed Spearman correlation coefficients
of population distinctness scores are calculated using genome-wide and putatively adaptive
SNPs and expected Spearman correlation coefficients are calculated using genome-wide and
random subset of genome-wide SNPs (same number as putatively adaptive SNPs sampled
from 1000 bootstrap replicates). The vertical black line is indicating the difference between
the observed and expected Spearman correlation coefficients for each study (indicating the
predictive power of putatively adaptive SNPs). The average observed Spearman correlation
coefficient across all 34 studies is 0.62 (indicated by green dashed line) and the average
expected Spearman correlation coefficient across all 34 studies is 0.53 (indicated by yellow
dashed line). The hollow green points represent cases where 90% bootstrapped confidence
intervals of observed Spearman correlation overlap zero.
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Figure 3.6: Median minor allele frequencies of putatively random (orange) and adaptive
(green) SNPs for each study (n = 34). The black line is indicating the difference between
median allele frequencies of adaptive and random subsets of genome-wide SNPs for each
study. Asterisks for 19 out of 34 studies represent statistical significant differences between
median minor allele frequencies of adaptive and random subsets of genome-wide SNPs
indicated via Mann-Whitney U test.

I did find an average difference between neutral/random minor allele frequencies and
adaptive minor allele frequencies across studies. I found that there is a difference (however
small) in all of them (Figure 3.6). Using a Mann-Whitney U test, I found that 19 out of 34
studies showed differences of minor allele frequencies between random and adaptive subsets
of genome-wide SNPs (Figure 3.6) and in 17 out of 30 studies there is a significant (across
SNPs) difference in the minor allele frequencies of neutral and adaptive subsets of genome-
wide SNPs, always (except one) with adaptive SNPs being at higher frequency. I found the
mean difference between the median allele frequencies of adaptive SNPs and random SNPs
across studies to be 0.07 (95% CI: 0.04 to Inf); t(33) = 4.42, p = 5.00x10-5. I found the
mean difference between the median allele frequencies of adaptive SNPs and neutral SNPs
across studies to be 0.07 (95% CI: 0.04 to Inf); t(29) = 4.16, p = 0.00013.

49



Figure 3.7: Scatterplot showing the predictive power of putatively adaptive SNPs (i.e., ob-
served minus expected R) on y-axis and median adaptive minus random allele frequencies
for each study (n= 34) on x-axis. There is no significant correlation between the two (Spear-
man rho = -0.12 with P = 0.50).

While I found statistical differences between adaptive and random/neutral median minor
allele frequencies within and across studies, contrary to our expectation, there is no corre-
lation between adaptive minus random median minor allele frequencies and the predictive
power of putatively adaptive SNPs (observed minus expected correlation) (Spearman rho
= -0.12, P = 0.50) (Figure 3.7).

3.3.3 How do covariates impact the prioritization agreement and the pre-
dictive power of putatively adaptive SNPs?

50



Table 3.2: Impact of six covariates on the prioritization agreement and the predictive power
of putatively adaptive SNPs. Asterisk (*) indicates a P < 0.05 (uncorrected for FDR)

I tested the individual effects of six covariates – study-wide FST , account of neutral
population structure, number of genome-wide SNPs, number of putatively adaptive SNPs,
proportion of putatively adaptive SNPs, and method type (FST vs. non-FST ) used to iden-
tify putatively adaptive SNPs – on the prioritization agreement and the predictive power of
putatively adaptive SNPs (Table 3.2). To examine the impact of continuous variables (study-
wide FST , number of genome-wide SNPs, number of putatively adaptive SNPs, proportion of
putatively adaptive SNPs), I used Spearman correlation between the prioritization agree-
ment (observed correlation) or predictive power of putatively adaptive SNPs (observed
minus expected correlation) and variable of interest. To examine the effect of categorical
variables (neutral population structure, method type- FST vs. non- FST ), I used one-way
anova. I applied arcsine transformation on the observed Spearman correlation (calculating
using genome-wide and putatively adaptive SNPs) when examining how the covariates im-
pact the observed Spearman correlation, and as expected I got the same results with and
without transformation.
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Figure 3.8: Increasing study-wide FST seems to decrease the predictive power of putatively
adaptive SNPs relative to random expectation. Each green point represents a study (n =
34). The Spearman correlation is -0.46 with uncorrected P = 0.007; FDR corrected P =
0.04.

I expected a negative correlation between study-wide FST and prioritization agreement
because if a population is highly structured (i.e., high study-wide FST ), we predicted that
it might be easier to detect the genes involved in local adaptation. However, I observed
that study-wide FST had no effect on the prioritization agreement (Spearman rho = -
0.01, uncorrected and FDR corrected P = 0.94). However, study-wide FST did impact
the predictive power of putatively adaptive SNPs (Spearman rho = -0.46, uncorrected P =
0.007, FDR corrected P = 0.04), in other words, as study-wide FST increased, the correlation
between genome-wide and adaptive SNPs decreased relative to random expectation (Figure
3.8).
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Figure 3.9: Positive correlation between log(study-wide FST ) and log(variance in raw Shap-
ley values) (n = 34) with R = 0.53 and P = 0.002.

I found a positive correlation between log(study-wide FST ) and log (variance in raw
genome-wide Shapley values) as expected (Figure 3.9). This means that species with low
study-wide FST , reflecting low population structure show low variance in population dis-
tinctiveness (not high variability in genetic distinctiveness of populations), whereas species
with high study-wide FST , reflecting high population structure, show higher variance in
population distinctiveness (high variability in genetic distinctiveness of populations). I ex-
pected to find a negative relationship between variance in Shapley values and the predictive
power of putatively adaptive SNPs, though, I do not find any statistically significant re-
lationship between log of variance of raw genome-wide Shapley values and the predictive
power of putatively adaptive SNPs using a Spearman correlation (S = 8154, P = 0.16, rho
= -0.25) probably because of small sample sizes of data, I found that the data is suggestive
of that expectation.
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I did not have any prediction regarding the effect of accounting for neutral population
structure on the prioritization agreement as well as on the predictive power of putatively
adaptive SNPs because being conservative in accounting for it might increase false-negatives
whereas not accounting for it at all might increase false-positives [3], both of which may
contribute to increasing the prioritization agreement as adaptive set may contain random
SNPs. Further limitations such as unresolved differences among methods, inconsistencies in
application of methods preventing any apple-to-apple comparison across studies, and small
sample sizes contributed to producing unsatisfactory rankings across studies. Despite these
limitations hindering the analysis, I nonetheless attempted to categorize the account for
neutral population structure across studies into three groups: no, mixed, and yes, where no
meant none of the methods/tests used to identify adaptive SNPs accounted for it, mixed
meant some tests did, and yes meant all tests accounted for it in some way. Using one-
way anova, I found that the account for neutral population structure did not affect the
prioritization agreement (uncorrected P = 0.56; FDR correction = 0.67) or the predictive
power of putatively adaptive SNPs (uncorrected and FDR corrected P = 0.45) in the 34
species I analyzed.
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Figure 3.10: Increasing number of putatively adaptive SNPs seem to decrease the predictive
power of putatively adaptive SNPs relative to random expectation. Each green point rep-
resents a study (n = 34). The spearman rho correlation is R -0.37, uncorrected P = 0.03,
FDR corrected P = 0.09.

I examined the impact of the number of genome-wide SNPs and number of putatively
adaptive SNPs on the prioritization agreement and the predictive power of putatively adap-
tive SNPs with no prior predictions. I found that the number of genome-wide SNPs did not
impact the prioritization agreement (Spearman rho = -0.20, uncorrected P = 0.26; FDR
corrected P = 0.39) and the predictive power of putatively adaptive SNPs (Spearman rho
= -0.17, uncorrected P = 0.34, FDR corrected P = 0.45) and the number of adaptive SNPs
did not impact the prioritization agreement (Spearman rho = 0.32, uncorrected P = 0.06,
FDR corrected P = 0.13). However, the number of adaptive SNPs impacted the predictive
power of putatively adaptive SNPs (Spearman rho = -0.37, uncorrected P = 0.03, FDR
corrected P = 0.09). When the number of putatively adaptive SNPs increase, the predictive
power of putatively adaptive SNPs (i.e., the observed minus expected correlation) seems
to converge to zero (Figure 3.10). This might be suggesting that with higher numbers of
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adaptive SNPs, equal-sized adaptive and random numbers of SNPs seem to equally correlate
with genome-wide SNPs (i.e., seem to behave the same).

Figure 3.11: Proportion of putatively adaptive SNPs positively impacts the prioritization
agreement (genome-wide vs. putatively adaptive R) as expected by the part-whole regres-
sion. Each dark green point represents a study (n = 34). The Spearman correlation between
the prioritization agreement and log(proportion of adaptive SNPs) is 0.50 (uncorrected P
= 0.003, FDR corrected P = 0.02).

In regards to the proportion of adaptive SNPs, I observed exactly what I predicted.
Proportion of adaptive SNPs impacted the prioritization agreement (Spearman rho = 0.50,
uncorrected P = 0.003, FDR corrected = 0.02) because putatively adaptive SNPs are a
subset of genome-wide SNPs, so it provides information about the part-whole correlation
(Figure 3.11). However, the proportion of adaptive SNPs did not impact the predictive
power of putatively adaptive SNPs (Spearman rho = -0.17; uncorrected P = 0.35, FDR
corrected P = 0.45).
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Figure 3.12: Method-type used to identify putatively adaptive SNPs seems to impact the
prioritization agreement. One-way anova uncorrected P = 0.02, FDR corrected P = 0.05 (n
= 34).

The method-type (FST vs. non-FST ) used to identify putatively adaptive SNPs im-
pacted the prioritization agreement (one-way anova uncorrected P = 0.02, FDR corrected
= 0.05), with the FST method showing higher correlation between genome-wide and puta-
tively adaptive SNPs than non-FST methods in these 34 studies (Figure 3.11). However, the
method-type did not seem to impact the predictive power of putatively adaptive SNPs (one-
way anova uncorrected P = 0.38, FDR corrected P = 0.45). Interestingly, the proportion of
adaptive SNPs differed significantly between FST vs. non-FST methods (one-way anova P
= 0.0005), but does not impact the number of adaptive SNPs (P = 0.74). Importantly, note
that this result of method type impacting proportion of adaptive SNPs is not generalizable,
as this is based on 34 different studies where each individual study had their own unique
criteria and thresholds and each method decisions may be non-comparable across studies.
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To predict factors driving the prioritization agreement, I performed a beta-regression
to test the impact of proportion of adaptive SNPs, and method type (FST vs. non-FST )
on non-transformed observed Spearman correlation. I found that the log of proportion of
adaptive SNPs (coefficient = 0.33, P = 0.009) is mainly driving the observed correlation
compared to method type (coefficient = -0.21, P = 0.53).

To predict factors driving the predictive power of putatively adaptive SNPs, I used linear
regression to test the impact of study-wide FST and number of adaptive SNPs used on the
observed minus expected correlation. I used anova to test the significance and p values. I
found that both log of number of adaptive SNPs (estimate = -0.06, P = 0.009) and log
of study-wide FST (estimate = -0.05, P = 0.03) significantly drive the predictive power of
putatively adaptive SNPs.

3.4 Discussion

My goal is to contribute to the decades-long unresolved debate on whether prioritization
when using genetics for conservation should focus on the subset of genetic variation that is
adaptive, or whether it is preferable to consider genome-wide genetic variation. Given the
current limitations and challenges in identifying and using adaptive variation for conserva-
tion, genome-wide variation, which is much easier to measure, may act as a surrogate for
adaptive variation (see [71, 102, 157]). Currently, literature provides mixed theoretical and
empirical evidence for congruence [51]. My motivation specifically comes from Fernandez-
Fournier et al., (2021) [86] who asked whether genome-wide and putatively adaptive vari-
ation provide similar population prioritization rankings for conservation in yellow warbler
and lodgepole pine. This study extends Fernandez-Fournier et al., (2021) [86] by examining
the question on a vast array of species and taking a step further into disentangling factors
impacting the relationship between genome-wide and adaptive genetic variation.

Specifically, I aim to answer three conservation questions: Do genome-wide (all) SNPs
and adaptive SNPs provide similar population prioritizations? Do adaptive SNPs behave
like equal-sized samples of random SNPs? How do covariates impact the prioritization agree-
ment and the predictive power of putatively adaptive SNPs? Using the genetic data of 34
species representing a wide range of biodiversity (varying from plants, arthropods, amphib-
ians, birds, fish, and mammals), population structures (from panmictic to subspecies), geo-
graphic regions, life histories, ecological conditions, and all major biomes, I compared popu-
lation distinctness scores within species using genome-wide SNPs, and putatively adaptive,
and random subsets of genome-wide SNPs. I found that genome-wide and putatively adap-
tive subsets of genome-wide SNPs generally agree on conservation prioritization, though
agreement varies among studies (R varies from +0.1 to +1.0) and is mainly driven by the
proportion of adaptive SNPs. Since putatively adaptive SNPs are a subset of genome-wide
SNPs and part-whole correlation might impact the results, I decided to randomly sample an
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equal number of random SNPs as putatively adaptive SNPs via bootstrap (repeated 1000
times). Overall, I found that putatively adaptive subsets of SNPs seem to correlate more
strongly than random subsets of SNPs with genome-wide SNPs, with a modest but not neg-
ligible effect size. This pattern is explained by study-wide FST , and number of putatively
adaptive SNPs.

3.4.1 Explanation and Interpretation of Results

Do genome-wide (all) SNPs and putatively adaptive SNPs provide similar pop-
ulation prioritizations?

I found that the observed Spearman correlation coefficients (i.e., prioritization agreement)
of population distinctiveness scores using genome-wide and adaptive SNPs are all positive,
but they vary a lot (from R +0.14 to +1.00) across studies. Overall, this indicates that
genome-wide SNPs and adaptive SNPs may provide similar distinctness scores for ranked
populations to some extent, however, the extent varies a lot, so should be interpreted and
used with caution.

Do adaptive SNPs behave like equal-sized samples of random SNPs?

This study found that putatively adaptive SNPs subsets may generally show as good or
stronger correlation with genome-wide SNPs, than the random subsets of SNPs do.

As expected, random and genome-wide SNPs correlate with each other probably due to
part-whole correlation and/or because random SNPs are drawn from the same distribution
as genome-wide SNPs. Since the difference between observed and expected correlation is not
zero, this suggests that some properties or specific combinations of putatively adaptive and
random SNPs (same size as putatively adaptive SNPs) may differ leading to differences in
observed and expected correlations. These differences may lead to further downstream dif-
ferences in PCA, NeighborNet, and Shapley Values among putatively adaptive and random
SNPs. Tom Booker suggested investigating allele frequencies differences between adaptive
and random SNPs.

As expected, I observed a statistical difference of adaptive and random median minor
allele frequencies within and across studies, with adaptive allele frequencies being higher
majority of the time. This is likely because adaptive SNPs are influenced by local adaptation
and positive selection, leading them to be highly differentiated compared to non-adaptive
SNPs that are mainly impacted by drift and demography [117, 247].

The hypothesis was that adaptive SNPs minor allele frequencies, if higher, might be
easier to distinguish from noise, and this is why the observed correlation is higher than
the expected correlation (i.e., higher predictive power of putatively adaptive SNPs). The
thought was there is more noise in samples from low frequency alleles generally, and so,
regardless of adaptation, high frequency SNPs will correlate with genome-wide (all) SNPs
more strongly and the putatively adaptive SNPs may show stronger signals consistent with
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genome-wide patterns. While many of the studies examined had higher adaptive minor allele
frequencies and higher observed correlation compared to random, there was no clear link
between the two, perhaps due to noise.

Because alleles involved in local adaptation are generally more differentiated from neu-
tral/random alleles among populations making them easier to detect [178, 25, 138], the idea
was studies with more exaggerated adaptive and random/neutral minor allele frequencies
might be where adaptation has been very strong, so perhaps there are fewer false positives,
contributing to a negative relationship between adaptive minus random allele frequencies
and the predictive power of putatively adaptive SNPs (Figure 3.7). While we do see a very
slightly negative trend (in Figure 3.7), it is clearly not significant.

Maybe both processes are going on and sometimes adaptation is polygenic and other
times, it is not, but our data are too noisy to extract any links from adaptive and random
allele frequency comparison. This might be because of lack of standardization of potential
contributing factors across studies. We have not tested these empirically, but some other
factors that may contribute to noise may include high gene flow among populations pre-
venting differentiation [143] or the presence of high false-positives and false-negatives. High
false-negatives and false-positives might arise due to either overcorrection of neutral popu-
lation structure (or covariance of allele frequencies or demography) or not accounting for it
or when neutral and selection gradients might be aligned with each other [3, 138, 37].

How do covariates impact the prioritization agreement and the predictive power
of putatively adaptive SNPs?

It is extremely important to keep in mind that I analysed a very small sample size of
studies with lots of noise and lack of standardization of factors impacting the prioritization
agreement and the predictive power of putatively adaptive SNPs. The data (used from
already published studies) varies substantially in terms of number of SNPs, individuals, and
populations as well as sequencing/genotyping, filtering, and outlier detection approaches.
Methods are not applied in a similar way across studies, so this prevents me from making
apple-to-apple comparisons. Also, I only have power to detect rather large effects and given
adaptation may mostly be polygenic, this exacerbates difficulties in interpreting results
and patterns. Due to low power, I only analyzed a small number of covariates. I do not
provide any generalizations due to lack of comparability, so based on literature, I set out
expectations for covariates and the data are just suggestive or not of those expectations
given that individual studies applied their own certain criteria, thresholds, and decisions.

I find that the proportion of putatively adaptive SNPs is mainly driving the prioritization
agreement as expected by the part-whole correlation. This part-whole correlation suggests
that since putatively adaptive SNPs are a subset of genome-wide SNPs, these sets of SNPs
may provide similar correlations. This is one of the reasons supporting the consideration of
using genome-wide genetic variation for prioritization when using genetics for conservation.
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Interestingly, some of the covariates may co-vary with each other (see Appendix B Ta-
ble S2). The proportion of putatively adaptive SNPs seem to correlate negatively with the
total number of genome-wide SNPs (Spearman rho = -0.66, P = 3.13e-05). This means
as the number of genome-wide SNPs increase, the proportion of putatively adaptive SNPs
seem to decrease, a consistent result with Ahrens et al., (2018) [3]. One explanation for this
(as suggested by Ahrens et al., (2018) [3]) is polygenic adaptation. In other words, studies
with high numbers of genome-wide SNPs might have many small effect real associations
aiding local adaptation, but this study might not be able to detect them. The proportion
of putatively adaptive SNPs seem to be impacted by the method-type used to identify pu-
tatively adaptive SNPs, being higher for FST compared to non-FST methods (R = -0.57,
P = 0.0005). However, since methods are not applied in a similar way across studies, I do
not make any general inference regarding the relationship between proportion of putatively
adaptive SNPs and the method type. The number of putatively adaptive SNPs is not corre-
lated with the proportion of adaptive SNPs or the method type used to identify them, but
they seem to be correlated with the number of genome-wide SNPs (Spearman rho = 0.57,
P= 0.0004).

It is extremely challenging to account for the impact of neutral population structure,
demography, covariance among alleles due to coancestry among populations, or neutral gra-
dient aligning with selection gradient, or correlations among climatic & geographic distances
with shared population history. There are mixed views in the literature regarding the pref-
erence on accounting for it or not, and if so, how. The methods are not sufficiently resolved
enough to fully account for all these factors and to compare among different studies. Being
conservative in accounting for neutral population structure may result in false-negatives (un-
derestimating selection) and not accounting for it may contribute to false-positives [3, 269].
I have attempted to categorize the studies based on no, mixed, and yes categories in whether
they somewhat accounted for some aspects of the neutral population structure, but due to
small sample size, lack of power, and no standardization of methods applied across studies
or even between different types of analysis used to detect putatively adaptive SNPs within
each study contributing to noise, it is difficult to extract any clear patterns. More work is
definitely needed to examine this further by resolving differences among different methods
and applying methods in similar ways across studies.

Cases where genome-wide and putatively adaptive point in similar direction vs.
in different directions compared to random expectation.

I find that the number of putatively adaptive SNPs and study-wide FST (reflective of
population structure) seems to impact the predictive power of putatively adaptive SNPs.

When the number of putatively adaptive SNPs increase, the predictive power of puta-
tively adaptive SNPs (i.e., the observed minus expected correlation) decreases and seems
to converge to zero (Figure 3.10). This might be suggesting that with higher number of pu-
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tatively adaptive SNPs, equal-sized putatively adaptive and random SNPs seem to equally
correlate with genome-wide SNPs (i.e., seem to behave the same). Given small sample size,
lack of standardization, weighing the pros and cons of each unique conservation situation,
this result might not be generalizable. This result could be due to high number of false-
positives.

As study-wide FST (reflective of population structure) increases, the predictive power
of putatively adaptive SNPs (i.e. observed minus expected R) seems to decrease. Most
studies seem to fall around the middle of study-wide FST axis with the predictive power of
putatively adaptive SNPs ranging from +0.6 to -0.2 (Figure 3.8). In many of these cases,
putatively adaptive SNPs and genome-wide SNPs seem to point in similar directions, so
genome-wide SNPs may act as a surrogate for putatively adaptive variation.

Studies with lower to medium study-wide FST values (i.e., lower to medium population
structure range of examined studies on Figure 3.8) are the cases where putatively adaptive
subsets of genome-wide SNPs may show stronger correlation with genome-wide SNPs than
random subsets of genome-wide SNPs do. In other words, putatively adaptive SNPs may
point in the same direction as genome-wide SNPs compared to and better than random
subsets of genome-wide SNPs. Interestingly, these (low study-wide FST studies) are also
the cases where there seems to be lower variance in population distinctness scores (see Fig-
ure 3.9). In these cases, genome-wide SNPs may act as a surrogate for putatively adaptive
variation as they both strongly correlate. One such example of low study-wide FST (point
on the top very left of Figure 3.8) includes panmictic American eel with frequent random
dispersal and mating across its range contributing to the generational persistence of indi-
viduals with maladaptive alleles, thus making it difficult for local adaptation to develop and
detect [17]. Other examples of cases with low study-wide FST include Homarus americanus
[30] and Thaleichthys pacificus [45] with high gene flow and weak genetic differentiation
among populations where it might be difficult to detect genes involved in local adaptation.
These low to medium study-wide FST might be cases where the identification of true adap-
tive SNPs is akin to finding a needle in a haystack. This will be true to the extent where
adaptation may be highly polygenic such that we are missing many small-effect loci and
also finding many false-positives.

Studies with high study-wide FST (i.e., high population structure range of examined
studies on Figure 3.8) seem to be the cases where genome-wide and putatively adaptive
SNPs do equally well and in many cases the correlation between genome-wide and puta-
tively adaptive SNPs decreases relative to random expectation. In other words, putatively
adaptive subsets of SNPs and genome-wide SNPs may point in different directions com-
pared to random subsets of genome-wide SNPs. Interestingly, these (high study-wide FST

or population structure) might be the cases where population distinctiveness scores vary
considerably (i.e., high variance in Shapley values) (see Figure 3.9). Examples of these cases
show strong local adaptation and high adaptive divergence with phenotypic & genetic dif-
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ferentiation such as the Chimarrichthys fish complex [180], Urocyon littoralis (island fox)
subspecies [101], and Ovis dalli dalli (Dall’s sheep) populations [242]. It might be easier
to identify locally adapted genes in these cases. Though more work is needed, it might
be these high study-wide FST cases find more true adaptive SNPs and less hay (i.e. fewer
false-positives and false-negatives).

Although it is difficult to make general statements, the data suggest that in low-to-
medium population structure cases, investing efforts into conserving as much genetic vari-
ation as possible rather than identifying adaptive variation seems prudent. This is because
in these cases, putatively adaptive and genome-wide SNPs point in a similar direction or
might even show stronger correlation with genome-wide variation than random SNPs and
prioritize similar distinct populations for conservation.

3.4.2 Considerations when identifying adaptive SNPs

Identification of true adaptive loci is akin to finding a needle in a haystack, so the stud-
ies I used would have misidentified and missed many of the true adaptive SNPs. Some of
the reasons include limitations with current outlier differentiation and association analyses
used to detect putatively adaptive loci. Firstly, the current methods might not consider in-
dividual effects of linkage disequilibrium, recombination, or quantifiable fitness effects and
some may be biased towards identifying large effect loci within and near coding regions
[138, 122], so we might have missed many small-effect loci and this might be problematic
given the ubiquity of polygenic adaptation [39, 46, 86, 126, 241, 261, 122, 166]. Secondly,
the signal of locally adapted loci at the population level might be difficult to detect due
to high gene flow introducing non-local alleles that may swamp locally adapted alleles [4]
or loci under past selection decaying its selection signal over time [219, 185, 86]. Thirdly,
current approaches identify loci that are only currently adaptive. This is problematic since
the future is unpredictable as adaptation could happen via new mutations, current stand-
ing genetic variation, or adaptive introgression [283], so it would be risky to rely solely on
current adaptive loci [10, 33, 102, 262]. Fourthly, factors that we are unable to account
for across studies due to lack of apple-to-apple comparison include the consideration of
neutral population structure or different significance thresholds, different methods used or
other methodological decisions made by individual studies might have contributed to false-
negatives and false-positives. For example, there is mixed view in the literature on correction
for neutral population structure and/or demography because consideration of differentia-
tion or spatial structure may obscure identification of patterns at outlier loci leading to
false-negatives and not accounting for neutral population structure or demographic pat-
terns may increase false- positives [3, 66, 92]. Many times it may be difficult to untangle
confounding effects of demographic changes such as contraction or expansion of populations
from selection effects [3]. Further complications arise when assumed demographic history
in simulation models may not match with the true observed neutral patterns in order to
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correct for neutral population structure or demography [183]. Plus, the differences among
methods may not be sufficiently resolved (for example, if one study used 2 latent factors
while another study used 3 latent factors) to do apple-to-apple comparisons across studies
of whether they accounted for neutral population structure or demography. Also, within a
study, some methods used to identify adaptive loci might account for neutral population
structure and/or demography while other methods might not.

3.4.3 Genome-wide variation as a surrogate for adaptive variation

It is crucial to consider a more realistic scenario where current methods in the literature used
to detect adaptive SNPs are not perfect and give rise to false-negatives and false-positives.
This study does not provide a statement on whether genome-wide genetic variation captures
similar patterns as true adaptive genetic variation because of the wide variety of systems and
data used (Tom Booker pers.comm.). This study acknowledges that the data and methods of
ascertainment vary considerably across studies in terms of number of populations, individu-
als, and SNPs as well as sequencing/genotyping approaches, genome regions sampled, bioin-
formatic pipelines, filtering, analysis, and outlier detection (Tom Booker pers.comm.). This
realistic approach is relevant for conservation geneticists and practitioners because identi-
fying true adaptive genetic variation is challenging and the existing methods are extremely
sensitive to sample size, population structure, etc. Because of this it becomes difficult to
justify the blanket use of “adaptive” variation for conservation purposes and this study can
only speak on the methodological and statistical reasons rather than the biological reasons.

Since the results of this study show that genome-wide variation and putatively adaptive
genetic variation agree on population prioritization across such a wide variety of data and
methods, prioritization may also consider genome-wide SNPs. Putatively adaptive SNPs are
a subset of genome-wide SNPs, and the part-whole correlation supports the use of genome-
wide SNPs for conservation. This study also shows that in certain situations (low to medium
study-wide FST ), putatively adaptive SNPs and genome-wide SNPs may show a stronger
correlation compared to random subset of genome-wide SNPs.

There are several theoretical reasons that might explain the agreement among genome-
wide and adaptive SNPs on population prioritization. Adaptation may be highly polygenic
with a large amount of the genome under selection, so strong interconnectedness among
complex genetic architecture might have contributed to the agreement between genome-
wide and putatively adaptive SNPs. Furthermore, genome-wide and adaptive loci may be
subjected to similar evolutionary processes showing similar patterns [157, 204, 225]. For
example, divergent selection regimes and lower gene flow may lead to neutral genomic
divergence as a by-product due to linkage among neutral and non-neutral loci [216, 217,
197, 173].

From an empirical standpoint, our study results agreed with other studies [204, 193, 21,
218, 318, 86] that found that genome-wide (or neutral) and putatively adaptive loci largely

64



provide similar patterns. Empirical evidence for genome-wide and adaptive congruence has
been provided for sage grouse [218], Atlantic salmon [204], coho salmon [318], Eastern Mas-
sasauga rattlesnake (Sistrurus catenatus) [193], hermaphrodite plants [21], yellow warbler
and lodgepole pine [86].

There are additional benefits of considering genome-wide variation as a surrogate for
adaptive variation for conservation in certain situations. First, it is much easier to measure
compared to adaptive variation. Second, loci that are currently neutral may become adaptive
in the future, so conserving as much variation as possible acts as an insurance.

3.4.4 Limitations and Future Directions

Though genetics might play an important role in conservation decision-making, conserva-
tion practitioners would rarely solely utilize genetic information alone to prioritize their
actions. Incorporating the impact of major non-genetic factors involved in conservation
management decision-making such as threat status, risk assessment, and the fluctuation in
population patterns through time in practical prioritization exercises would be useful [86].
While consideration of non-genetic factors is crucial, improvements can also be made to the
genetic metric used to prioritize populations in this study by accounting for both within-and
among-population genetic distinctiveness simultaneously (see Chapter 2), especially when,
in a particular case, it is shown that they tend to be negatively correlated [57, 300]. Many
studies [1, 44, 57, 54, 119, 136, 221, 231, 279, 284, 230, 168, 179] have advocated, developed
or implemented methods to harmonize both within-and among-population genetic distinc-
tiveness aspects for adaptive potential and long-term survival of species (summarized in
[51]).

Potential cases where solely considering among-population distinctiveness and overlook-
ing crucial factors such as within-population distinctness and threat status would be prob-
lematic are when there is only a single trait that is of management/conservation concern
(e.g., run-timing in salmon) or when deciding whether to manage populations separately or
to promote natural or assisted gene flow, especially in small distinct populations where dis-
tinctness may be adaptive or non-adaptive. It is challenging to measure the extent to which
population distinctiveness is driven by local adaptation or genetic drift [86] and these have
serious conservation management implications [181, 220]. While every conservation situation
must be analyzed separately by weighing its costs and benefits, I offer some general consid-
erations. If populations exhibit strong local adaptation and/or outbreeding depression and
they are not in dire situations or at imminent extinction risk, then managing them separately
might be suitable [4, 97]. Examples might include the Halfmoon Hairstreak butterfly [59],
pacific salmonids [298], and Atlantic salmon [171]. However, if small populations’ unique-
ness is largely driven by genetic drift such that their genetic variation is non-adaptive and
maladaptive, then allocating conservation efforts on them might be detrimental for species’
survival [195] as that may promote fragmentation, reduce connectivity and gene flow and
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that might make them vulnerable to stochastic demographic events, inbreeding depression,
and allee effects [14, 51, 141, 291, 300]. In these cases, promoting natural or assisted gene
flow might be beneficial rather than managing populations separately [4, 300, 235]. Another
situation where preserving as much genome-wide genetic variation as possible via encour-
aging gene flow might be suitable is in dire situations where entities might be at imminent
extinction risk [300]. Examples here might include the critically endangered Yellow-tufted
honeyeater (Lichenostomus melanops cassidix) [121, 224], Mountain pygmy possum (Bur-
ramys parvus) [299], and Arabian leopard (Panthera pardus nimr) [6]. So, consideration of
a metric that harmonizes both within- and among- population genetic variation along with
consideration of threat status and extinction risk and then testing the correlation between
population prioritizations using genome-wide SNPs and putatively adaptive SNPs would
seem a fruitful future research endeavour.

Further extension of this study could investigate the geolocation of conservation im-
portant populations. The definition of conservation important populations highly varies on
the context and case to case basis. However, depending on the context and study system,
one potential question is whether high priority populations measured using genetic data are
largely located at the periphery of species’ range or idiosyncratically [14, 86].

Future studies would also benefit from standardization. Firstly, the accessibility of ge-
nomic data in a standardized format such as variant call format (VCF) or 0,1,2,NA SNP
format where the number in each SNP column refers to the minority allele copies and
NA refers to missing data with information on individuals, populations, and geolocation
would greatly benefit the community [51]. Secondly, the identification of putatively adap-
tive SNPs along with the information on the type of analysis or method used to detect it
with comparable (within and across studies) significance thresholds would be advantageous.
The consistency among files on SNP names (for genome-wide, neutral and adaptive) and
incorporating information on SNP positions would be useful. Further standardization on
decisions like missing rate cut-off, agreement on the consideration of neutral population
structure, minimum threshold on number of individuals, populations, genome-wide SNPs,
putatively adaptive SNPs, percent of geographic range coverage would be valuable. Some of
the challenges in reproducibility, interpretation, validation [94], and fair comparison within
and across studies can be solved via standardization of study properties.

3.5 Summary

Identifying populations to prioritize for conservation is a challenge. One potential strategy
is to prioritize populations that are most genetically distinct. Many authors suggest we
should focus on adaptive variation directly when measuring distinctiveness because it is
directly related to selection, function, and thus adaptive capacity. However, there are several
limitations in identifying and using adaptive genetic variation for conservation. Also, if
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adaptation is highly polygenic and finding true adaptive SNPs is like finding a needle in a
haystack, then genome-wide genetic distinctiveness, which is much easier to measure, may be
preferable. We gather genome-wide and putatively adaptive SNPs data from outlier and/or
association studies across 34 species of plants and animals and ask whether putatively
adaptive SNPs identify the same distinctive populations as measures based on genome-wide
SNPs and whether adaptive SNPs behave like equal-sized samples of random subsets of
genome-wide SNPs and what covariates impact these results. We find that genome-wide
and putatively adaptive subsets of genome-wide SNPs agree on population prioritizations
for conservation, though their agreement varies a lot (R varying from +0.14 to +1.00) and
this correlation is impacted by the proportion of putatively adaptive SNPs. We find that
putatively adaptive SNPs do not seem to behave the same as equal-sized random subsets of
genome-wide SNPs. If anything, adaptive SNPs subsets may show stronger correlation with
genome-wide than random SNPs subsets do. This pattern is explained by study-wide FST

and number of putatively adaptive SNPs. The results from this study are directly relevant
to climate change biologists, conservation biologists, and ultimately managers.

3.6 Details of studies included in the analysis

1. Ruegg et al., 2018 [245] and 2021 [244] generated a dataset of willow flycatcher (Em-
pidonax traillii) across its breeding range and wintering locations. After applying 10%
missingness cut-off, the dataset consisted of 105000 genome-wide SNPs, 179 putatively
adaptive SNPs, 144 individuals, and 6 populations. Data is publicly available on GitHub
[https://github.com/eriqande/ruegg-et-al-wifl-genoscapemake-the-genoscape.rmdv] (provided
by original authors of the study).

2. Eimanifar et al., 2018 [77] generated a dataset on western honey bees (Apis mellifera
L.) in the Republic of South Africa. After applying 10% missingness cut-off, the dataset con-
sisted of 2449 genome-wide SNPs, 140 putatively adaptive SNPs, 471 individuals and 29 pop-
ulations. Raw data is available on Dryad Digital Repository[https://doi.org/10.5061/dryad.
98jh446].

3. White et al., 2013 [307] published a dataset on bank vole (Myodes glareolus) in Ireland.
After applying 10% missingness cut-off, there were 4340 genome-wide SNPs, 17 putatively
adaptive SNPs, 241 individuals, and 14 populations. Raw data is available on Dryad Digital
Repository [https://doi.org/10.5061/dryad.fb782].

4. Schweizer et al., 2016 [260] published a dataset on grey wolf (Canis lupus) in Arctic and
High Arctic six distinct ecotypes. After applying 10% missingness cut-off, 13092 genome-
wide SNPs, 34 putatively adaptive SNPs, 106 individuals, and 6 populations. Raw data is
available on Dryad Digital Repository [https://doi.org/10.5061/dryad.8g0s3].

5. Mosca et al., 2016 [208] sampled data on Pinus mugo within Italian Alpine regions.
After applying 10% missingness cut-off, Pinus mugo data consisted of 615 genome-wide
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SNPs, 89 putatively adaptive SNPs, 622 individuals, and 20 populations. Raw data is pub-
lished on Dryad Digital Repository [https://doi.org/10.5061/dryad.tm33d]. This Dryad is
stores data for Mosca et al., 2012 [207] study.

6. Mckown et al., 2014 [194] published data on black cottonwood (Populus trichocarpa)
from its North American range. After applying 10% missingness cut-off, the dataset con-
sisted of 29,535 genome-wide SNPs, 410 putatively adaptive SNPs, 439 individuals, and 25
populations. Population data came from supplementary files of Geraldes et al., 2014 [105].

7. Royer et al., 2016 [243] produced data on Joshua tree species (Y.brevifolia, Y.jaegeriana,
and hybrids) from Tikaboo Valley, Nevada. After applying 10% missingness cut-off, the
dataset consisted of 4603 genome-wide SNPs, 35 putatively adaptive SNPs, 197 individuals
and 6 populations.

8. Christmas et al., 2016 [52] generated data on narrow-leaf hopbush (Dodonaea vis-
cosa spp. angustissima) of Australia. After applying 10% missingness cut-off, the dataset
consisted of 7255 genome-wide SNPs, 59 putatively adaptive SNPs, 87 individuals, and 17
populations. The data was obtained via email and supplementary files. Dr. Christmas and
Dr. Lowe emailed the population data.

9. Benestan et al., 2016 [29] generated data on American lobster (Homarus ameri-
canus) sampled across the North American Atlantic Coast. The dataset consisted of 3395
genome-wide SNPs, 7 putatively adaptive SNPs, 421 individuals and 19 populations af-
ter applying 10% missingness cut-off. Raw data is available on Dryad Digital Repository
[https://doi.org/10.5061/dryad.5vb8v].

10. Roffler et al., 2016 [242] sampled data on Dall’s sheep Ovis dalli dalli in Alaska and
Yukon Territory available publicly on Dryad Digital Repository [https://doi.org/10.5061/
dryad.kk466]. After applying 10% missingness cut-off, the dataset consisted of 187 genome-
wide SNPs, 57 putatively adaptive SNPs, 472 individuals, and 15 populations.

11. Babin et al., 2017 [17] sampled data on the American Eel (Anguilla rostrata) from
Newfoundland to Florida. The authors emailed me their data and with permission we pub-
lish our conversion of their data on Dryad Digital Repository. After applying 10% missing-
ness cut-off, the dataset had 12,098 genome-wide SNPs, 269 putatively adaptive SNPs, 710
individuals, and 13 populations.

12. Guo et al., 2016 [115] published data on Andrew’s toad (Bufo andrewsi) from Tibetan
Plateau’s edge on Dryad Digital Repository [https://doi.org/10.5061/dryad.n70c7]. The
data consisted of 15,577 genome-wide SNPs, 586 putatively adaptive SNPs, 264 individuals,
and 11 populations.

13. De Kort et al., 2014 [69] published data on Black alder (Alnus glutinosa) from
throughout Europe on Dryad Digital Repository [https://doi.org/10.5061/dryad.rg82f]. Af-
ter applying 10% missingness cut-off, the dataset consisted of 1714 genome-wide SNPs, 16
putatively adaptive SNPs, 295 individuals and 23 populations.
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14. Hurel et al., 2021 [149] sampled data on Pinus pinaster in southwestern France. The
raw data files are available on Dryad Digital Repository [https://doi.org/10.5061/dryad.r4xgx
d2df]. After applying 10% missingness cut-off, the dataset consisted of 6074 genome-wide
SNPs, 96 putatively adaptive SNPs, 515 individuals and 33 populations.

15. Depardieu et al., 2021 [70] examined white spruce (Picea glauca [Moench] Voss) data
across Quebec. The data is available on Dryad Digital Repository [https://doi.org/10.5061/
dryad.6rd6f] and on Github [https://github.com/ClaireDepardieu/Genetic_basis_drought].
The dataset consisted of 6153 raw genome-wide data, 359 putatively adaptive SNPs, 1473
individuals, and 43 populations.

16. Chen et al., 2012 [50] sampled data on Norway spruce trees (Picea abies) in Ger-
many, Russia, Finland, and Sweden. The data is available on Dryad Digital Repository
[https://doi.org/10.5061/dryad.82201]. After applying 10% missingness cut-off, the dataset
included 375 genome-wide SNPs, 32 putatively adaptive SNPs, 262 individuals, and 18
populations.

17. Xuereb et al., 2022 [318] published data on Coho salmon (Oncorhynchus kisutch) in
British Columbia on Dryad Digital Repository [https://doi.org/10.5061/dryad.r4xgxd2gx].
I only analyzed Thompson River data for this study. After applying 10% missingness cut-off,
the dataset included 9683 genome-wide SNPs, 119 putatively adaptive SNPs, 836 individ-
uals, and 26 populations.

18. Holliday et al., 2010 [143] sampled data on Sitka spruce (Picea sitchensis) along
the west coast of North America (from Alaska to California). The authors emailed me
their data and granted permission to publish 0,1,2,NA (our version of their data) on the
Dryad Repository. After removing populations with less than 4 individuals, the dataset
incorporated 437 genome-wide SNPs, 35 putatively adaptive SNPs, 407 individuals, and 13
populations.

19. Flanagan et al., 2021 [91] published data on Gulf pipefish (Syngnathus scovelli) of
southeastern USA. The data is publicly available on Dryad Digital Repository [https://doi.org
/10.5061/dryad.12jm63xvh]. After applying 10% missingness cut-off, the dataset contained
2738 genome-wide SNPs, 312 putatively adaptive SNPs, 235 individuals, and 7 populations.

20. Bay et al., 2018 [22] sampled data on yellow warbler (Setophaga petechia) in the
USA, Canada, Central America, and northern South America. The authors emailed us
their data and granted permission to publish the converted version of their data on Dryad.
After applying 10% missingness cut-off, the dataset consisted of 104,385 genome-wide SNPs,
1609 putatively adaptive SNPs, 173 individuals, and 19 populations.

21. Chavez-Galarza et al., 2013 [49] sampled data on Iberian honey bee (Apis mellifera
iberiensis) in the Iberian Peninsula. The data is publicly available on Dryad Digital Repos-
itory [https://doi.org/10.5061/dryad.1kk2k] and Dr.Pinto also emailed me data files and
granted permission to post our conversion of their data files on Dryad. After applying 10%
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missingness cut-off, the dataset contained 434 genome-wide SNPs, 73 putatively adaptive
SNPs, 668 individuals, and 23 populations.

22. Keller et al., 2018 [160] expanded on data from Keller et al., 2012 [161] by sam-
pling across balsam poplar’s (Populus balsamifera L)species range. The dataset is available
on Dryad Digital Repository [https://doi.org/10.5061/dryad.gp78p]. After applying 10%
missingness cut-off, the dataset contained 279 genome-wide SNPs, 124 putatively adaptive
SNPs, 925 individuals, and 83 populations.

23. Funk et al., 2016 [101] published data on island fox (Urocyon littoralis) from Califor-
nia Channel Islands on Dryad Digital Repository [https://doi.org/10.5061/dryad.2kn1v].
After applying 10% missingness cut-off, the dataset contained 2,498 genome-wide SNPs,
176 putatively adaptive SNPs, 103 individuals, and 19 populations.

24. Mosca et al., 2016 [208] sampled data on Pinus cembra within Italian Alpine regions.
After applying 10% missingness cut-off, Pinus cembra data consisted of 443 genome-wide
SNPs, 85 putatively adaptive SNPs, 662 individuals, and 18 populations. Raw data is pub-
lished on Dryad Digital Repository [https://doi.org/10.5061/dryad.tm33d]. This Dryad is
stores data for Mosca et al., 2012 [207] study.

25. Candy et al., 2015 [45] published data on anadromous Pacific smelt (Thaleichthys
pacificus, Osmeridae) on Dryad Digital Repository [https://doi.org/10.5061/dryad.1797v].
After applying 10% missingness cut-off, the dataset contained 3725 genome-wide SNPs, 157
putatively adaptive SNPs, 441 individuals, and 11 populations.

26. Dallaire et al., 2021 [66] sampled neutral and putatively adaptive data on anadromous
Arctic Char (Salvelinus alpinus) across Nunavik, southern Baffin Island, and Labrador. Dr.
Dallaire emailed me genome-wide SNPs, putatively adaptive SNPs, and population data
and granted permission to publish our converted version of their dataset on dryad. After
applying 10% missingness cut-off, the dataset comprised of 13,596 genome-wide SNPs, 732
putatively adaptive SNPs, 545 individuals, and 23 populations.

27. Hess et al., 2013 [134] published data on Pacific lamprey (Entosphenus tridenta-
tus) on Dryad Digital Repository [https://doi.org/10.5061/dryad.nd853]. After applying
10% missingness cut-off, the dataset comprised of 4,439 genome-wide SNPs, 164 putatively
adaptive SNPs, 513 individuals, 21 populations.

28. Milano et al., 2014 [198] published data on European hake populations (Merluccius
merliccius) sampled from the Atlantic and Mediterranean on Dryad Digital Repository
[https://doi.org/10.5061/dryad.7bn22]. After applying 10% missingness cut-off, the dataset
comprised of 380 genome-wide SNP data, 30 putatively adaptive SNPs, 849 individuals, 19
populations.

29. Swaegers et al., 2015 [278] collected data on damselfly Coenagrion scitulum. The
data is available on Dryad [https://doi.org/10.5061/dryad.n0hk7] and Dr. Swaegers also
emailed us the data. After applying 10% missingness cut-off, the dataset consisted of 3470
genome-wide SNPs, 566 putatively adaptive SNPs, 161 individuals, and 10 populations.
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30. Moore et al., 2014 [204] published data on anadromous Atlantic Salmon (salmo salar)
covering the entire North American range. The data is available on Dryad [ https://doi.org/
10.5061/dryad.sb601]. After applying 10% missingness cut-off, the dataset included 3192
genome-wide SNPs, 374 putatively adaptive SNPs, 1079 individuals, 50 populations.

31. Mahony et al., 2020 [190] published data on lodgepole pine (Pinus contorta) sampled
across western Canada on Dryad [https://doi.org/10.5061/dryad.56j8vq8]. I used a subset
of 22 populations and a list of putatively adaptive SNPs from Fernandez Fournier et al.,
2021 analysis [86][https://github.com/philippeff/PopulationPrioritization]. After applying
10% missingness cut-off, the dataset included 26431 genome-wide SNPs, 460 putatively
adaptive SNPs, 243 individuals, and 22 populations.

32. He et al., 2016 [127] generated data on Banksia attenuata (Proteaceae) from south-
western Australia. Dr. He kindly emailed me the datasets and granted permission to publish
our converted version of their dataset on Dryad. The dataset included 5701 genome-wide
SNPs, 1049 putatively adaptive SNPs, 80 individuals, 9 populations.

33. Li et al., 2021 [180] sampled data on Chimarrichthys fish complex, (C. davidi, C.
kishinouyei, C. longibarbatus) found in the Hengduan Mountain Region of China. They
collected fish from Jinsha River, Qingyi River, Dadu River and Yalong River. Dr.Peng
emailed me the data and kindly provided permission to publish our converted version of
their datasets on Dryad. After applying 10% missingness cut-off, the dataset contained 5834
genome-wide SNPs, 258 putatively adaptive SNPs, 183 individuals, and 9 populations.

34. Cullingham et al., 2014 [65] used data on lodgepole pine (Pinus contorta var. latifolia)
and jack pine (Pinus banksiana) and their interspecific hybrids described in Cullingham
et al., 2013 [64]. Dr. Cullingham kindly emailed me the data and granted permission to
publish our converted conversion of their datasets on Dryad. I only used Jackpine data.
After applying 10% missingness cut-off, the dataset contained 361 genome-wide SNPs, 25
putatively adaptive SNPs, 100 individuals, and 4 populations. Since two populations had
the exact same Shapley Value (during data analysis), I used 3 populations for this. I got
the same results using 3 and 4 populations.
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Chapter 4

Conclusions and Future Directions

4.1 Summary and Conclusions

My main goal is to contribute to the discussion of how to prioritize populations within
species for conservation as it is crucial for the maintenance of adaptive potential of species
and populations.

Chapter 2 is a literature review providing a detailed overview of the core concepts in
conservation genetics and summarizing considerations applicable to the conservation of pop-
ulations using genomic SNP data. Chapter 2 suggests that the conservation of intraspecific
genetic diversity is guided by the distribution of genetic variation across the geographic
space (i.e. spatial structure) and across the genome (i.e. genomic structure). The spatial
structure consists of within-and among-population genetic variation whereas the genomic
structure consists of genome-wide genetic variation and a subset of that variation that is
currently putatively adaptive. There are two main key conclusions from Chapter 2. The
first main conclusion is that it is important to consider and harmonize both within-and
among-population genetic variation when prioritizing populations as solely focusing on one
component may carry risks. The second conclusion is that mixed literature evidence exists
regarding the unresolved debate of whether population prioritization should focus solely
on adaptive genetic variation or whether it is preferable to consider genome-wide genetic
variation.

Chapter 3 links one aspect of the spatial structure (among-population genetic varia-
tion component) to the genomic structure of genetic variation. I ask whether genome-wide
genetic variation and putatively adaptive genetic variation identify the same set of dis-
tinct populations within species and provide empirical support by investigating 34 plant
and animal species. Many authors advocate focusing solely on adaptive genetic variation,
however, there are many technical and conceptual challenges in identifying and using adap-
tive genetic variation for conservation. So, if genome-wide genetic variation, which is much
easier to measure, can act as a surrogate for adaptive genetic variation, then it will be a
sound and cost-effective strategy for population prioritization for conservation. We find that
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genome-wide genetic variation and putatively adaptive genetic variation agree generally, but
variably (R varying from +0.14 to +1.00) on population prioritizations across 34 species.
As expected, the proportion of putatively adaptive SNPs impacts the prioritization agree-
ment among genome-wide and putatively adaptive SNPs. When compared to equal-sized
random subsets of genome-wide SNPs, we find that putatively adaptive SNPs do as well or
show higher correlation with genome-wide SNPs. This is impacted by study-wide FST and
the number of putatively adaptive SNPs. Overall, the conclusion is genome-wide genetic
variation seems like a sound strategy to use for population prioritization and to protect
intraspecific genetic variation for conservation.

Based on the conclusion from Chapter 3, it seems that practitioners can consider using
genome-wide genetic variation when using genetics for conservation. However, much more
work is needed to be done in the area. A small sample size of 34 species in this study limits
the ability to interpret some important patterns and greatly influences the power. Also,
data and methods of ascertainment vary to a large degree across studies. While in some
aspects, data varying considerably across studies acts as a strength because it represents a
more realistic scenario where identifying true adaptive variation is challenging and provides
evidence that despite such high variance, genome-wide genetic variation and putatively
adaptive genetic variation identify similar populations as distinct. In other aspects, it acts
as a weakness when assessing the biology of a wide variety of systems because it prevents
fair comparisons among studies. Chapter 3 could greatly be improved by using a greater
sample size and standardizing each of the study properties to make fair comparisons.

4.2 Future Research

The investigation on how to maintain intraspecific diversity for conservation using SNP
genomic data is a promising area of research and can be extended out in various directions,
depending on the specific perspective and focus area one chooses. More research is needed
in the area of local adaptation, conservation management, and the development of new
metrics to prioritize populations.

In this section, I focus on two main future research recommendations based on the
findings from Chapter 2 and 3.

First, while we can probe the genome of many species, reproducibility and validation
is still a problem and lack of raw genetic data in a standardized format is a key factor
contributing to the issue. This can be resolved if raw genetic data can be made publicly
available in one agreed upon format along with information attaching each individual to
its geolocation and population. Also, availability of putatively adaptive SNPs along with
specific methods and comparable significance thresholds used to identify them would be
useful. Further agreements on data processing decisions such as on missing rate cut-off,
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accounting for neutral population structure, or determining minimum thresholds for marker
numbers would be useful.

Second, it is crucial to consider and harmonize both components of the spatial structure,
within- and among-population genetic variation, along with the threat status of populations
and species when prioritizing populations for conservation. In Chapter 3, I only consider the
among-population genetic variation component by focusing on populations’ distinctiveness
using Shapley Value. However, as outlined in Chapter 2, small populations could become
distinct due to drift, such that their unique genetic variation is non-adaptive. In such cases,
allocating conservation efforts on these populations can be detrimental for species’ survival
as we might be conserving maladaptive alleles that are not useful for present or future
adaptation. So, to maintain the genetic variation required for current and future adaptation,
it is crucial to consider both within-and among-population genetic variation along with
populations’ threat status.
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Appendix A

Details on accounting for neutral
population structure or false
positives

This file contains information on whether the type of analysis used to detect putatively
adaptive SNPs accounted for neutral population structure or impact of population demog-
raphy or contributed to reduction in high false-positives. I categorized the type of analysis
into three groups: no (indicated by 0), yes (indicated by 1), and depends (indicated by
2). I provided a reference for each categorization. This is a csv file named "Table S1. De-
tails_on_accounting_for_neutral_population_structure_or_false_positives_file.csv".
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Appendix B

Correlation among six covariates

Table S2 provides the correlation among all six covariates. Some covariates co-vary and
show high correlation such as the proportion of putatively adaptive SNPs, method-type,
and number of genome-wide SNPs.
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Appendix C

Details on 34 studies

This file contains information on 26 variables for 34 studies and is used as the input file for
’Appendix D’ R code file. Some variables included in this file are organism examined, its
classification based on taxa, number of individuals, populations, genome-wide SNPs, puta-
tively adaptive SNPs, and proportion of putatively adaptive SNPs along with information
on the type of sequencing used for genome-wide SNPs and method used to identify puta-
tively adaptive SNPs. Information on the observed and expected Spearman correlation as
well as study-wide FST and allele frequencies is provided. The name of the file is "Details
of 34 studies.csv".
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Appendix D

R code file for figures, tables, and
statistical analysis

This script contains the code for all figures and tables as well as meta statistical analysis
performed on the data. The file name is "main_overall_analysis.R".
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Appendix E

Data and scripts for each study

The data and R scripts for each study is available on Dryad [https://doi.org/10.5061/dryad.nvx0k6f1j].
It is titled "Data from: Does genome-wide variation and putatively adaptive variation iden-
tify the same set of distinct populations?". All details are in read.me file.
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