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ABSTRACT

Species ranges are frequently constrained by local adaptation near their boundaries. Yet, range
expansions typically occur along continuous environmental gradients, where conditions change
gradually without abrupt transitions. This general observation raises a fundamental question: how
do limitations to local adaptation and range expansion arise when abrupt transitions are absent? In
this dissertation, I used the wildflower Campanula americana to explore how environmental
gradients of differing steepness interact with microevolutionary factors, like genetic drift and
natural selection, to influence local adaptation and range expansion. I investigated these patterns
using natural populations of C. americana found along a steep environmental gradient, driven by
elevation in the Appalachian Mountains, and along a shallow environmental gradient, driven by
latitude, in the North American Midwest. In Chapter 1, I tested patterns of local adaptation by
planting common gardens and modeling adaptive genetic differentiation over the steep elevational
and shallow latitudinal gradient. I found that local adaptation is limited along both gradients,
though patterns of fitness differ among gradients. Along the steep gradient, fitness in range-edge
populations is poor, while fitness is generally high among populations along the shallow gradient.
In Chapter 2, I explored patterns of phenotypic and genetic selection along gradients. I found that
differences in the strength and direction of selection on reproductive phenology were strong along
the steep gradient. Additionally, adaptive alleles shifted in frequency more slowly along the
shallower latitudinal gradient than along the steep elevational gradient. In Chapter 3, I evaluated
genetic load and found it tended to increase toward range limits. Furthermore, along a shallow
environmental gradient, fitness costs associated with genetic load were increased in stressful
environments. In Chapter 4, I investigated patterns of gene flow and drivers of genetic

differentiation along each gradient. I found asymmetric gene flow along the steep environmental



gradient and strong signatures of isolation-by-distance. Along the shallow environmental gradient,
gene flow among populations was symmetric and genetic differentiation among populations was
not associated with either geographic (i.e., drift) or environment distance (i.e., selection). Along
both gradients, effective population size declined toward range limits. Together, these results paint
a picture of ecological specialization and local adaptation constrained by genetic drift and gene
flow along steep environmental gradients; and ecological generalization along a shallow
environmental gradient, where further range expansion is likely constrained by interactions of
genetic drift and environmental stress. Finally, in Chapter 5, I assessed how dynamics of
postglacial range expansion influence outcomes of contact between intraspecific lineages. I found
that all contact zones arose under a model of lineage divergence in parapatry, but gene flow was
significantly greater in a southern contact zone near the species’ rear edge. At the northern and
mid-latitude contact zones, gene flow was minimal and strongly asymmetric. These results suggest
that historic range dynamics can strongly influence outcomes of contact across a species range.
Together, my dissertation presents a cohesive narrative demonstrating how the rate of
environmental change along gradients influences patterns of genetic drift and natural selection. In
turn, these patterns shape interactions among populations, influencing local adaptation, range

expansion, and speciation potential.
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INTRODUCTION

Range limits often reflect limits to the species’ fundamental niche, particularly where
environments change rapidly in space (Hargreaves et al. 2014). Where range limits coincide with
niche limits, range expansion requires adaptation to novel habitat beyond the current range. Yet,
species ranges often exist along continuums of environmental conditions, i.e., environmental
gradients, and climate variables which predict species range limits do not necessarily exhibit
discrete cutoffs near range limits. Because of this, theoretical models and empirical studies have
frequently queried whether continuous environmental variation can produce static range limits,
and how the steepness of the environmental gradients can affect this dynamic. While numerous
studies have explored patterns of local adaptation along environmental gradients of differing
steepness (Hargreaves et al. 2014), few empirical tests exist that robustly assess how
environmental gradients interact with the microevolutionary and genomic landscapes to produce
different patterns of adaptation along gradients of varying steepness. In my dissertation, I aimed
to evaluate how the steepness of environmental gradients and microevolutionary pressures, namely
selection, gene flow, and genetic drift, interact to constrain or promote adaptation near range limits.
I explored these relationships using two extremes of environmental gradients—a shallow
environmental gradient following latitude, and a steep environmental gradient following elevation
in the Appalachian Mountains. In this introduction, I provide brief background and methodological
context to the overarching research program, including discussion of my research aims and their

significance. Finally, results across chapters are synthesized and discussed together.



BACKGROUND
Local adaptation is less frequent than commonly assumed (Leimu and Fischer 2008), raising
questions about what factors may facilitate or constrain its development. Theoretical models posit
that adaptation may break down in populations along steep environmental gradients, where
environmental conditions change rapidly over space, and near range edges because of
interpopulation connectivity and the relative strength of selection and genetic drift (Polechové and
Barton 2015; Polechova 2018). At least one large meta-analysis has found that local adaptation
tends to constrain range expansion and fitness along steep elevational environmental gradients,
with local adaptation breaking down near range limits, while dispersal ability tends to constrain
range expansion along shallower latitudinal environmental gradients (Hargreaves et al. 2014). the
strength and direction of selection between populations increases, genetic variance in locally
adapted loci is reduced (Christiansen 1974; Polechovd and Barton 2015), enabling adaptive
differentiation among populations along steep environmental gradients, even when well-
connected. Empirical studies have demonstrated that genetic diversity and effective population
size can also be sharply reduced by strong selection (Falk et al. 2012; Oakley 2013). These effects
are often compounded by losses in genetic diversity associated with serial founder effects during
range expansion (Slatkin and Excoffier 2012; Willi et al. 2018; Willi and Van Buskirk 2019; Perrier
et al. 2022). In turn, these reductions are expected to degrade adaptive potential and expose
populations colonizing range limits along steep environmental gradients near range limits to strong
genetic drift.

In contrast to range expansion along steep environmental gradients, expansion along
shallow gradients can occur rapidly, resulting in strong signatures of genetic drift in the direction

of range expansion (Willi et al. 2018; Koski et al. 2019b). Serial founder effects associated with



rapid range expansion can lead to the gradual fixation and accumulation of unconditionally
deleterious genetic load (Excoffier et al. 2009; Slatkin and Excoffier 2012; Willi 2013). Greater
genetic load associated with range expansion can restrict population growth rates and reduce
population fitness (Willi et al. 2018), impeding local response to selection and potentially
curtailing further expansion. Importantly, environmental conditions can modify fitness
consequences of genetic load (Parsons 1971; Perrier et al. 2020). If genetic load reduces fitness in
stressful environments, then it may limit expansion into ecologically marginal habitat. Yet, most
empirical tests that have found significant relationships between the expression of load and
environment have tested only singular environmental variables, like temperature stress (Parsons
1959). Studies explicitly testing sensu lato environmental conditions have found much weaker
relationships (Perrier et al. 2022), calling into question whether differences in the expression of
load dependent on environmental conditions is relevant for populations.

Gene flow along the gradient can ameliorate signatures of genetic load and potentially
increase local adaptation in ecologically marginal populations. In theoretical work, modest levels
of gene flow among populations has been shown to enhance local adaptation (Alleaume-Benharira
etal. 2006). Similar theoretical models further indicate that differences in the strength and direction
of selection among populations are often weak along shallow gradients, reducing costs associated
with dispersal and gene flow along the gradient (Polechové and Barton 2015). Consequently, local
adaptation may be impeded along shallow environmental gradients where selection is too weak to
filter maladaptive alleles imported via gene flow (Spichtig and Kawecki 2004; Tusso et al. 2021).
Under these conditions, the evolution of generalist phenotypes may be favored, allowing rapid
range expansion constrained by dispersal. However, empirical tests of these predictions are largely

lacking (but see: Tusso et al. 2021).



When range expansion along environmental gradients is seeded by multiple refugia or
ancestral lineages, populations near range limits may come into contact with other closely related
but genetically differentiated lineages. Where enough genetic change has occurred to create
reproductive isolation, contact between lineages may produce fitness costs associated with
hybridization, reinforcing nascent divergence and driving speciation (Butlin and Smadja 2018).
However, differences in the accumulation of reproductive isolation among lineages and geographic
regions may produce variable outcomes of contact (Cutter 2015; Mandeville et al. 2015),
especially when lineages have complex histories of paleoclimatic range dynamics (Hewitt 2011).
For example, during postglacial range expansion, populations near leading range edges often
experience substantial genetic drift induced via serial founder effects (Slatkin and Excoffier 2012;
Willi et al. 2018; Koski et al. 2019b). Theory suggests that genetic drift associated with founder
effects can positively interact with selection during range expansion to enhance adaptive
differentiation and facilitate speciation (Templeton 2008). On the other hand, populations near
relictual rear edges may harbor extensive genetic diversity among populations due to increased
isolation and habitat fragmentation (Hampe and Petit 2005). Thus, the evolutionary history of
lineages may play an important role in determining whether contact between divergent lineages

degrades or reinforces genetic differentiation.

STUDY SYSTEM

Campanula americana is a monocarpic tetraploid wildflower native to North America. C.
americana is generally outcrossing and insect-pollinated (Galloway et al. 2003; Koski et al.
2019a). In fall adult plants senesce, fruits dehisce, and seeds germinate into small rosettes. Rosettes

overwinter, then bolt in spring. Where present, C. americana is often locally abundant, forming



patchy population distributions (unpublished field observations). Previous work has identified

three primary genetic lineages (Barnard-Kubow et al. 2015), though most of the work discussed

here is limited to the two larger lineages: the Appalachian lineage and the Western lineage.

The Appalachian and Western lineages are
genetically distinct, having both nuclear-nuclear and
cytonuclear reproductive  barriers  inhibiting
introgression (Barnard-Kubow et al. 2015, 2017;
Debban 2019). During the last glacial maximum, the
Appalachian lineage likely resided in multiple
microrefugia scattered throughout the Appalachian
Mountains (Barnard-Kubow et al. 2015). After the
last glacial maximum, the Appalachian lineage
expanded toward contemporary elevational range
limits within the Appalachian Mountains along a

steep elevational environmental gradient (Fig. 1;

500m — 1400m).
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Figure (1) Environmental gradients along
elevations and latitudes by lineage (adapted
from Chapter 1). The steepness of
environmental gradients is defined as the
difference in environmental conditions,
measured in Euclidean PCA space, divided
by the geographic distance among
populations.

The Western lineage likely weathered the last glacial maximum in both southerly refugia

near the Gulf of Mexico (Barnard-Kubow et al. 2015), and in a mid-latitude refugium near

Kentucky (Koski et al. 2019b). The Western lineage expanded toward northern latitudinal range

limits from the mid-latitude refugium (Prior et al. 2020), spanning a wide breadth of latitude along

a shallow latitudinal environmental gradient (Fig. 1; 38°N-45°N). The Western lineage also

expanded along an elevational gradient in the Great Smokey Mountains from relictual southern

habitat (Fig. 1; 200m — 1400m; Barnard-Kubow et al. 2015). The Western lineage has accumulated



significant genetic load during its latitudinal range expansion toward the Upper Midwest (Koski
et al. 2019b). In contrast to the Western latitudinal range, little is known about patterns of
expansion and adaptation along the elevational gradient in the Appalachian lineage, though

reproductive phenology is known to differ across elevations (Haggerty and Galloway 2011).

AIMS AND SIGNIFICANCE

My dissertation work deepens our understanding of how the dynamics between microevolutionary
processes and environments dictate patterns of adaptation during range expansions. Specifically,
my dissertation addresses the questions: (1) what patterns of local adaptation are present along
environmental gradients of differing steepness? (2) what patterns of selection drive local
adaptation across these environmental gradients? (3) how is the accumulation of genetic load along
environmental gradients influenced by range expansion and what effects does it have on fitness?
(4) how does gene flow affect dynamics of selection and drift along environmental gradients? And
finally, (5) how have range dynamics shaped intraspecific divergence among lineages? I address
these questions using populations distributed along two extremes of environmental gradients—a
shallow environmental gradient along latitude, and a steep environmental gradient along elevation
in the Appalachian Mountains. These gradients are concurrent with the direction of postglacial
range expansion in each region, allowing direct comparisons between microevolutionary pressures

and environment, and how they influence patterns of local adaptation and range expansion.



Chapters

In Chapter 1, I evaluated patterns of local adaptation in C. americana along a steep
elevational environmental gradient and a shallower latitudinal environmental gradient at the level
of the phenotype, the genotype, and fitness. At the level of the phenotype, I found frost resistance
was countergradient with environmental variance along the latitudinal gradient, while cold
tolerance was co-gradient. Neither differed across elevations. At the level of the genotype, adaptive
genotypic differentiation was found along the latitudinal gradient and plateaued toward range
limits, but adaptive differentiation was not associated with elevational environmental gradients.
Finally, data from 13 common gardens in replicate transects found minimal local adaptation with
generally high fitness across the latitudinal gradient, except for range-edge populations planted in
range edge common gardens. High elevation range-edge populations performed better at their
home sites but were less fit than range-core populations across the entire elevational gradient,
suggesting modest local adaptation exists across the elevational gradient.

Across all tests, I found local adaptation was infrequent along both environmental
gradients, while differences in fitness among populations were more common along the steep
elevational gradient. Along the shallow latitudinal environmental gradient, the absence of local
adaptation, yet strong overall population fitness suggests the evolution of generalist phenotypes
which perform well across environmental conditions. Generalist strategies may be favored along
shallow environmental gradients if selection against gene flow is weak and the costs of dispersal
along the environmental gradient are low (Spichtig and Kawecki 2004; Tusso et al. 2021).
Interestingly, range-edge populations had equal fitness to populations near the range core,
suggesting that poor fitness in range-edge common gardens reflects conditional fitness associated

with other factors, like genetic drift. Along the steep elevational environmental gradients, weak



patterns of home vs. away local adaptation suggest that specialist adaptive strategies may be
favored. However, poor fitness of populations near elevational range limits suggests that range-
edge populations have likely experienced strong genetic drift. Together, these findings suggest that
adaptive potential is limited near range edges, regardless of the steepness of the environmental
gradient. Further, these findings demonstrate how interactions of range expansion and gene flow
can affect patterns of adaptation (i.e., specialist or generalist) depending on the steepness of
environmental gradients.

In Chapter 2, I explored selection underlying local adaptation to climate. First, I explored
phenotypic selection on reproductive phenology and functional traits along a steep environmental
gradient. I found that selection on reproductive phenology differed in strength and direction among
populations from differing elevations, favoring earlier flowering in low elevation populations and
later flowering in high elevation populations. Strength and direction of selection on functional
traits did not differ among elevations. Next, I explored genomic patterns of selection. I found that
loci underlying climate adaptation were driven to fixation along steep environmental gradients,
while intermediate frequencies of adaptive alleles were more frequent along shallow
environmental gradients. Fixation of adaptive loci along steep gradients suggests strong selection
for climate adaptation and against gene flow from other populations along the gradient. These
patterns suggest that strong differential selection exists along the steep elevational gradient, though
only weak patterns of local adaptation were found in common garden tests (Chapter 1). Along the
shallow latitudinal gradient, weaker selection for adaptive genetic differentiation accords with
findings of minimal local adaptation.

In Chapter 3, I investigated patterns of genetic load across latitudinal and elevational

gradients near range limits, and whether the fitness effects of genetic load depend on



environmental conditions. To do this, I first generated estimates of heterosis using hybrids between
populations, I then estimated environmental displacement and site suitability to determine the
habitat suitability of common garden locations. I found that lifetime genetic load, measured via
heterosis, was marginally associated with range position along the shallow latitudinal gradient and
non-significant along the steeper elevational gradient. Along the shallow latitudinal environmental
gradient, fitness costs of genetic load were greater in stressful environments than in less stressful
environments. These data suggest that genetic load may impede fitness of populations expanding
into novel, ecologically marginal habitat, potentially halting range expansion.

In Chapter 4, I evaluated potential mechanisms of genetic differentiation along
environmental gradients. In particular, I explored microevolutionary drivers of genetic
differentiation along each gradient and analyzed how effective population size and the
directionality of migration change with proximity to range limits. To investigate these questions, I
performed isolation-by-distance and isolation-by-environment tests using genetic data, then
modeled evolutionary history of populations along each gradient. Along both environmental
gradients, genetic differentiation showed weak isolation-by-distance. Along the shallow latitudinal
gradient, effective population size did not differ among populations, nor was migration
significantly asymmetric. In contrast, effective population size was smaller near range limits along
the steep environmental gradient, and migration was consistently asymmetric, with more migration
coming from the range core toward the range edge than vice versa. Such patterns accord with
strong signatures of genetic load along the gradient (Chapter 3) and suggest source-sink dynamics
near range limits.

In Chapter 5, I analyzed patterns of demographic and range expansion history in the

contexts of lineage divergence in Campanula americana. To do so, I used genomic SNPs to



evaluate population structure, simulate demographic history of divergence and migration under
different models of between-lineage contact, and estimated contemporary patterns of gene flow.
Contemporary gene flow between lineages is high, and historically migration was symmetric in a
southern rear-edge contact zone. In a northern leading-edge contact zone and a separate mid-range
contact zone in Virginia, contemporary gene flow is low, and historic patterns of migration are
strongly asymmetric. At these contact zones, migration asymmetries matched the direction of a
known cytonuclear incompatibility (Barnard-Kubow et al. 2016), which favors introgression from
Western and Eastern populations into Appalachian, but not vice versa. These patterns suggest that
range expansions may help accelerate the evolution and fixation of barrier loci underlying
reproductive isolation, such that reinforcement may be much more likely to occur near leading

range edges than trailing range edges.

SYNTHESIS & IMPLICATIONS

Together, my dissertation research yields original insights into adaptation along environmental
gradients and contributes empirical perspective and grounding to an extensive body of theory.
Along steep environmental gradients, asymmetric gene flow and strong divergent selection is
degrading fitness in populations near elevational range limits (Chapters 1, 2, 4). In turn, effective
population size is reduced within range-edge populations and genetic load increases (Chapters 3,
4). Reductions in effective population size can impede further adaptive genetic differentiation,
hampering additional range expansion and reducing the adaptive potential of range-edge
populations to weather environmental disturbance or displacement. This accords with predictions
from theoretical models of limited local adaptation along steep environmental gradients

(Polechova and Barton 2015; Gilbert et al. 2017; Polechova 2018; Bridle et al. 2019), and suggests
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that differences in effective population size may explain variation in empirical support of
maladaptive gene flow weakening local adaptation along steep environmental gradients (Bridle et
al. 2009; Halbritter et al. 2015; Sexton et al. 2016; Zhang et al. 2019; Bachmann et al. 2020; Kottler
etal. 2021).

Adaptation also appears to be limited along the shallower latitudinal gradient due to gene
flow (Chapter 1). Instead, generalist adaptation may be favored over local adaptation due to low
fitness costs associated with dispersal along the gradient (Chapter 1). Rather, accumulation of
genetic load near range limits results in reduced fitness associated with environmental stress
(Chapter 3). This finding was unique to the latitudinal gradient, suggesting that fitness
consequences of genetic load may be integral to understanding when and where range expansion
and local adaptation are likely to occur along shallow environmental gradients.

Together, these results provide a cohesive theory of range expansion along the latitudinal
and elevational gradients of Campanula americana. More generally, these results also provide
empirical backing for theoretical predictions of maladaptive gene flow and genetic load
constraining local adaptation along environmental gradients, while helping to explain why findings
of local adaptation have been less common than expected in empirical studies (Leimu and Fischer

2008).
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CHAPTER 1:
Local adaptation limits fitness along steeper elevational gradients more strongly than

shallower latitudinal ones.
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ABSTRACT

How patterns of adaptation along environmental gradients relate to range expansion and whether
they depend on the steepness of the gradient remains under studied. I characterize adaptation at
the level of phenotype, genotype, and fitness along a steep elevational environmental gradient and
a shallow latitudinal environmental gradient. I found no evidence of adaptive phenotypic
differentiation along the steep elevational gradient. Populations from elevational range limits were
generally unfit compared to range core populations across environments though they performed
better at home garden sites than away, suggesting modest local adaptation. Adaptive genetic
differentiation among populations was present, though varied strongly among transects. In
contrast, along the shallow latitudinal environmental gradient, there was countergradient variation
associated with frost resistance and modest adaptive genetic differentiation that leveled off near
range edges. Common garden tests indicated that populations along the latitudinal gradient were
not strongly locally adapted, and their fitness did not differ except near range limits, suggesting
ecological generalization. My results suggest that adaptation along the steep elevational gradient
is limited by maladaptive gene flow and genetic drift. Whereas along the latitudinal gradient,
fitness losses near range limits were environment-dependent and absent when plants were grown
in more southern, less stressful environments. Together, my results suggest that evolutionary
potential near range limits may be strongly limited by postglacial range expansion and dynamics
of genetic drift. As climate change pushes ideal environmental conditions northward, populations
near contemporary range limits may be increasingly taxed, curtailing range expansion near leading

range edges.
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INTRODUCTION

Species ranges are frequently constrained by ecological niche limits near range edges (Hargreaves
et al. 2014), requiring local adaptation to novel environmental conditions before further range
expansion can occur. Yet, range expansions frequently occur along environmental gradients, where
environments change gradually in space. These do not impose strict environmental boundaries at
range limits. Whether adaptation is constrained near range edges along environmental gradients
likely depends on the rate of environmental change in space (Hargreaves et al. 2014; Polechova
and Barton 2015; Gilbert et al. 2017; Bachmann et al. 2020). Where environmental gradients are
steepest, theory predicts that the fitness cost of dispersal to novel habitat is greater (Polechova and
Barton 2015). Increased costs of dispersal and fitness tradeoffs associated with local adaptation
may indicate greater potential for maladaptive gene flow among populations along the gradient
(Gilbert et al. 2017; Bachmann et al. 2020). Consequently, adaptation and fitness may be weakened
by connectivity among populations along steep environmental gradients, like elevation. I examined
these predictions by investigating post-glacial range expansion along a latitudinal and elevational
gradient in the wildflower, Campanula americana. 1 determined how environmental gradients of
differing steepness influence the evolution of local adaptation at multiple levels of biological
organization (phenotypes, genotypes, and population fitness), and evaluated the degree of adaptive
genetic differentiation along each gradient.

Theoretical models posit that local adaptation can be constrained by the steepness of the
environmental gradient (Polechova and Barton 2015; Gilbert et al. 2017; Bridle et al. 2019). Yet,
experimental evidence of local adaptation impeded by steep environmental gradients is mixed.
Work in Plantago lanceolata found stronger signals of local adaptation at high elevation sites than

high latitude sites (Halbritter et al. 2015), while work in Populus trichocarpa found strong
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evidence of climate adaptation near elevational and latitudinal range limits (Zhang et al. 2019). In
contrast, a large meta-analysis of transplant experiments found that latitudinal range limits are
more constrained by dispersal limitations, while elevational range limits are more constrained by
local adaptation (Hargreaves et al. 2014). Exploring how adaptation varies along and across
environmental gradients can provide insight into how limitations of adaptation develop near range
limits.

Local adaptation along environmental gradients can be impeded by maladaptive gene flow
among adjacent populations (Bachmann et al. 2020). While the likelihood of maladaptive gene
flow disrupting local adaptation is disputed (Kottler et al. 2021), reductions in fitness associated
with maladaptive gene flow are found more frequently along steep environmental gradients (Bridle
etal. 2009; Bachmann et al. 2020). Thus, while gene flow can reduce genetic differentiation among
any set of neighboring populations, fitness consequences of gene flow depend on the steepness of
the gradient (Polechova and Barton 2015). For example, a recent experimental evolution study
predicted that strong gene flow and small differences in the strength and direction of selection
among populations along shallow environmental gradients can promote global adaptation, where
fitness is high across the breadth of the range without ecological specialization (Spichtig and
Kawecki 2004; Tusso et al. 2021); while strong selection and weak gene flow along steep
environmental gradients, where costs of dispersal along the gradient are highest, may promote
local adaptation (Alleaume-Benharira et al. 2006; Polechova and Barton 2015). When gene flow
and selection are both strong, local adaptation can erode (Christiansen 1974; Kawecki and Ebert
2004), allowing source-sink dynamics, where local adaptation collapses and population growth
rates fall below replacement, to emerge (Ronce and Kirkpatrick 2001; Alleaume-Benharira et al.

2006; Furrer and Pasinelli 2016).
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To explore whether distinct patterns of adaptative differentiation are present along
environmental gradients that differ in steepness, I addressed the questions: (1) What patterns of
adaptation are present along environmental gradients that differ in steepness? (2) How sensitive
are contemporary patterns of adaptation along different environmental gradients to gene flow?
Operationally, I examined physiological traits linked to adaptation, in situ local adaptation and
fitness, and adaptive genetic differentiation near the latitudinal and elevational range limits of
Campanula americana, a native wildflower. First, I explored physiological traits linked to
overwintering survival. Physiological traits that facilitate adaptation to cold stress have been
shown to exhibit clinal variation (Zhen and Ungerer 2008), and can provide insight into how
patterns of fitness across a species range are translated from, and are produced by, variance in
phenotypes. I analyzed phenotypes associated with cold stress by experimentally assessing
chlorophyll content and frost resistance during significant cold stress and relate patterns to
individual survival and population ecology. Second, I assessed the magnitude of local adaptation
near elevational and latitudinal range limits using common gardens. Finally, I explored genomic
components of climate adaptation to better understand how adaptive genetic differentiation

emerges across gradients and how sensitive such patterns may be to gene flow.

METHODS
Study system
Campanula americana is a monocarpic tetraploid herb native to the eastern United States. C.
americana is primarily outcrossing and insect pollinated (Galloway et al. 2003; Koski et al. 2019a).
Where present, individuals are locally common, producing patchy population distributions across
its native range. C. americana overwinters prior to flowering. Seeds in many populations

germinate in fall, overwinter as small rosettes, then flower and fruit during summer.
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C. americana is generally divided into three genetic lineages (Barnard-Kubow et al. 2015),
the largest of which are the Western and Appalachian lineages. The third, the Eastern lineage, is
derived from and closely related to the Western lineage (Barnard-Kubow et al. 2015), so is folded
into the Western lineage for analyses here. The Western lineage is predominantly located in eastern
North America, spanning from the Gulf of Mexico toward the Great Lakes. After the last glacial
maximum, the lineage expanded northwesterly from a mid-latitude glacial refugium (Barnard-
Kubow et al. 2015; Koski et al. 2019b) through serial expansion events (Prior et al. 2020). In the
Southeast, the Western lineage expanded toward elevational range limits in the southern
Appalachian Mountains. In contrast, the Appalachian lineage likely resided through the last glacial
maximum in multiple microrefugia located proximally to, and distributed throughout, the
Appalachian Mountains (Barnard-Kubow et al. 2015).

The Western lineage crosses a broad swath of habitat along a latitudinal gradient (28°N -
46°N; Fig. 1), and a steep elevational gradient near the Great Smoky Mountains (234m - 1098m).
Local adaptation is found along the latitudinal gradient (Naciuk 2015), though at large spatial
scales that cross phylogeographic clusters (Perrier, unpublished data). The Appalachian lineage is
located within the Appalachian Mountains between North Carolina and Pennsylvania and traverses
a steep elevational gradient (143m - 1616m; Fig. 1). In the Appalachian lineage, some home vs.
away local adaptation has been observed in high elevation, range-edge populations in southwestern
Virginia. However, range-edge populations did not generally have higher fitness than foreign,
range core populations in common gardens near range limits (Haggerty and Galloway 2011).
Across analyses, populations distributed along latitudinal and elevational gradients are treated
separately. For genomic analyses, [ analyzed populations separately by lineage

(Western/Appalachian) and gradient (elevation/latitude). 1 use environmental change over the
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latitudinal gradient in the Western lineage and the elevational gradient in the Appalachian and
Western lineages to explore how differences in the rate of change of environmental conditions

influence patterns of local adaptation (Fig. 1C; SI Fig. 1).

Population selection and greenhouse crosses
I selected populations of C. americana from the steep elevational and shallow latitudinal
environmental gradients located near their respective range limits (Fig. 1A). I selected populations
along both gradients to encompass environmental conditions from near the range core to near range
limits. For the latitudinal gradient, I categorized populations as range core, mid-range, and range
edge. I defined range core sites as those that reside closest to the Western lineage’s latitudinal
median, and range edge populations and gardens as those that reside closest to the current range
edge. Mid-range sites are those between the range core and range edge. For elevational gradients,
I categorized sites and populations as range core, i.e., low elevation, or range edge, i.e., high
elevation. For both gradients, populations were nested within transects for sequence analysis and
common gardens (Fig. 1A). Each transect contained one population from each range position
(core/mid/edge), thereby replicating environmental gradients. In total, I selected 10 populations
from the northern latitudinal gradient nested within three transects, and 13 populations from the
elevational environmental gradient in the Appalachian Mountains (SI Table 1). For sequence
analysis of elevational populations, I used five transects of core-edge pairs of populations. For
common garden analysis of elevational populations, I used three transects of core-edge pairs of
populations. Specific populations used varied by experiment (Fig. 1A).

I collected seeds from native populations between 2020 and 2022. Experiments either used

seeds from within-population crosses performed in the University of Virginia greenhouses (2022)
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to control for maternal environment (here, greenhouse seeds), or field-collected seeds, where
availability of greenhouse seeds was limited (see: SI Table 2). I mapped range limits using the
maximum extent of research-grade observations from iNaturalist as of May 2022 (n=7,781;
iNaturalist Community n.d.) and a minimum concave polygon, calculating in R (4.2.0) using the

rangemap package (https:.//github.com/marlonecobos/rangemap).

1. Phenotypes of cold adaptation

I explored how adaptations to acute cold stress vary across environmental gradients using two key
physiological traits. First, I assessed leaf chlorophyll content during vernalization and its response
to an acute cold stress. Vernalization exposes plants to cold temperatures to simulate winter,
providing a phenological cue for many plants from temperate regions (Chouard 1960). In other
plant species, chlorophyll content is strongly correlated with photosynthetic rate (Buttery and
Buzzell 1977), and cold stress is known to decrease both leaf chlorophyll content (Kog et al. 2010;
Talebzadeh and Valeo 2022) and photosynthetic activity in photosystem II (Liang et al. 2007).
Next, I assessed how the freezing temperature of leaf tissue differed between populations during
and after vernalization. To perform these experiments, I selected 15 populations (Fig. 1; SI Table
1): 10 populations from the latitudinal gradient and five from the elevational gradient. I used
greenhouse produced seeds.

To describe environmental conditions across the latitudinal and elevational gradients, I
performed a PCA. I computed the PCA using 4km resolution, daily climate data from PRISM for
the years of 2017-2022 (PRISM Climate Group, Oregon State University n.d.). I included all
available environmental variables: precipitation, maximum and minimum temperature, mean

temperature, mean dew point temperature, and maximum and minimum vapor pressure. I extracted
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the first principal component (PC1; 62.3% variance explained) as an index of environmental

conditions across gradients for all experiments related to cold stress.

Cold tolerance (Chlorophyll content and acute cold stress survival)

I measured chlorophyll content during an acute cold exposure to examine physiological
components of cold tolerance. In brief, I measured chlorophyll content via chlorophyll fluorimetry
(Krause and Weis 1991) using a handheld fluorometer (Minolta SPAD-502). I used 15 unique
maternal families per population where available, else 1 used repeats of maternal families. I
germinated seeds in growth chambers for 6 weeks following standard protocols (SI Table 2) and
moved the small rosettes to a cold room at 4°C for 6 weeks prior to experimentation to allow plants
to acclimate to the cold. I divided plants into 15 blocks, with 13 populations per block and 26
plants divided into equal and identical sets that were either exposed to cold (‘cold exposure’) or
not (‘no cold exposure’; 13 individuals/treatment/block). In total, I used 390 plants, with 195 in
the ‘no cold exposure’ group and 195 in the ‘cold exposure’ group. For tests of chlorophyll content,
I removed blocks from the cold room (4°C) and placed them into a dark environmental chamber
at -20°C for 12h, imitating an extreme overnight cold stress that wild plants could experience while
overwintering as rosettes. I insulated plants in Styrofoam to slow cooling. I measured chlorophyll
content before cold exposure. Once the cold treatment had concluded, I removed blocks from the
cold and immediately measured chlorophyll content again. I measured the control group that was
not exposed to the acute cold stress in like fashion at the same time. I evaluated survival as a binary

trait two weeks after the acute cold stress.
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Frost resistance
Frost resistance enables plants to avoid cellular damage associated with freezing temperatures by
reducing their freezing point to temperatures below 0°C. To investigate frost resistance, I collected
leaf tissue from plants and subjected it to extreme cold (-20° C). I measured leaf freezing
temperature, also called the supercooling temperature (Reyes-Diaz et al. 2006), by assessing the
thermal inflection point of ice formation in leaf tissue. Because ice formation is thermogenic, a
significant temperature spike is observable when solutes within a leaf arrive at their freezing
temperature and ice formation begins (Reyes-Diaz et al. 2006).

I germinated seeds in growth chambers for 6 weeks following standard protocols (SI Table
2). In total, I used 132 plants from 13 populations (~10 individuals/population). I tested plants at
two time points, once while vernalizing, i.e. winter like conditions, and once two weeks after
vernalizing, when plants had been allowed to acclimate to greenhouse and initiated growth, i.e.
spring like conditions. I randomly divided plants into sets of four to be tested at the same time. To
measure the leaf freezing temperature, I attached leaf tissue to a type K thermocouple probe, then
insulated the tissue inside a 1.5mL Eppendorf tube encased in Styrofoam. I placed the rig into an
environmental chamber at approximately -20° C. For tests conducted during vernalization, I
harvested leaf tissue from plants held at 4°C temperatures for 6 weeks. For post-vernalization tests,
I harvested leaf tissue from the same plants 2 weeks after the vernalization period had concluded
and plants had been allowed to acclimate to greenhouse conditions (23° C daytime/19° C nighttime

+5°C).

Statistical analysis
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I modeled how patterns of chlorophyll content vary during an cold stress across environmental
gradients using Gaussian linear models. I examined elevational and latitudinal gradients
independently from each other. Briefly, I regressed the population average chlorophyll content per
treatment against a binary categorical predictor of whether plants were exposed to the acute cold
stress, and a continuous predictor of climate (chlorophyll content = PCI + cold stress treatment +
PC1 * cold stress treatment). I computed models using R 4.2.0 (R Core Team 2022) and calculated
type three ANOVAs to determine significance of model terms using the car package (Fox and
Weisberg 2019). I modeled variation in frost resistance across environmental gradients in similar
fashion, using linear models and population averages. For overwintering (vernalizing) and spring
(acclimating) experiments, I performed analyses separately but in identical fashion—I computed
univariate linear models for each gradient by regressing mean population leaf freezing temperature
against continuous predictors of climate PC1 (freezing temperature = PCI). Residuals were
visually assessed for conformity to model assumptions. Across models, residuals were normally
distributed and homoscedastic.

I also assessed relationships between environment, and survival through the cold tolerance
experiment. Because plants from elevational populations did not survive cold tolerance tests, I
assessed these relationships only among populations along the latitudinal gradient. For
environment-survival models, I regressed the population’s average proportion survival against a
continuous predictor climate PC1 using beta regressions (survival = PCI). I determined the

significance of model terms using type IIl ANOVAs. Residuals followed model assumptions.
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2. Fitness across environmental gradients
Common gardens
I planted common gardens to explore spatial patterns of local adaptation and population fitness
across and within environmental gradients. In total, I established eight common gardens along the
shallow latitudinal environmental gradient and four across the steeper elevational environmental
gradient using 21 populations (latitude n=9; elevation n=6; Fig. 1; SI Tables 1, 3). I selected
common garden sites near latitudinal and elevational range limits for each respective gradient. I
categorized gardens, like populations, as range core, mid-range, or range edge. Populations and
gardens were organized into replicate transects (Fig. 1). Each transect contained one population
per range position (latitude: core/mid/edge; elevation: core/edge; Fig. 1A) and one garden per
range position (latitude: core/mid/edge; elevation: core/edge; Fig. 1B). In only one case, transect
2 for latitudinal common gardens, did a transect contain an incomplete set of gardens (mid/edge;
no core). Thus, for latitudinal populations there were three replicate populations for each range
position (core/mid/edge), and two replicate core gardens, three replicate mid-range gardens, and
three replicate range edge gardens. For elevational populations, there were three replicate
populations for each range position (core/edge), and two replicate gardens for each range position
(core/edge). Across both gradients, I selected garden locations to be as close as possible to
populations of the same transect and range position. Home garden for populations was assigned as
the nearest garden to the population. While I assigned every garden a home population, not every
population had a home garden site.

To detect local adaptation while allowing for the influence of maternal environment, I

planted common gardens in May 2022 across the elevational gradient using field-collected seeds
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(see: Supplemental Methods 1.1). Survival was measured in June and August. Because of generally
poor flowering and survival, fitness related to flowering was not modeled for 2022 gardens.

To understand patterns of local adaptation and fitness across gradients that differ in
steepness while controlling for maternal environment, I repeated the common garden experiment
in 2023 across the latitudinal and elevational gradients (Fig. 1; SI Table 1, 3). For elevational
gardens (n=4), I transplanted two individuals from each of the 6 populations into each of 10 blocks
(n=120/garden; n=2 replicates/population/block), following identical methods and garden
locations as in 2022 (Supplementary Methods 1.1). For latitudinal gardens (n=8), I transplanted
two individuals from each of the nine populations into each of 10 blocks (n=180/garden; n=2
replicates/population/block) using the same methods (SI Table 3). I planted elevational gardens
between 4/18-4/26 and latitudinal gardens between 5/1-5/9.

I collected bolting, survival, stem diameter, and bud/flower/fruit count data from gardens
in late summer (Latitudinal: 8/21-8/25; Elevational: 9/4-9/8) prior to fruit dehiscence. On average,
plants at elevational gardens spent 138 days in the field and plants at latitudinal gardens spent 110
days in the field. Stem diameter at the stem-soil interface provides a measure of plant size that
allowed me to incorporate plants that lost fruit set due to herbivory (Pearson correlation of stem
diameter and number of fruits and flowers for plants that did not experience herbivory: elevation
R=0.65, latitude R=0.75). I estimated total reproduction by summing fruit, flower, and mature bud
counts for each plant. To account for potential lost reproduction due to latitudinal populations
spending less time in common gardens, I added immature bud counts to total fruit and flower
counts as an estimate of total reproduction theoretically possible during the growing season (‘total

theoretic reproduction’).
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Statistical analysis

To assess how the magnitude of local adaptation differed between environmental gradients, I
calculated Hedge’s D effect sizes of fitness within and between gardens following Leimu & Fischer
(2008). Briefly, for each garden, I divided the difference between mean fitness of the home
population (the population closest to the garden site) and the mean fitness across all foreign
populations divided by the standard deviation of the fitness for all plants at the garden. This metric
assessed local vs. foreign performance within gardens. I also wanted to examine how populations
perform across the gardens. To explore performance in home and away environments, I calculated
Hedge’s D in like fashion, assessing population fitness in common gardens near their home sites
compared to garden sites away from their respective homes (i.e., mean fitness of the home
population minus the mean fitness of the population when away from the home site, divided by
the standard deviation of fitness of the population across all garden sites).

To further explore how patterns of adaptation were shaped by range position and the
steepness of environmental gradients, I assessed the relationship between population range
position and population fitness at common gardens. I first examined individual fitness in absolute
terms. To do this, I calculated individual fitness as the product of survival (0|1) and reproduction
(=0). I then computed Gaussian linear mixed effect ANOVAs for each gradient independently.
Models treated individual fitness as a function of categorical population range position
(core/mid/edge) and garden range position (core/mid/edge). 1 square-root transformed individual
fitness data to account for variance within the individual fitness metric that caused scalar issues in
model fitting (elevation fitness range: 0-762 (6=66.75); latitude fitness range: 0-138 (6=22.37)).
Blocks were nested within gardens and garden range position. Populations were nested within

population range position (fitness = population range position + garden range position +
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population range position * garden range position + population(population range position) +
block(garden(garden range position)). 1 also relativized metrics of reproduction by garden to
control for differences in mean performance across sites and to differentiate between patterns of
divergent selection and suitability of the garden site. To relativize fitness, I divided individual
fitness by the mean fitness within the common garden. I analyzed metrics of relative reproduction
(i.e., relative total reproduction (fruits + flowers), relative theoretical reproduction (fruits + flowers
+ immature buds), and relative stem diameter) using identical structure as absolute Gaussian
models described above. Residuals from all models were visually assessed as both normal and
homoscedastic. Mixed effect models were computed using the Ime4 package (Bates et al. 2014)
In common gardens along elevational gradients, many high elevation, range edge
population plants failed to bolt at both high and low elevation garden sites. To account for failure
to bolt, I employed zero-truncated and binomial survival models. Briefly, I split the analysis into
three additional generalized models: binary survival, which assessed whether plants survived or
not; binary reproduction, which assessed whether plants that survived also reproduced; and
reproduction > 1, which assessed total reproduction of plants that flowered or fruited. Generalized
model syntax followed identical structure as relative fitness models. For survival and binary
reproduction models, I employed a generalized binomial model with a logit link function. For
reproduction > 1, I used a generalized Poisson model with a log link function. I analyzed data from
2022 and 2023 elevational common gardens separately but in identical fashion with one exception:
absolute individual fitness. For 2022 gardens, square-root transformation caused convergence
issues in mixed models, so I employed a Poisson GLM with a log-link function on the raw values

instead. Across generalized models, residuals were homoscedastic.
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3. Genomic signals of adaptative differentiation

Methodological framework

Response to divergent patterns of selection over environmental gradients is expected to produce
clines of adaptive genetic differentiation coincident with the gradient. I use an Fsr-based approach
to describe patterns of adaptive genetic differentiation, i.e. differentiation that is associated with
bioclimatic factors across latitudinal and elevational gradients. In brief, I first RAD-sequenced 197
individuals from the 22 sampled populations (~9 individuals/population) and identified loci
associated with environmental adaptation across each lineage and environmental gradient using
multiple genome-scanning approaches (PCAdapt, BayeScEnv). After, I computed Fst of adaptive
loci for each lineage and environmental gradient. I then compared differences in genetic turnover
of adaptive differentiation between populations near the range core (core) and populations closer
to the range edge (mid/edge) along transects (genetic offset). Similar metrics have been employed
to explore which populations face greater extinction risk under climate change (Capblancq et al.
2020; Van Daele et al. 2022). Here, I used genetic offset to explore how sensitive patterns of
adaptive genetic differentiation are likely to be to gene flow from the range core to elsewhere in

the range.

Sequencing and genetic data preparation

I assessed genomic patterns of adaptation and differentiation across the range using SNPs
identified via RAD-Sequencing from 22 sampled populations. Seeds were collected from natural
populations and germinated according to protocols outlined in SI Table 2 I collected fresh leaf
tissue from seedlings and sent samples to Floragenex for RAD library prep and Illumina

sequencing using Sbfl as the restriction enzyme. [ assembled raw reads using a reference sequences
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for C. americana and STACKS v2 (Rochette et al. 2019). Further details regarding extractions,
sequencing, and assembly are outlined in Supplementary Methods 1.2. In total, I sequenced
~1.15% of the genome. After assembly, I filtered SNPs to retain only loci of high quality.
Specifically, I removed loci that were not biallelic, had minimum allele frequencies of less than
0.05, and mean read depths of less than 10 or greater than 53.5 (coverage + 4*Ncoverage),
following Li (2014), using Stacks and VCFTools (Danecek et al. 2011). I then applied a missing
threshold of 80% to remove sites that were predominated by missing data. The final SNP set totaled
6,359 loci, with coverage averaging 31.2 reads per site. I computed a PCA of the final SNP set to
check quality and evaluate whether patterns of phylogenetic and population structure were
captured (SI Fig. 2). After, I partitioned loci to lineages and regions, and removed loci that became
monomorphic through the subsetting process (SNP: Appalachian Elevation n=5,003; Western

Elevation n=5,052; Western Latitude n=5,724).

Modeling adaptive differentiation

Environmental gradients may drive different clinal patterns of genetic differentiation for loci
associated with climate adaptations. I performed two gene-by-environment association tests to
identify loci under putative selection from environmental factors. First, I identified SNPs
putatively associated with local adaptation in each lineage and region (Western latitude, Western
elevation, Appalachian elevation) using PCAdapt (Privé et al. 2020). For each grouping of lineage
and region, | visually assessed the number of principal components that spatially partitioned
populations. In total, I retained eight PC dimensions for Western latitudinal populations, four for

Western elevational populations, and six for Appalachian elevational populations. I then corrected
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for false discovery by subsetting outlier loci to those with significant g-values (q < 0.05) following
the Benjamini-Hochberg procedure.

PCAdapt identifies loci underlying adaptation through analysis of population structure.
Because of this approach, the program may identify loci underlying adaptation not associated with
environmental conditions, such as adaptations to soil type and biotic competition. To confirm
locus-selection from PCAdapt and identify loci specifically related to climate adaptations across
environmental gradients, I used BayeScEnv (De Villemereuil and Gaggiotti 2015). BayeScEnv
requires information on the environmental distance of each population to an environmental
centroid for the species. To calculate environmental distance, I computed a PCA using all 19
bioclimatic factors in WorldClim 2.0 for all iNaturalist records of research grade quality uploaded
as of 05/13/2022 (n=7,781; Fick and Hijmans 2017; iNaturalist Community n.d.). I extracted
bioclimatic factors for each observation at a resolution of 2.5 arcseconds. I retained the smallest
set of principal components that explained at least 95% of the variance among bioclimatic factors
(n=5). T then computed Euclidean distances between the PCA median centroid and each
population. I ran BayeScEnv out-of-the-box with default parameters. I corrected significance
values of loci identified by BayeScEnv for false discovery by applying a q-value FDR threshold
of 0.05. It is important to note that because RAD-sequencing sub-samples regions of the genome
(Baird et al. 2008), loci identified by genome scanning methods likely represent only a portion of
loci under selection in the genome (Lowry et al. 2017).

To evaluate environmental factors associated with adaptive differentiation, I computed
generalized dissimilarity models (GDMs). Briefly, GDMs associate a metric of population
divergence, here Fst, with population-level environmental conditions while controlling for

variance associated with neutral divergence, such as isolation-by-distance (Fitzpatrick & Keller,

34



2015). I calculated genetic divergence (Fst) for pools of climate-adapted loci among populations
to identify patterns and signals of genomic adaptation along environmental gradients. First, I
extracted loci identified as significant by both PCAdapt and BayeScEnv. Pools of loci identified
by both methods did not overlap between lineages or environmental gradients. I calculated Fsr
between populations using the subset of SNPs under selection for climate adaptation in the R
package StAMPP (Pembleton et al. 2013). I then used matrices of genetic distance (Fsr) to inform
generalized dissimilarity models (GDM; Fitzpatrick et al. 2022). I computed GDMs for each
region and lineage subset separately. I extracted I-splines from models, analogous to partial
regression coefficients, for geographic and significant bioclimatic factors. I applied a maximum
ceiling of one to estimates of adaptive genetic turnover. I extracted predicted adaptive genetic
turnover values for each population, then plotted estimates against population range position
(core/mid/edge). Finally, I used significant bioclimatic factors identified in GDMs to predict range-
scale patterns of genetic turnover by projecting model-predicted allelic turnover using rasterized
WorldClim 2.0 bioclimatic data at a resolution of 2.5 arcminutes.

Gene flow into a population from a different climate may influence the population’s ability
to respond to selection, decreasing adaptive genetic differentiation along the gradient. I regressed
genetic offset, or the difference in adaptive turnover between range positions within transects,
against population range position (core/mid/edge) using linear mixed effects models, where
transect (i.e., spatial replicate) was a random effect (genetic offset = population range position +
transect(population range position)). Where genetic offsets are greatest, adaptations to
environmental conditions are likely more susceptible to contemporary maladaptive gene flow from
the range core. Where genetic offsets are small, adaptive differentiation between range positions

1s minimal.
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RESULTS

1. Phenotypes of cold adaptation

Cold tolerance (chlorophyll content and acute cold stress survival)

Environmental variation was strongly correlated with latitude (R = 0.97, SI Fig. 1B) and elevation
(R = 0.95, SI Fig. 1C) for their respective gradients (Supplementary Results 1.1). Plants that
experienced an acute cold stress had lower chlorophyll content regardless of which environmental
gradient plants hailed from (SI Fig. 3). The effect of cold stress on chlorophyll content did not
depend on local climate across elevations or latitudes (interactions not significant). Two weeks
after exposure to the acute cold event, no plants survived from populations along the elevational
gradient. Along the latitudinal gradient, populations from colder climates of origin were more

likely to have survived the acute cold stress (p-value=0.01; Fig. 2A).

Frost resistance

Contrary to expectations, populations from colder climates did not have lower leaf freezing
temperatures. The climate at the site of a population’s origin (i.e., PC1) did not affect the freezing
temperature of leaf tissue during vernalization along either environmental gradient (Fig. 2B). After
plants had been allowed to acclimate in the greenhouse for two weeks to simulate spring
emergence, patterns differed between gradients. For elevational populations, freezing temperature
was not related to a population’s climate (PC1 p-value=0.81). For latitudinal populations, I found

that plants from colder climates froze at warmer temperatures (PC1 p-value=0.003).
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2. Fitness across environmental gradients
For local adaptation to be present across a range, local populations must outperform foreign
populations across common gardens (Kawecki and Ebert 2004). Along the shallow latitudinal
environmental gradient, local populations did not have higher fitness than foreign populations in
common gardens. Absolute individual fitness did not vary among populations from different range
positions within common gardens (Fig. 3B), and the estimated magnitude of local adaptation was
close to zero across the latitudinal gradient (Fig. 3A). In models accounting for relative
performance within common gardens, range core populations outperformed range edge
populations in range edge common gardens (SI Fig. 4A), though this effect was significant only
for models of relative total theoretical reproduction and relative stem diameter (SI Table 4).
Across the steep elevational environmental gradient, range core populations routinely
outperformed range edge populations in both range core and range edge common gardens. I found
this pattern across models of absolute fitness (Fig. 3B), relative fitness, survival, and binary
reproduction (SI Fig. 4). In only one model, reproductive output > 1, did I find local range-edge
populations outperforming foreign range core populations in range edge common gardens (SI Fig.
4C; SI Table 4). Similarly, the magnitude of local vs. foreign local adaptation showed range core
populations from elevational transects strongly outperformed range edge populations across
common garden range positions (i.e., positive effect size; Fig. 3A). I found similar results in
survival rates in common gardens planted in 2022 with field-collected seeds (SI Fig. 5), suggesting
that maternal environment is not responsible for the reduced performance of range edge
populations relative to range core populations. In comparisons between home vs. away
performance, range core populations had greater success at home garden sites than away in terms

of absolute measurements of fitness (Fig. 3), but range edge populations did not. In terms of
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relative measurements of fitness (SI Fig. 4B), range core and range edge populations tended to
perform better at home garden sites than away, suggesting some local adaptation exists within

range edge populations.

3. Genomic signals of adaptative differentiation

I identified loci associated with signals of environmental selection using multiple genome-
scanning approaches. Final pools of putatively adaptive loci that were identified by both
BayesScEnv and PCAdapt totaled five loci for Appalachian elevational populations, nine for
Western elevational populations, and five for Western latitudinal populations (details in
Supplementary Results 1.2). Pools of loci did not overlap between lineages or gradients.

GDMs identified bioclimatic factors important in explaining patterns of adaptive genetic
differentiation among populations. For Western-lineage latitudinal populations, precipitation
seasonality explained the greatest proportion of genetic differentiation (Table 1, SI Fig. 6, 7), and
was significantly associated with range position along the latitudinal gradient. For Appalachian-
lineage elevational populations, the mean temperature of the wettest quarter was the most
important bioclimatic factor underlying adaptive genetic differentiation, though range position was
not associated with this adaptive differentiation (SI Fig. 8, 9). Finally, for Western lineage
elevational populations, precipitation of the wettest month was the most important bioclimatic
factor underlying adaptive genetic differentiation, but no bioclimatic factors were significantly
explained by range position (SI Fig. 9, 10).

Genetic offsets, the difference in adaptive genetic turnover between the range core and
other range positions (mid/edge), generally increased with distance from the range core along the

latitudinal gradient, though offsets tended to level off between mid-range and range-edge
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populations (Fig. 4). The absence of substantive differences in adaptive genetic turnover and
genetic offsets between mid-range and range-edge populations suggests that climate adaptation
near the latitudinal range edge is limited, and range edge populations resemble mid-latitude
populations. For elevational populations, genetic offsets were distinct among transects, bioclimatic
variables, and lineages (Fig. 5).

In several cases, range position did not explain variation in adaptive genetic turnover or
genetic offset (e.g., mean temperature of the wettest quarter for Appalachian-lineage elevational
populations). Such cases reflect bioclimatic factors associated with heterogeneous patterns of
selection and local adaptation that are unassociated with postglacial range expansion and the
direction of the environmental gradient. Alternatively, several bioclimatic factors differed
significantly among range positions but did not describe substantive levels of genetic
differentiation in GDMs (e.g., precipitation of the wettest month for Appalachian-lineage
elevational populations). Such cases reflect instances of adaptive genetic differentiation along the
environmental gradient but are generally less meaningful in describing overarching patterns of

selection and climate variation driving genetic differentiation.

DISCUSSION

Theoretical models predict that patterns of adaptation should differ near range limits depending on
how rapidly environments change over space (Polechova and Barton 2015; Gilbert et al. 2017,
Bridle et al. 2019). Yet, experimental studies have found mixed support for such patterns (Bridle
et al. 2009; Halbritter et al. 2015; Sexton et al. 2016; Zhang et al. 2019; Bachmann et al. 2020).
Here, I examined patterns of adaptation at the level of phenotype, genotype, and population fitness.

Across approaches, local adaptation was stronger in range core populations, regardless of the
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environmental gradient, though the magnitude of local adaptation was greatest along the
elevational gradient. Local adaptation along the steep environmental gradient is likely constrained
by strong genetic drift and maladaptive gene flow. While along the shallow latitudinal gradient,
fitness was comparable across range positions and local adaptation was generally absent,
suggesting generalist adaptation in lieu of local adaptation. Yet, reductions in the relative fitness
of range edge populations near latitudinal range limits suggests some limits to generalist
adaptation. Broadly, my results find agreement among tests of local adaptation at multiple levels
(phenotype/genotype/population fitness) and suggest that adaptation along steep environmental
gradients may be biased toward specialization, while adaptation along shallow environmental

gradients may be biased toward generalization.

Phenotypes of cold adaptation

Frost resistance and cold tolerance are important traits underlying survival in temperate
overwintering plant species. I found that chlorophyll content was modulated in response to cold
stress but did not vary with either environmental gradient (SI Fig. 3). In contrast, frost resistance
did not vary along the steeper elevational gradient but was countergradient with it. Lack of a clinal
response during vernalization indicates that frost resistance is homogeneous across environmental
gradients during winter. Interestingly, survival through an acute cold stress (i.e., cold tolerance)
was concurrent with the latitudinal gradient, suggesting that countergradient frost resistance during
spring emergence is unrelated to survival through significant cold stress at higher latitudes. That
no plants survived through the acute cold stress from the elevational gradient suggests that tests

were too extreme for any potential adaptation to be detected.
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Near latitudinal range limits, tradeoffs between growth and tolerance, or resistance to
climate extremes, may be reinforced by shorter growing seasons. Tradeoffs between climate
resilience (i.e., resistance or tolerance) and phenology near range limits have been well described
in plant literature (Willi and Van Buskirk 2022). Thus, adaptations that enable cold resistance may
be reduced in phenological windows associated with rapid growth, such as spring emergence, if
mechanisms enabling climate resilience impede growth. Previous work in northern Arabidopsis
lyrata populations found countergradient clines of frost tolerance (Wos and Willi 2015). Moreover,
at lower latitudes, false spring events are more likely to occur, and the time from spring onset to
first bloom is typically longer (Allstadt et al. 2015). Consequently, plants near lower latitudes may
be more likely to retain expensive metabolic adaptations to frost resistance during spring bolting.
In colder, northern climates, where false spring events are less likely to occur, adaptations to

accommodate them may be less important.

Fitness across environmental gradients

Local adaptation, in the form of local advantage among range positions (Kawecki and Ebert 2004),
was absent from both environmental gradients (Fig. 3). Along the latitudinal gradient, all
populations had near identical relative fitness in the range core and mid-range common gardens
(SI Fig. 4A), regardless of where populations came from. Such patterns indicate limited local
adaptation along the latitudinal gradient. Yet, it is noteworthy that range edge populations were
relatively unfit near the range edge, while being equally as fit as range core populations in common
gardens near the range core. Namely, recent range expansion may deplete genetic diversity in
range-edge populations through serial founder effects (Slatkin and Excoffier 2012), leaving

populations less diverse and potentially less robust to novel or stressful environmental conditions
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(Oakley 2013). Previous work in other species, namely Plantago lanceolata (Halbritter et al. 2015)
and Arabidopsis lyrata (Sanchez-Castro et al. 2022), found that absences of local adaptation near
latitudinal range limits are associated with signatures of reduced genetic diversity, suggesting that
genetic load and reductions in genetic variation associated with serial colonization (i.e., genetic
drift) may play an important role in determining where local adaptation occurs. The influence of
range expansion on patterns of adaptation may be especially relevant in C. americana, which is
known to have lower genetic diversity, smaller effective population size (Chapter 4), and higher
rates of inbreeding near its latitudinal range limits (Koski et al. 2019b). This idea is explored in
greater depth in Chapters 3 and 4.

Local adaptation can also be constrained along shallow environmental gradients if costs of
dispersal along the gradient are low and selection against gene flow is relatively weak (Polechova
and Barton 2015). In theoretical models and empirical studies, weak selection against introgression
among environmentally differentiated populations has been found to generate intermediate,
generalist phenotypes that perform well in a wide range of environmental conditions (Spichtig and
Kawecki 2004; Tusso et al. 2021). Weak selection against introgression and ecological
generalization may in part explain comparable performance of populations across latitudinal
common gardens and the plateau of adaptive genetic differentiation noted in genetic offset models.

Along the steep elevational gradient, range core populations tended to outperform range
edge populations regardless of the position of the common garden (Fig. 3B, SI Fig. 4). However,
weak local adaptation along elevational gradients was present in the form of ‘home vs. away’
fitness (Kawecki and Ebert 2004), wherein populations have higher relative fitness at garden sites
near their origin than away (SI Fig. 4). The presence of home vs. away local adaptation for relative

fitness across the elevational gradient suggests a level of ecological specialization among
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elevational populations. Yet, absence of local advantage near elevational range limits indicates that
range edge populations are generally unfit compared to range core counterparts. Overperformance
by a single population or cluster of populations is not unique to C. americana (Zovi et al. 2008;
Ortegon-Campos et al. 2009; Vesakoski and Jormalainen 2013), and may be a common feature of
adaptation in nature (Hereford 2009).

Overperformance of range core populations along the steep elevational gradient may
emerge from evolutionary dynamics of range expansion. For example, populations near range
limits are more likely to suffer from genetic load as a result of serial founder effects (Slatkin and
Excoffier 2012; Peischl et al. 2013). Fitness in range edge populations may also be modulated by
interactions of environmental conditions and a history of recent range expansions. For example,
inbreeding and drift-associated genetic load may be more strongly expressed in ecologically
marginal habitat (Chapter 3; Armbruster and Reed 2005; Galloway and Etterson 2007), and
asymmetric gene flow from the range core resulting from recent range expansion can slow or halt
local adaptation in marginal populations (Ronce and Kirkpatrick 2001; Bridle et al. 2009;
Bachmann et al. 2020). Here, it is plausible that such factors compound to produce fitness losses

in populations of C. americana near elevational range limits.

Genomic signals of adaptation and sensitivity to gene flow

Adaptive genetic differentiation declined toward range limits across both environmental gradients.
Along the shallow latitudinal gradient, adaptive genetic differentiation and genetic offsets
plateaued between mid-range and range-edge populations. Where genetic offsets between adjacent
populations are high, gene flow among populations may disrupt patterns of local adaptation by

introducing maladaptive genetic variance. Weak and plateauing adaptive genetic differentiation
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along the latitudinal gradient suggests that populations near the range edge likely resemble mid-
range populations. Yet, it is unclear whether this pattern emerges from recent colonization of the
range edge, which can limit genetic differentiation among populations (Slatkin and Excoffier
2012), from gene flow impeding adaptive genetic differentiation near range limits, or some
combination of these factors.

Along the steep elevational gradient, adaptive genetic differentiation among populations
was often absent. Additionally, patterns of adaptive genetic differentiation present among
populations were often independent of the elevational gradient, suggesting maladaptive gene flow
is inhibiting differentiation. Gene flow among populations can block adaptive genetic
differentiation among populations by importing maladaptive alleles that reduce population fitness
and break down local adaptation in recipient populations (Bridle et al. 2009, 2019; Bachmann et
al. 2020). While such dynamics are more readily applied to steep environmental gradients,
adaptive differentiation may also be suppressed by gene flow along environmental gradients of
any steepness. For example, weak selection against gene flow can homogenize populations and
promote ecological generalization (Tusso et al. 2021). Along shallow environmental gradients, this
process can eliminate adaptive differentiation among populations while maintaining fitness across

the breadth of the range.

Summary and synthesis

Environmental gradients that differ in steepness drive distinct patterns of adaptation. Along the
steep elevational environmental gradient, range core populations universally outperformed range
edge populations, though modest specialization was present in the form of local adaptation to

home environmental conditions. Additionally, patterns of adaptive genetic differentiation were
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often idiosyncratic among transects and independent of the steep environmental gradient. Finally,
I found no evidence of physiological trait divergence, measured through frost resistance and cold
tolerance along the steep environmental gradient. These results generally accord with findings in
other study systems where maladaptive gene flow is present (Bridle et al. 2009; Bachmann et al.
2020), and may indicate the presence of source-sink dynamics near elevational range limits.

Along the shallow latitudinal environmental gradient, adaptive genetic differentiation
plateaued toward range limits and local adaptation was largely absent across the range. In
phenotypic analyses, I found countergradient patterns of frost resistance and co-gradient patterns
of increased survival associated with colder climate of origin. Co-gradient survival accorded with
findings of adaptive genetic differentiation associated with the mean temperature of the coldest
quarter. These results indicate that adaptation to climate and phenology exists along the latitudinal
gradient that was not detected in common garden tests. Further, these results indicate that while
local adaptation is limited along the shallow environmental gradient, fitness is broadly maintained,
suggesting ecological generalization. Yet, range edge populations performed poorly in common
gardens near latitudinal range limits, suggesting that range-edge populations have experienced
more genetic drift than populations near the range core. These outcomes hint at conditional fitness
of latitudinal populations with high genetic load associated with stressful environmental
conditions.

Studies which explore patterns of adaptation across levels of organization (i.e.,
genotypes, phenotypes, and fitness), are few and far between. As a result, it is often unclear if
patterns discovered at one level reflect patterns across others. Here, I explored local adaptation at
the level of genes, phenotypes, and in situ fitness, and found synergy across tests. Broadly, my

findings indicate that local adaptation is limited along both steep and shallow environmental
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gradients, while population fitness is largely limited near expanding range edges. These findings
are consistent with general patterns of local adaptation identified in a large meta-analysis of
transplant experiments, which showed that population fitness in common gardens beyond
contemporary range limits is typically lower along steep elevational gradients than shallow
latitudinal gradients (Hargreaves et al. 2014). However, my study adds an important caveat to
these findings—adaptive differentiation along environmental gradients of any steepness can be
limited by postglacial range expansion and maladaptive gene flow. As a result, adaptive potential
of range-edge populations is likely poor regardless of the steepness of the environmental
gradient. Temperate species, which have likely undergone some form of postglacial range
expansion, may be especially likely to exhibit these patterns (Qian and Ricklefs 2007,
Hargreaves et al. 2014). As old hypotheses about biogeography are adapted into and replaced by
modern phylogeographic frameworks (Pironon et al. 2017), it has become increasingly apparent
that gene flow and range expansion must be accounted for (Normand et al. 2011).

Furthermore, my findings have important implications for understanding how genetic drift
influences adaptation in range-edge populations, and how future climate change may influence
range shifts in other species. Where populations near range edges exhibit limited adaptive
potential, work in other systems has demonstrated that the colonization potential of these
populations may be reduced during warming-induced range shifts (Hargreaves and Eckert 2019).
My results emphasize this outcome and suggest that conditional fitness near range limits associated
with climate may play an important role in determining the colonization success of populations

displaced in the course of climate change.
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Figure 1) Populations of C. americana used in experiments. Black borders denote species range edge; grayscale gradient
indicates elevation. (A) Population locations including range position and experiments in which populations were used;
arrows indicate population transects from core to edge. Red arrows indicate transects of sequenced populations for GDM,
green indicate transects of common garden populations. (B) Common garden locations and direction to range edge;
arrows indicate garden transects. Populations used in each experiment are denoted by color: blue indicates populations
used in cold tolerance experiments; light green indicates populations used in 2022 common gardens; dark green are
populations used in 2023 common gardens; and red populations were sequenced for genomic work. (C) Steepness of
environmental gradients. Steepness is calculated as the environmental distance between common garden populations
divided by the geographic distance between them. Error bars indicate standard errors of mean gradient steepness
estimates.
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Figure 2) Cold tolerance measured as (A) survival through an acute cold stress (-20°C) during vernalization for populations along a
latitudinal gradient where local climates are represented by PC1, and (B) frost resistance, measured by leaf freezing temperature, of leaf
tissue during vernalization and greenhouse acclimation for populations along elevation and latitude environmental gradients. Error bars
indicate standard errors for population means.
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Figure 3) (A) Mean hedge’s D estimates of the magnitude of local adaptation across the shallow latitudinal and steep elevational
environmental gradients. Local adaptation was estimated as both performance of local vs. foreign populations within common gardens
nested within range positions (core/mid/edge) and as performance of populations when home vs. away across common gardens nested
within range positions. Positive values of Hedge’s D indicate that local populations outperform foreign, or that populations perform
better at the home garden than away. (B) Models of absolute fitness across the latitudinal and elevational environmental gradients.
Full statistical results in SI Table 4. Error bars are standard errors for model means from the generalized mixed effect ANOVAs.
Across all panels, range position along x-axes refers garden range position.
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Figure 4) Predicted genetic offset for bioclimatic factors related to local adaptation in latitudinal
populations. Genetic offset indicates the difference in adaptive differentiation between
expanding range positions (mid/edge) and the range core for each bioclimatic factor. Error bars
indicate standard error. Dotted lines indicate range position means, while the dashed line at y-
intercept=0 indicates the null expectation of no change in adaptive differentiation (i.e., genetic
offset) associated with range expansion and the latitudinal environmental gradient. Statistical
test p-values indicate whether differences in genetic differentiation between the range core and
other range positions are significant, while the y-axis, genetic offset, indicates the magnitude of
genetic differentiation explained by the bioclimatic factor.
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Figure 5) Predicted genetic offset for bioclimatic factors related to local adaptation in elevational populations. Genetic offset
indicates the difference in adaptive differentiation between the edge and core of the range for each bioclimatic factor. Error bars
indicate standard error. Dashed lines indicate range position means, while the dashed line at y-intercept=0 indicates the null
expectation of no change in adaptive differentiation (i.e., genetic offset) associated with range expansion and the elevational
environmental gradient. p-values indicate whether differences in genetic differentiation between the range core and other range

positions are significant, while the y-axis, genetic offset, indicates the magnitude of genetic differentiation explained by the
bioclimatic factor.
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GDM summaries partial coefficients offset ~range position
gradient lineage deviance explained predictor ofgeneticturnover chi"2 p-value
elevation Appalachian 81.61% geography 0.13

M temp. wettest quarter 2.07 1.00 0.317
temp. annual range 1.62 1.00 0.317
J temp. driest quarter 0.30 1.00 0.317
temp. seasonality 0.29 3.75 0.053
precip. wettest month 0.09 7.30 0.007
Western 81.04% geography 1.18
precip. wettest month 1.69 2.73 0.098
isothermality 0.32 1.00 0.317
g diurnal range 0.10 1.03 0.310
g temp. coldest quarter 0.02 1.00 0.320
temp. seasonality 0.01 1.00 0.317
latitude Western 66.22% geography 0.50
precip. seasonality 0.97 9.07 0.011
M temp. coldest quarter 0.39 3.37 0.185
maxtemp. warmest month 0.32 23.28 <0.001
precip. wettest quarter 0.22 2.89 0.236
precip. driest quarter 0.02 6.57 0.037
y temp. wettest quarter 0.10 5.47 0.065

Table 1) Summaries of generalized dissimilarity models (GDMs) exploring patterns of adaptive genetic turnover along environmental
gradients. Geographic and bioclimatic variables which were included in final models explained differing amounts of genetic turnover
among populations. Higher partial coefficient estimates imply the variable explained more variance and was more important to genetic
structure along the gradient and within the lineage. Tests of genetic offset as a function of range position indicate whether differences in
adaptive genetic turnover between populations near the range core and other positions (mid/edge) were significant. These tests match
results in Figure 4.
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SUPPLEMENTARY METHODS
1.1 Common garden preparation and construction (2022)

To detect signatures of local adaptation while allowing for the influence of maternal
environment, we planted common gardens across Appalachia using field-collected seeds. In 2022,
I germinated seeds (Appendix 1) from six elevational populations and then vernalized seedlings
under controlled conditions. I planted seedlings in the field at five Appalachian elevational gardens
(see SI Table 1; Fig. 1) in mid-March (3/6-3/17). At time of planting, I cleared the ground of
herbaceous vegetation and litter, and transplanted individuals 30cm apart in 10 blocks of 12 plants
each (2 replicates/population/block; n=120). After planting, I fenced gardens to prevent herbivory.
The garden at MLBS, VA, was weeded in late June (6/27). In early August, I visited all gardens
and recorded bolting, flowering count, and survival. No plants survived at Clemson or Blandy due

to fence damage and herbivory, so I removed the garden from final analyses.

1.2 Library preparation and sequencing

Library prep and sequencing were outsourced to the University of Oregon genomics core
and Floragenex. Dried leaf samples were processed for sequencing by the genomics core at
University of Oregon. UO extracted DNA using kit extractions, then sent to Floragenex for library
prep and sequencing. Floragenex digested DNA using the Pstl enzyme to generate paired end
150kbp fragments, then multiplexed using RAD and sequence adapters. Fragments underwent size
selection, retaining 300-500bp lengths, then PCR amplification. Floragenex performed QA/QC of
the library preparation using Qubit and Nanodrop. Finally, Floragenex sequenced libraries using 2

lanes of Illumina NovaSeq6000 Sp300 cycle.
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Iassembled sequencing reads to filter genetic data to variant loci of interest. First, I quality-
checked reads using fastqc (Andrews, 2010), then demultiplexed reads to trim barcodes and
assemble reads by individual using process-radtags in Stacks (Catchen et al. 2013). I removed PCR
duplicates using clone_filter in Stacks, then merged sequences within individuals across plates. I
then aligned sequences within individuals to a reference genome for C. americana (unpublished
data). Finally, a VCF file was produced using the populations module in Stacks with parameters
of -p 1, which requires loci to be in at least one population, -r 0.5, which requires loci to be in at
least 50% of individuals within a population, and -maf 0.05, which requires the minimum allele
frequency for a given locus to be greater than 5%. Further filtering was performed using VCFTools,

the description of which can be found in the main text document.
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SUPPLEMENTARY RESULTS
1.1 Environmental variance across gradients (PC1 in photosynthesis, freezing point, and survival
analyses)

Environmental variation was well explained by latitude and elevation across environmental
gradients. The first component from the PCA of daily weather conditions at population origin sites
(explaining 62.3% of variance; SI. Fig. 2) was strongly correlated with latitude (R=0.97) for
populations hailing from the latitudinal environmental gradient, and elevation (R=0.95) for
populations hailing from the elevational environmental gradient. Additionally, while elevational
and latitudinal populations did not substantively overlap in values of PC1 (SI Fig. 2B-C), the
environmental range, as measured by PCl, was similar, suggesting that the amount of

environmental variance experienced is similar across gradients.

1.2 Genome-scanning methods

I identified loci underlying environmental selection using PCAdapt and BayeScEnv. We
retained loci only if found in common between the two genome-scanning methods. For latitudinal
populations, PCAdapt identified 119 loci related to local adaptation with a g-value FDR correction
of 0.01 and BayeScEnv identified seven loci with a g-value FDR correction of 0.05, and an overlap
of five loci. For the elevational gradient, across Appalachian populations, PCAdapt identified 116
loci and BayeScEnv identified five, with five loci in common. For Western lineage populations in
the elevational gradient, PCAdapt identified 264 loci, BayeScEnv identified nine loci, with an
intersect of eight loci. Loci which were identified by PCAdapt but not identified by BayeScEnv
may in part represent false positives, though others may underlie selection on loci from other

environmental sources, such as photoperiod and soil conditions.
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SI Figure 1) Principal component analysis for daily weather data for winter and spring
months (November-May) for the years 2017-2022. (A) The principal component analysis;
PC1 and PC2 together explained 83.6% of variance in climate. Strong correlations of (B)
population latitude of origin and (C) population elevation of origin with PC1; both gradients
traversed a similar magnitude of environmental variation. Gray bands denote 95%
confidence intervals for regressions.
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SI Figure 2) Principal component analysis of filtered SNPs which informed gene-
by-environment association analyses (PCAdapt and BayeScEnv). Populations
formed well-defined clusters.
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SI Figure 3) The association of chlorophyll content and climate of the site of
population origin (PC1) for the latitude and elevation gradients, comparing plants
that experienced an acute cold treatment with those that did not. Dashed bands
denote 95% confidence intervals for regressions.
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Relative fitness across elevations (2023)
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SI Figure 4) Models of local adaptation from common gardens planted in 2023 across latitudinal and elevational environmental
gradients. Across all models, x-axis range position refers to garden range positions. (A) Mixed effect models estimated means for
latitudinal populations, with each garden nested within a range position (core, middle, edge) for metrics of fruit and flower count
relativized within gardens, relativized total theoretical reproduction, and relativized stem diameter. (B) Mixed effect models
estimated means for elevational populations with each garden nested within a range position (core, edge) for relativized metrics
found in (A). (C-E) Additional models related to elevational populations to account for poor survival and flowering at high elevation
sites. (C) Percentage survival modeled for elevational populations across gardens using binomial generalized modeling. (D) Binomial
flowering model for elevational populations, wherein plant fitness was simplified as whether surviving plants flowered or failed to.
(E) Modeled means of raw fruit and flower counts of plants which survived and flowered or fruited at least once in elevational
gardens. (E) demonstrates the sole instance in which local adaptation was detected among high elevation populations at high elevation
sites. Across plots, error bars indicate 95% confidence intervals. Full statistical results for each model can be found in SI Table 4.
For p-values, (NS) indicates non-significance (p>0.10), (*) indicates p<0.10, * indicates p<0.05, ** indicates p<0.01, and ***
indicates p<0.001.
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SI Figure. 5) Models of local adaptation from common gardens planted in 2022 across the elevational environmental
gradient. Across all models, x-axis range position refers to garden range positions. Full statistical results for each model
can be found in SI Table 4. For p-values, (NVS) indicates non-significance (p>0.10), (*) indicates p<0.10, * indicates p<0.05,
** indicates p<0.01, and *** indicates p<0.001.
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SI Figure 6) Map projections for all variables retained in the Generalized Dissimilarity Models for latitudinal populations.
Populations included in the model are shown. Colors indicate amount of adaptive genetic turnover predicted from GDMs.
Bioclimatic factors are arranged in order of sum of coefficients size from the GDM, thus predictors which explain less adaptive
genetic differentiation produce more blanched map projections.
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SI Figure 7) Predicted adaptive genetic turnover, which indicates the degree of adaptive
genetic differentiation associated with each bioclimatic factor, of Western-lineage
latitudinal populations nested within range position for each bioclimatic factor
contributing to the GDM. Significance was determined by univariate ANOVA models
with a random term for transect. See Figure 1 for transect locations; dotted lines show the
mean by range position with standard error bars.
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of 0.155. Colors indicate the adaptive genetic turnover predicted from the GDM. Bioclimatic factors are
arranged in order of sum of coefficients size from the GDM.
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SI Figure 9) Predicted adaptive genetic turnover of elevational populations, which indicates the degree of adaptive genetic differentiation
associated with each bioclimatic factor, nested within range position for each bioclimatic factor contributing to the GDM. Significance was
determined by univariate ANOVA models with a random term for transect. Dotted lines show the mean by range position with standard error
bars.
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population| transect | gradient [range group lineage latitude | longitude | cold tolerance | gardens 2022 | gardens 2023 [ sequencing
TN92 8 elevation |core Appalachian 35.68 -83.53 1
VA5 7 elevation |core Appalachian 37.28 -80.61 1 1 1 1
PA104 6 elevation |core Appalachian 40.80 -80.05 1
NC91 8 elevation (edge Appalachian 35.59 -83.07 1
VA73 7 elevation |edge Appalachian 37.35 -80.55 1 1 1 1
WvV7 NA elevation |edge Appalachian 38.18 -80.26 1
Wv4 6 elevation |edge Appalachian 38.70 -79.52 1 1 1 1
VA3 6 elevation (core Western 38.99 -77.99 1 1

GA1 4 elevation (core Western 34.60 -84.70 1 1 1 1
ALBG NA elevation |core Western 34.65 -86.52 1
NC107 5 elevation (core Western 35.94 -82.90 1
GA2 4 elevation [edge Western 34.73 -83.87 1 1 1
NC16 5 elevation |edge Western 36.19 -81.68 1 1
INS 3 latitude core Western 39.15 -86.55 1
IN7 3 latitude core Western 39.87 -86.16 1 1 1
IL10 2 latitude core Western 40.62 -89.02 1 1 1
1A12 1 latitude core Western 41.69 -93.67 1 1
MI2 3 latitude edge Western 42.62 -85.44 1 1 1
Wi4 2 latitude edge Western 43.41 -89.64 1 1 1
MN117 1 latitude edge Western 44.90 -93.19 1 1 1
IN2 3 latitude mid Western 41.02 -85.24 1 1 1
IA17 2 latitude mid Western 42.46 -90.64 1 1 1
MN8 1 latitude mid Western 44.03 -92.43 1 1 1

SI Table 1) Populations used across experiments. Populations are divided by environmental gradient, range position, and lineage.
Experiments which populations were used in are denoted with ‘1°.
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Growth Chambers Cold Room
Experiment time |[DLcycle| temp. time (DL cycle|temp.
photosynthetic function/ survival 5weeks| 14h/10h | 21°C/14°C | 8 weeks | 12h/12h | 4°C
frost resistance 5weeks| 14h/10h | 21°C/14°C | 6 weeks | 12h/12h | 4°C
common gardens 2022 Elevation 6 weeks| 14h/10h | 21°C/14°C | 7 weeks | 12h/12h | 4°C
common gardens 2023 Elevation 6 weeks| 14h/10h | 21°C/14°C | 7weeks | 12h/12h | 4°C
common gardens 2023 Latitude 6 weeks| 14h/10h | 21°C/14°C | 6 weeks | 12h/12h | 4°C

SI Table 2) We sowed field seeds in 3:1 (LMM1 garden mix:turface) soil mixture and placed
them in growth chambers for 5-6 weeks. Unless otherwise specified, we sowed 5 seeds per
cell. Growth chambers cycled 12h light (21°C) and 12h dark (14°C) periods. After, we
allowed seedlings to vernalize for 6-8 weeks in a cold room held at 4°C and cycled with 12h
light and 12h dark periods. We then transplanted plants into cone-tainers in identical soil mix,
moved individuals to the greenhouse at the University of Virginia in Charlottesville, VA, and
used daylight extenders to ensure plants received at least 16 hours of light per day.
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garden gradient |range group [ latitude | longitude [gardens 2022|gardens 2023
CLEMSON E.F. elevation core 34.73 -82.85 1 1
KENTLAND FARM |elevation core 37.20 -80.56 1 1
BLANDY elevation core 39.06 -78.07 1 1
HIGHLANDSL.T. [elevation edge 35.05 -83.19 1 1
M.L.B.S. elevation edge 37.37 -80.52 1 1
BALL STATE latitude core 40.20 -85.42 1
C.E.R.A latitude core 41.69 -92.86 1
MERRY LEA latitude mid 41.31 -85.52 1
WOLTER WOODS |latitude mid 42.61 -90.79 1
ST. OLAF latitude mid 44.46 -93.18 1
P.C.C.I. latitude edge 42.54 -85.30 1
U.W.ARBORETUM |(latitude edge 43.04 -89.42 1
CEDAR CREEK latitude edge 45.40 -93.20 1

SI Table 3) Garden locations and their respective positions along either gradient
used for common gardens during 2022 and 2023.
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gradient year model type term chi”2 p-value
elevation 2023 |Yindividual fitness garden.group 0.96 0.328
pop.group 13.54 0.000
garden.group*pop.group 8.16 0.004
survival garden.group 12.41 0.000
pop.group 2.19 0.139
garden.group*pop.group 4.07 0.044
binomialreproduction garden.group 2.10 0.147
pop.group 7.23 0.007
garden.group*pop.group 1.99 0.158
reproduction=1 garden.group 0.15 0.696
pop.group 0.15 0.701
garden.group*pop.group 16.82 0.000
relative reproduction garden.group 0.43 0.510
pop.group 3.56 0.059
garden.group*pop.group 3.64 0.056
relative theoretical reproduction |garden.group 0.38 0.540
pop.group 4.05 0.044
garden.group*pop.group 3.14 0.076
relative stem diameter garden.group 1.10 0.294
pop.group 13.44 0.000
garden.group*pop.group 10.27 0.001
2022|individual fitness garden.group 3.36 0.067
pop.group 10.17 0.001
garden.group*pop.group 2.09 0.149
survival garden.group 0.54 0.462
pop.group 2.29 0.130
garden.group*pop.group 0.08 0.772
binomialreproduction garden.group 3.63 0.057
pop.group 2.97 0.085
garden.group*pop.group 0.32 0.570
reproduction =1 garden.group 0.06 0.809
pop.group 3.23 0.072
garden.group*pop.group 0.52 0.469
relative reproduction garden.group 0.17 0.680
pop.group 2.97 0.085
garden.group*pop.group 0.36 0.546
latitude 2023 individual fitness garden.group 0.16 0.925
pop.group 0.04 0.979
garden.group*pop.group 2.13 0.711
relative reproduction garden.group 2.06 0.356
pop.group 0.05 0.976
garden.group*pop.group 5.33 0.255
relative theoretical reproduction |garden.group 5.15 0.076
pop.group 0.22 0.895
garden.group*pop.group 11.31 0.023
relative stem diameter garden.group 3.76 0.152
pop.group 0.16 0.922
garden.group*pop.group 12.45 0.014

SI Table 4) Results from statistical models testing local adaptation across
elevational and latitudinal environmental gradients. Fitness was relativized within
gardens. For elevational populations, high elevation, range edge populations often
failed to bolt so we used models of survival (0|1), binary flowering (0|1) and
logarithmic reproductive output among plants that flowered (>1).
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CHAPTER 2:
Steep environmental gradients drive divergent patterns of selection on phenology and loci

associated with adaptive differentiation.
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ABSTRACT

Environmental selection undergirds the process of local adaptation in wild populations. Yet,
selection functions by reducing genetic diversity and may degrade the adaptive potential of
populations in novel habitat. Here, I explored how the strength of selection shapes patterns of
adaptive differentiation along environmental gradients of differing steepness. I found that strong
selection along steep environmental gradients, drives polarized allele frequencies and divergent
timing of reproduction. Along shallow environmental gradients, I found evidence of weak
selection and gradual clines of adaptive allele frequencies, suggesting that adaptive differentiation
is weak across the span of the shallow gradient. Together, these patterns suggest that strong and
divergent patterns of selection along environmental gradients can maintain adaptive differentiation
among interconnected populations. However, selection along the steep environmental gradient was
also associated with downstream costs to adaptive potential and weak fitness of high elevation
populations (Chapter 1), suggesting that divergent selection along environmental gradients can

push populations toward source-sink dynamics.
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INTRODUCTION

Survival in novel habitat often requires adaptation to local environmental conditions enabled by
selection. Environmental gradients, where environments change linearly in space, represent unique
opportunities to understand how patterns of adaptation develop across heterogeneous landscapes
under different selection regimes. Where environmental gradients are shallow, differences in the
strength and direction of selection along the gradient may be minimal, resulting in weak adaptive
differentiation among populations (Kawecki and Ebert 2004; Spichtig and Kawecki 2004). In
contrast, where environmental gradients are steep, differences in the strength and direction of
selection along the gradient are greater, driving increased adaptive differentiation among
populations. Accordingly, adaptive differentiation along environmental gradients is expected to be
driven foremost by differences in the strength and direction of selection among populations.

Selection on vegetative traits and reproductive phenology can vary along environmental
gradients (Angert et al. 2011; Ochocki and Miller 2017). These gradients can generate stabilizing
selection within populations and divergent selection among populations. Divergent selection on
vegetative traits and climate adaptation along environmental gradients can produce tradeoffs in
fitness associated with dispersal and local adaptation (here, costs of local adaptation; Kassen
2002). As a byproduct of these costs, gene flow among populations along the gradient may
decrease (Tigano and Friesen 2016).

Divergent selection among populations may be common along steep environmental
gradients (Wong et al. 2020), where environmental conditions change rapidly over space.
Consequently, steep environmental gradients may favor the evolution of ecological specialists
(Kassen 2002; Kawecki and Ebert 2004). Yet, selection against gene flow along steep

environmental gradients may limit the introduction of genetic variation (Tigano and Friesen 2016),
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leading to reductions in effective population size (Falk et al. 2012). In turn, these reductions in
effective size can limit the adaptive potential of populations to persist through environmental
disruption (Oakley 2013) or seed further range expansion. Furthermore, one theoretical model has
posited that interactions between selection and gene flow likely exhibit threshold behavior
(Yeaman and Otto 2011), where minor shifts in their balance can induce rapid transitions in the
maintenance of adaptive polymorphism across range space. Where local adaptation is disrupted
along steep environmental gradients due to maladaptive gene flow or reduced effective population
size, fitness may be reduced due to conditional (i.e., costs associated with being non-locally
adapted) and unconditional costs (i.e., costs associated with genetic drift).

In contrast, differences in the strength and direction of selection are often minimal along
shallow environmental gradients (Polechovd and Barton 2015), allowing gene flow to perfuse
freely among populations. Increased gene flow among populations can increase heterozygosity in
adaptive loci, reducing local adaptation. However, weak fitness costs associated with gene flow
among populations can promote different patterns of adaptation, including ecological generalism
(Spichtig and Kawecki 2004; Tusso et al. 2021). Consequently, local adaptation may be inhibited
along shallow environmental gradients, while fitness across a range of environmental conditions
is maintained.

Yet, it is unclear what circumstances may lead to the erosion of local adaptation and fitness
along environmental gradients of differing steepness. To understand adaptation along different
environmental gradients, I analyzed patterns of selection along a steep and shallow environmental
gradient. First, I addressed whether and how selection on vegetative traits and reproductive
phenology differs along a steep environmental gradient using wild populations of Campanula

americana, an herbaceous wildflower. Second, I analyzed patterns of genetic differentiation in

82



populations of C. americana along a steep and a shallow environmental gradient to infer patterns
of selection on adaptive loci. Finally, I relate patterns of selection in vegetative traits and adaptive
loci to in situ phenology and discuss how local adaptation can be maintained or disrupted along

environmental gradients.

METHODS

Study system

Campanula americana is an herbaceous monocarpic wildflower native to eastern North America.
C. americana is found throughout the Appalachian Mountains across elevations, though typically
in patchy, locally abundant distributions. In general, C. americana is divided into three genetic
lineages. Here, the Eastern and Western lineages, which are closely related (Barnard-Kubow et al.
2015), are combined. The Appalachian lineage, which resides solely in the Appalachian
Mountains, expanded along an elevational environmental gradient after the last glacial maximum
(Chapter 5; Appendix 1; Barnard-Kubow et al. 2015). The Western lineage, which resides in the
American Southeast and Midwest, experienced two separate range expansions after the last glacial
maximum. In the north, the Western lineage expanded along a latitudinal gradient from a mid-
latitude refugium after the last glacial maximum (Barnard-Kubow et al. 2015; Koski et al. 2019;
Prior et al. 2020). Here, the latitudinal gradient traversed by the Western lineage is treated as
equivalent to a shallow environmental gradient (Fig. 1B). In the southern Appalachian Mountains,
populations from the Western lineage’s relictual southern range expanded independently along a
steep elevational gradient (Barnard-Kubow et al. 2015). Here, the elevational gradient is treated as

equivalent to a steep environmental gradient (Fig. 1B).

83



Flowering phenology differs across the Western lineage’s latitudinal range (Prendeville et
al. 2013; Perrier et al., in prep), with more plasticity in onset of flowering toward the northern
range limit. Reproductive duration and onset of flowering is also highly plastic across elevational
populations in the Appalachian lineage (Haggerty and Galloway 2011), though onset of flowering
is at least in part genetically determined. Additionally, selection favors earlier flowering and
shorter flowering duration in low elevation sites than high elevation sites (Haggerty and Galloway
2011).

Patterns of local adaptation differ between the latitudinal and elevational environmental
gradients. Local adaptation is absent across the Western lineage’s shallow latitudinal gradient,
though fitness across the range is generally high (Chapter 1). Along the steep elevational gradient
in the Appalachian Mountains, populations from the low elevation range core were locally adapted
and generally fit across the range, while populations from the high elevation range edge were
performed better at home but were generally unfit across the range (Chapter 1). Such patterns
suggest ecological generalism along the shallow latitudinal gradient, and ecological specialization

coupled with high genetic drift along the steep elevational gradient.

1. Phenotypic selection

Populations and experimental design

To understand how patterns of selection on vegetative and reproductive traits differ across the
elevational gradient, I conducted a study of phenotypic selection in seven wild Campanula
americana populations located throughout the Appalachian Mountains (Fig. 1; SI Table 1). I
selected populations to encompass both high and low elevation habitat along the species’
elevational gradient (244—1411m), with four populations classified as high elevation (1073—

1411m), and three as low elevation (244-503m). Mid-elevation populations are uncommon and
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therefore were not included. I tagged all individuals present (n=24-94) in each population with
paper jewelry tags in June (6/2/21-6/21/21), prior to flowering, and took measurements of stem
diameter and height. I harvested the third leaf below the shoot apical meristem and dried samples
from each individual to assess specific leaf area (see Supplementary Methods; SI Fig. 1). After the
initial visit, I returned twice (23—41-day intervals) to assess phenology and record survival, with
the exception of GH, which I returned to three times due to late-season flowering (SI Table 2).
Phenology was assessed by counting the number of immature buds, mature buds (within three days
of flowering), flowers, and fruits on each plant at each visit. I removed plants from the study if the

plant was missing upon subsequent visits and mortality could not be verified.

Phenotypic differentiation (vegetative and reproductive)

To investigate whether plants found at higher elevations had distinct vegetative phenotypes from
lower elevations, I compared vegetative traits measured at the beginning of the selection window.
I computed Gaussian ANOVAs for each vegetative trait (SLA, height, stem diameter), treating
individual phenotypes as a function of population (individual trait values = population). 1 then
estimated marginal means for each elevation group (high/low) using post-hoc linear contrasts.

To determine if plants from high and low elevation populations flowered at different times
in the growing season, I compared reproductive phenology across elevations. To model
reproductive phenology, I used nested mixed effect ANCOVAs. I constructed models with fixed
and interaction effects of elevation group and the date of each visit to count reproductive traits
(counts of immature buds, mature buds + flowers, fruits). To account for repeated measures and
non-independence, I nested repeated phenology measures within individual ID. Individual ID was

nested in population and elevation group (count = elevation group + date + elevation group * date
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+ individual(population(elevation group))). To meet basic model assumptions of normality, I log-
transformed response variables. I validated models with the multcomp package (Hothorn et al.,

2008).

Selection on vegetative and reproductive traits

I estimated selection differentials for each vegetative trait to compare variation in the strength and
direction of selection across elevations. I first variance-standardized phenotypes of vegetative
traits within populations (standardized phenotype value = (y - u) + o), then calculated relative
fitness of individuals in each population using fruit count (relative fitness = y + u). I constructed
mixed effects Gaussian ANCOVAs to quantify selection using the lme4 package (Bates et al.
2014). Models included population nested within elevation group as a random term. I included
elevation group and trait values as fixed effect covariates and as an interaction term (relative
reproduction = elevation group + standardized trait + elevation group * standardized trait +
population(elevation group)). I calculated selection coefficients from the mixed models using the
emtrends function from the emmeans package (Lenth 2023). To determine whether differences in
coefficients were significant, I ran generalized mixed effect ANCOVAs (GLMM) with identical
model structure but substituted absolute measures of fitness for relative. I ran GLMMs with a
Poisson distribution and log-link function.

To estimate the strength and directionality of selection on phenology, I calculated an
individual-level index of reproductive phenology. To compute this index, I conducted regressions
for each individual in the study, regressing the number of fruits produced by the date of each visit
(fruit count = date; SI Table 2). I extracted the slope from each regression and used the point

estimate as an index of reproductive phenology (here, referred to as the reproductive index). Higher
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values of the index indicate that plants produced more fruits toward the end of the growing season,
while lower values indicate that individual plants produced more fruits earlier in the growing
season. Thus, this index describes the time period of maturity within each phenological phase. For
analysis, I variance-standardized the index within populations. A lower value of the standardized
reproductive index indicates that the individual produced fruits earlier than other individuals
within the population, while a higher value indicates delayed production of fruits compared to
other individuals within the population. To calculate selection differentials, I modeled relativized
fruit counts as a function of the reproductive index and elevation group using mixed effect
Gaussian ANCOVAs and identical model structure as described above. I also calculated
reproductive indices for immature bud counts and flower counts. I estimated selection coefficients
from the mixed effect ANCOVAs using the emtrends function and calculated the significance of
selection coefficients from generalized versions of the mixed effect ANCOVAs. Generalized
model counterparts used identical model structure but used absolute of fitness and incorporated a

Poisson distribution and log-link function.

2. Genomic selection

Genomic data sequencing and preparation

Divergent selection can produce distinct patterns of allele frequencies for loci associated with local
adaptation. Along environmental gradients, divergent selection can produce clines of adaptive
allele frequencies, where gradual changes in the strength and direction of selection along the
gradient lead to corresponding shifts in allele frequencies (Aguirre-Liguori et al. 2017). To
determine if patterns of divergent genomic selection vary between environmental gradients of

differing steepness, I investigated clines of adaptive allele frequencies. To generate genomic data,
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I grew plants from field-collected seeds and harvested leaf tissue from seedlings (Fig. 1; SI Table
1). Details of DNA extractions from leaf tissue, RAD-Seq library preparation, sequencing,

assembly, and SNP filtering are found in Chapter 1.

Identifying putatively adaptive genetic markers

To identify general patterns of divergent selection across the genome, I first identified loci
that are associated with population structure and environmental differentiation along each
environmental gradient. Loci that exhibit strong signals of both environmental differentiation and
population structure are likely to be associated with either local adaptation, driven by divergent
selection, or neutral processes confounded with the environmental gradient, like range expansion.
To identify putatively adaptive loci, I ran BayeScEnv and PCAdapt (Chapter 1; De Villemereuil
and Gaggiotti 2015; Privé et al. 2020). BayeScEnv uses Fsr-outlier discovery coupled with
information about environmental differentiation among populations to identify putatively adaptive
loci. I calculated environmental differentiation among populations by computing a PCA using
WorldClim 2.0 bioclimate variables for all research-grade iNaturalist observations of C. americana
(Fick and Hijmans 2017; iNaturalist Community n.d.). I then calculated PC coordinates for each
sequenced population, grouped by lineage and environmental gradient, and found their average
PC centroid. Finally, I calculated the distance from each population to its respective PC centroid.
I used this index of environmental differentiation among populations distributed along
environmental gradients to inform BayeScEnv and identify putatively adaptive loci within each
lineage and environmental gradient. I also identified putatively adaptive loci using PCAdapt,
which identifies outlier loci driving population structure within metapopulations (Privé et al.

2020). Briefly, I computed a PCA using genetic SNPs in the PCAdapt package framework, then
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determined the optimal number of PC axes to retain by visually assessing how many principal
components had discrete clustering of populations. I then used this number of principal
components for downstream identification of outlier SNPs. To determine the significance of outlier
SNPs identified by either PCAdapt or BayeScEnv, I used an alpha level of 0.05, and adjusted p-
values using Benjamini-Hochberg correction. I retained the intersection of putatively adaptive loci
identified as significant outliers by both PCAdapt and BayeScEnv for use in modeling clines of
divergent allele frequencies. BayeScEnv and PCAdapt identified pools of putatively adaptive loci
for latitudinal (Western: n=5) and elevational populations (Appalachian: n=5; Western: n=8),
though pools did not overlap between gradients or lineages.

RAD-sequencing library preparation randomly samples segments of the genome
determined by the location and frequency of restriction sites. Because of this sampling process,
loci can be used to gain a coarse understanding of patterns of selection across the genome.
However, it is generally not possible to know whether loci are the direct targets of selection or
merely linked to other loci under selection. Consequently, exact function of putatively adaptive
loci identified by BayeScEnv and PCAdapt are not considered (though genomic positions are

reported in SI Table 3).

Genomic selection

To identify whether frequencies of putatively adaptive alleles were associated with
environmental differentiation along gradients, I fit models of geographic distance to one-
dimensional allele frequency clines (SI Fig. 2). I fit competing clines for each locus identified by
genome-scanning methods using the HZAR package (Derryberry, 2019) and compared fits using

AlCec. In total, I ran two geographic models (latitude/longitude) for elevational populations and

89



three geographic models for latitudinal populations (latitude/longitude/distance to refugium),
where distance to the mid-latitude refugium is the distance from populations to hypothesized origin
of northern range expansion. Geographic models were used to ensure that putatively adaptive loci
identified by genome-scanning methods were not associated with neutral genetic divergence (i.e.,
genetic drift) from postglacial range expansion and instead reflect adaptive genetic differentiation
among populations. Geographic cline models used free scaling of allele frequencies without
exponential tails (i.e., models were not bound to the minimum and maximum allele frequency
sampled per cline) to account for incomplete sampling of range space.

I also ran environmental models to determine whether adaptive allele frequencies were
associated with environmental gradients. I calculated environmental differentiation across the
range by first computing a PCA that incorporated all WorldClim 2.0 bioclimatic factors for C.
americana observations from iNaturalist (n=7,781). I then predicted PC1 values from the PCA for
all populations with sequencing data. Environmental models regressed allele frequency against
PC1 as a metric of environmental differentiation among populations. Environmental models were
run with both fixed and free allele frequencies without exponential tails, allowing flexible
assumptions about whether sampling reflected true environmental range limits. Fixed allele
frequencies assume that the full extent of range space has been sampled, while free allele
frequencies assume that the geographic distribution of populations in the range may exceed
samples included in the model. For environmental models, null models, where slope was equal to
zero and intercept was equal to the mean allele frequency across populations, act as the null
hypothesis that AICc scores are first compared against. Finally, I compared geographic and

environmental models of allele frequencies for each lineage and environmental gradient. I retained
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only loci for which the AICc of the environmental model fit was <2 AIC points than the AICc any

geographic model fit.

RESULTS

1. Phenotypic selection

Phenotypic differentiation

Some vegetative traits were differentiated between high elevation and low elevation populations
along the steep environmental gradient. High elevation populations had wider stems (p-
value=0.049) and higher SLA (e.g., less expensive leaves; p-value < 0.001) than low elevation
populations, though plants did not differ in height across elevations (p-value=0.10, SI Table 4).
Likewise, phenology differed by elevation for all phases of flowering and fruiting (immature
budding, flowering, fruiting; Fig. 2; SI Table 5). In particular, flowering in low elevation
populations occurred earlier in the year, whereas high elevation populations located at elevational

range limits flowered later (Fig. 2B).

Phenotypic selection

Selection on vegetative phenotypes was largely consistent across elevations. The direction and
strength of selection did not differ across elevations for height or SLA (SI Table 5). Generally,
selection across elevations favored taller plants and less expensive leaves (SI Fig. 3A,C). However,
the strength of selection on stem diameter significantly differed among elevations, with stronger
selection for wider stems in low elevation populations than in high elevation populations (SI Fig.

3B). While populations from higher elevations had wider stems and less expensive leaves,
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phenotypic differentiation of vegetative traits does not appear to be driven by contemporary
divergent selection across elevations.

Selection on budding and flowering phenology generally favored earlier flowering in low
elevation populations than in high elevation populations. Individuals had higher fitness within their
respective populations if they budded and flowered earlier, though this effect was more dramatic
for low elevation populations than high elevation populations, which experienced little selection
on flowering phenology (Fig. 3A-B; SI Table 5). In contrast, selection on fruiting phenology
favored later fruiting within low elevation populations than within high elevation populations (Fig.
2C; SI Table 5). Thus, net selection on reproduction appears to favor both earlier development of
reproduction and longer duration of reproduction at lower elevations when compared to higher

elevations.

2. Genomic selection

Patterns of genomic selection

Evidence of adaptive genetic differentiation was present along both environmental gradients,
though allele frequency clines were generally steeper for elevational populations than latitudinal
(Fig. 4). Geographic models of allele frequency clines, used to exclude loci likely associated with
neutral genetic divergence during postglacial range expansion or within-lineage phylogeographic
divergence, modestly reduced pools of loci (latitude Western: n=3; elevation Appalachian: n=3;
elevation Western: n=2). For the steep elevational gradient, selection was strong, with little to no
heterozygosity in adaptive loci (Fig. 4). Such patterns suggest strong selection against
introgression among elevational populations for adaptive loci. Conversely, adaptive allele

frequency clines were somewhat shallower for latitudinal populations and featured more
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intermediate allele frequencies (i.e., heterozygosity) than did elevational populations, suggesting

that selection against gene flow may be weaker among latitudinally distributed populations.

DISCUSSION

Divergent patterns of selection among populations are likely ubiquitous features of species
distributed in heterogeneous habitat, seeding expectations of abundant local adaptation. Yet, local
adaptation may be less common than is often assumed (Leimu and Fischer 2008; Hereford 2009),
particularly in small populations. I found strong divergent selection for reproductive phenology
among high and low elevation populations, while the strength and direction of selection on
vegetative traits did not vary. Selection for earlier flowering and later fruiting in low elevation
populations likely indicates that plants that are able utilize more of the local growing season
window have higher fitness than plants that do not. In contrast, selection for earlier flowering and
later fruiting was weak in high elevation populations, suggesting stabilizing selection on
phenology. In early flowering primroses and poppies, pollinator emergence dictates stabilizing
selection on phenology at higher elevations (Wu and Li 2017; Kudo and Cooper 2019), while
drought strongly influences stabilizing on flowering phenology across elevations in a common
Brassica (MacTavish and Anderson 2022).

Additionally, I identified polarized allele frequencies at adaptive loci along a steep
environmental gradient, suggesting strong selection for adaptive differentiation among populations
at differing elevations. Similar patterns of clinal adaptive allele frequencies have been found along
steep elevational gradients in numerous other species, including deer mice (Schweizer et al. 2021),
and humans (Scheinfeldt et al. 2012), and are often associated with asymmetric gene flow along

the elevational gradient that preserve local adaptation (Chapter 4; Funk et al. 2016; Waterhouse et
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al. 2018). Yet, previous work in C. americana established that fitness is generally low in
populations near elevational range limits (Chapter 1). How then can we accord patterns of strong
selection for adaptive differentiation at high elevations with poor fitness of high elevation
populations?

Divergent selection along environmental gradients can reduce gene flow among
populations, preserving adaptive genetic differentiation. Such patterns have been demonstrated in
many species (Tigano and Friesen 2016), and may constitute the primary mechanism by which
local adaptation is maintained among interconnected populations. For example, divergent selection
maintains phenotypic differentiation of vegetative traits and reproductive phenology among
interconnected populations of Ranunculus bulbosus found along an elevational gradient (Frei et
al. 2014). Similarly, selection against migration has been identified as a key factor contributing to
adaptive radiation in monkeyflowers (Stankowski et al. 2019). Yet, selection against migration
near range limits may also restrict the introduction of genetic diversity into range-edge
populations.

Limited genetic diversity can restrict effective population size, diminishing the opportunity
for selection by decreasing heritable genetic variance within populations. Small effective
population size has previously been associated with a reduced capacity to respond to
environmental disturbance in St. John’s wort (Oakley 2013), and increased genetic drift in
populations near range limits in Mercurialis annua (Gonzalez-Martinez et al. 2017). This pattern
suggests that reductions of effective population size near range limits may strongly constrain the
adaptive potential of range edge populations to weather environmental disturbance and seed
further range expansion (for more on adaptive potential, see Chapters 1 & 4). Under such

conditions, theoretical models predict that range expansion along steep environmental gradients
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may be limited (Gilbert et al. 2017), and the evolution of ecological specialist phenotypes favored
(Kassen 2002; Kawecki and Ebert 2004). However, such patterns may also lead to the evolution
of source-sink dynamics, where high elevation populations near range limits become demographic
sinks due to a combination of receiving maladaptive gene flow from the range core and strong
genetic drift within populations.

Conversely, differences in the strength and direction of selection among populations may
be weak along shallow environmental gradients, resulting in little selection against migration along
the gradient. Theoretical models predict that weak differences in selection among populations can
increase heterozygosity in adaptive loci (Spichtig and Kawecki 2004), producing gradual clines of
allele frequencies with intermediate values (Polechova and Barton 2015). I found more modest
clines of adaptive allele frequencies along the shallow latitudinal gradient than I found along the
steep elevational gradient (Fig. 4). Concordant with this trend, previous work found limited local
adaptation along the shallow latitudinal gradient and high population fitness across latitudes
(Chapter 1), except near range limits, where fitness is conditionally reduced by genetic drift
(Chapter 3).

Together with previous work, I identified differences in the strength and direction of
selection along an elevational gradient, yet weak local adaptation and poor fitness near range
limits. While such patterns suggest source-sink dynamics are occurring along the steep elevational
gradient, they appear to be the exception across taxa, rather than the rule. Local adaptation along
steep environmental gradients is common in many taxa (Halbritter et al. 2015; Sexton et al. 2016),
and source-sink dynamics appear to be rare byproducts of gene flow among environmentally
differentiated populations (Kottler et al. 2021). Among neighboring populations, adaptive

differentiation can be maintained via isolating barriers that reduce the opportunity for maladaptive
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gene flow, such as phenological differentiation. Here, stronger selection for early flowering near
low elevations may incidentally protect adaptive divergence between populations along the
environmental gradient through temporal isolation. Differentiation in phenological windows of
reproduction has been shown to increase gene flow among populations of Nothofagus dombeyi
and N. pumilio located in similar environmental conditions, while reducing gene flow between the
environmentally-differentiated species (Juri and Premoli 2021). Accordingly, high elevation
populations, which lacked a period of temporally isolated flowering (Fig. 2), may be more likely
to suffer from gene swamping than low elevation populations. Consequently, temporal separation
of reproduction may be an important component of maintaining adaptive differentiation among
interconnected populations, particularly when populations are well-differentiated by

environmental conditions but not geographic distance.
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Figure 1) (A) Campanula americana populations across an elevational gradient in the Appalachian Mountains. Populations used
for the phenotypic selection and phenology study are shown in blue, while sequenced populations are shown in gold. We
populations were sampled from three genetic lineages, shown by outline color (green=Appalachian, purple=Western,

blue=Eastern). (B) Steepness of environmental gradients along the latitudinal and elevational gradients for genomic selection
analyses (Adapted from Chapter ).
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Figure 2) Phenology of populations by range position differed for all reproductive traits analyzed. Low elevation populations
produced buds and flowers earlier than high elevation populations. Fruiting was delayed in high elevation populations compared to

low elevation populations.
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Figure 3) Standardized linear selection gradients for reproductive phenology. Higher values of standardized phenology indicate
steeper slopes of individual phenology during the selection window. For budding and flowering phenology, plants which budded
and flowered earlier than other individuals in their respective populations tended to have higher fitness. For fruiting phenology,
plants which fruited later tended to produce more fruit than other individuals in their respective populations. Generally, selection
was weaker in high elevation populations than in low elevation populations.
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Figure 4) Genomic selection gradients for one-dimensional allele frequency clines. Shapes
indicate different adaptive loci. Models shown are for loci where the best fit model was PC1
environmental differentiation and not a null or geographic cline. Loci are shown as separate
clines, segregated by lineage. Points, shown by different shapes, are allele frequencies for
SNPs associated with adaptive loci in each population. Across lineages and loci, intermediate

allele frequencies were notably absent.
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SUPPLEMENTARY METHODS
To measure specific leaf area (SLA), we developed a custom python pipeline (SI Fig. 4). In brief,
I dried leaf tissue and imaged samples against a white background from a standardized height and
with standardized magnification. I then rendered images in grayscale, denoised them with a median
filter of 2, and thresholded images via mean values using scikit-image (der Walt 2014). I filled
minor holes and pockmarks in images via reconstruction dilation, which recolors pixels based on
nearest neighbors, using OpenCV (Bradski & Kaehler, 2000). Finally, I cropped silhouetted images
to a known size and tabulated the number of black and white pixels in metric units. For the first
five images processed, I verified the accuracy of the pipeline using ImageJ (Schneider et al. 2012).
I weighed leaf tissue to nearest 4™ digit using a digital scale, and calculated SLA as the area of the

leaf in mm? per unit of leaf mass in mg™!.

Convert to grayscale and denoise Mean threshold and dilation filter Calculate areas of black and white pixels

SI Figure 1) Process of calculating specific leaf area (SLA) using custom python script in
OpenCV and scikit-image (Bradski & Kaehler, 2000; Van der Walt et al., 2014). I took images
with a scale included, then converted images to grayscale and denoised them. I then applied a
mean threshold, which rendered images as black and white silhouettes, and applied a dilation
filter to fill gaps. Finally, I took the known area of the cropped region and converted the tabulated
counts of white and black pixels to leaf area per unit mass.
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Examples of model fits for each type of allele frequency cline
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SI Figure 2) Examples of models where (A) a geographic allele frequency cline is the best fit, (B) environmental allele frequency
cline is the best fit, and (C) a null cline is the best fit. We compared models using AICc.
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SI Figure 3) Standardized linear selection gradients on vegetative traits across elevational populations. Selection was significant
for all traits, favoring taller plants with wider stems and less expensive leaves. The strength of selection (8) did not differ between
high and low elevation populations for height or SLA. Selection for wider stems was stronger for low elevation populations than

high elevation populations.
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population gradient lineage elevation group latitude longitude elevation sequenced | selection
NC91 elevation Appalachian [high 35.59 -83.07 1456 1
VA73 elevation Appalachian |high 37.35 -80.55 1044 1 1
WV7 elevation Appalachian |high 38.18 -80.26 1085 1
Wv4 elevation Appalachian |high 38.70 -79.52 1295 1 1
TN92 elevation Appalachian [low 35.68 -83.53 480 1
VA5 elevation Appalachian |low 37.28 -80.61 496 1 1
PA104 elevation Appalachian |low 40.80 -80.05 289 1
M) elevation Eastern high 36.40 -81.47 1275 1
VA3 elevation Eastern low 38.99 -77.98 429 1
GA2 elevation Western high 34.73 -83.87 1078 1
NC16 elevation Western high 36.19 -81.68 1031 1
GH elevation Western high 36.62 -81.50 1414 1
GA1 elevation Western low 34.60 -84.70 213 1
ALBG elevation Western low 34.65 -86.52 396 1
NC107 elevation Western low 35.94 -82.90 382 1
PM elevation Western low 39.73 -79.90 244 1
MI2 latitude Western high 42.62 -85.44 291 1
MN117 latitude Western high 44.90 -93.19 213 1
Wi4 latitude Western high 43.41 -89.64 260 1
IN7 latitude Western low 39.87 -86.16 228 1
IA17 latitude Western mid 42.46 -90.64 205 1
IN2 latitude Western mid 41.02 -85.24 231 1
MN8 latitude Western mid 44.03 -92.43 308 1
1A12 latitude Western low 41.69 -93.67 246 1
IL10 latitude Western low 40.62 -89.02 229 1
INS latitude Western low 39.15 -86.55 234 1

SI Table 1) Populations used in genomic (sequenced) and field-based phenotypic analyses.
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] elevation |Population | Initiation Visit #1 Visit #2 Visit #3
Site name .
group size day of year | day of year | day of year | day of year
VA73 high 51 152 193 216
Mount Jefferson (MJ) |high 36 158 196 220
Grayson Highlands  |high 65 156 196 215 242
Spruce Knob (SK) high 94 171 204 231
Eggleston (EGG) low 33 153 194 217
Point Marion (PM) low 24 170 203 231
Sky Meadows (SM)  [low 62 168 203 232

SI Table 2) Selection experiment sites and timing of visits given in number of days since beginning
of year. Traits were measured at the of initiation of the selection window and visited upwards of three

additional times.
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Lineage Gradient Scaffold Contig Position SNP ID
Western latitude 7 9| 23496658|393604:23:+
7 9] 41638283|411784:43:-
12 12 175705|634989:114:-
14 9| 22389472|755658:190:-
27 9 167699|1395277:53:-
Western elevation 3 7|1 39745455|177964:29:+
3 7| 60283746]|190899:24.:+
7 9] 66425379|436714:20:-
12 12| 14510250|651687:11:+
13 2| 30888183|716925:14:+
19 4| 47347597]|1034649:6:-
20 14| 51911654|1075997:47:-
20 141 51911711|1075996:15:+
24 3| 21392065(1274056:187:-
Appalachian|elevation 2 4 763290(68304:141:+
7 9] 66420029|436704:13:+
7 9] 66425379|436714:20:-
7 9] 66489761|436786:61:-
12 12| 54625834|681469:652:-

SI Table 3) Putatively adaptive loci identified by both BayeScEnv and PCAdapt.
Population-level allele frequencies for each SNP informed clinal genomic selection
analyses.

Trait Range edge Range core p-value
Height (cm) 57.16 66.25 0.1000
Diameter (mm) 5.17 4.26( <0.0001
SLA (mm~2/mgA-1) 76.64 56.11 0.0002

SI Table 4) Mean values of vegetative traits for high and low elevation populations
and significance of post-hoc comparisons of population differences lumped by
elevation.
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Model Trait elevation group | selection coefficient Term Chi”2 |p-value
vegetative selection [height high 0.29(Height 356.99k0.0001
low 0.46|Elevation 1.21] 0.2709

Height*elevation 0.06] 0.8013

stem diameter high 0.24|Stem diameter 189.58K0.0001

low 0.55|Elevation 1.10{ 0.2937

Diameter*elevation | 98.27K0.0001

SLA high -0.18|SLA 61.41k0.0001

low -0.22|Elevation 8.54| 0.0035

SLA*elevation 3.01| 0.0828

phenology selection |immature buds high -0.47|Slope 258.57K0.0001
low -1.14|Elevation 6.74( 0.0094

Date*elevation 13.04| 0.0003

flowers and mature |high -0.04|Slope 26.24k0.0001

buds low -0.56|Elevation 7.28( 0.0070

Date*elevation 34.53K0.0001

fruits high 0.27(Slope 117.22K0.0001

low 0.97|Elevation 9.71( 0.0018

Date*elevation 126.48K0.0001

phenology immature buds Date 258.70K0.0001
Elevation 46.49K0.0001

Date*elevation 51.12K0.0001

flowers and mature Date 14.46| 0.0001

buds Elevation 153.83K0.0001

Date*elevation 141.31K0.0001

fruits Date 380.74k0.0001

Elevation 12.80| 0.0003

Date*elevation 6.27]| 0.0123

SI Table 5) Models either evaluate selection on vegetative traits (height, stem diameter, SLA) or
reproductive phenology (immature budding, flowering, fruiting). Elevation position specifically
refers whether populations are at high elevation or low elevation. Selection differentials are the
elevation group slopes (B) for high and low elevation populations. Significant p-values (<0.05) are
bolded. Phenology and phenological selection models correspond to Fig. 2, 3, and SI Fig. 3.
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CHAPTER 3:
Fitness consequences of genetic load are modified by environmental conditions along a

shallow environmental gradient.
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ABSTRACT

Genetic load is expected to accumulate via serial founder effects during range expansion and can
reduce population fitness and impede adaptation. Along shallow environmental gradients, where
environments change slowly relative to space, genetic load may accumulate rapidly from serial
founder events and accelerated range expansion. In contrast, along steep environmental gradients,
range expansion may occur more slowly due to high costs of dispersal along the gradient, allowing
migration from the range core to reach the range edge, and ameliorating genetic load in range edge
populations before the range further expands Furthermore, in ecologically marginal habitat,
genetic load may produce greater costs to fitness. Here, I evaluated both the accumulation of load
over range space and its influence on fitness in common gardens across separate elevational and
latitudinal environmental gradients. I then modeled patterns of population fitness across common
gardens as a function of genetic load and environmental conditions at common garden sites. |
found genetic load accumulated along the shallower latitudinal environmental gradient, and that
load was associated with reduced fitness when populations were under more stressful
environmental conditions. In contrast, populations along the steep elevational gradient had more
genetic load than latitudinal populations, but I did not find an interaction effect of stressful
environmental conditions and the amount of genetic load. My results suggest that environment-
dependent expression of genetic load may restrict range expansion, particularly along shallow

environmental gradients and when range limits coincide with ecological marginality.
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INTRODUCTION

Range expansions occur through successive waves of colonization to habitat beyond current range
limits. Colonizations often occur with small numbers of founding individuals. Limited population
size carries the potential for deleterious genetic consequences, including the accumulation of
genetic load via drift (King 1966; Whitlock et al. 2000; Slatkin and Excoffier 2012; Peischl et al.
2013). Genetic load can accrue during serial founder events, resulting in the accumulation of load
in the direction of expansion (Koski et al. 2019) and increased signatures of genetic drift near range
edges (Willi et al. 2018; Foutel-Rodier and Etheridge 2020). Genetic load can diminish population
fitness (Perrier et al. 2020) and reduce population growth rates (Willi et al. 2018), making it more
difficult for populations to adapt and colonize. Theoretical models posit that environmental
gradients, the rate that environments change in space, may influence the accumulation and
consequences of genetic load (Gilbert et al. 2017). Yet, few empirical studies have attempted to
validate these models. Furthermore, while genetic load is known to be consequential for population
fitness, it is unclear how environmental conditions, such as the ecological marginality of habitat,
influence the fitness consequences of genetic load.

As environmental gradients become steeper, theory suggests that the accumulation of
genetic load should slow. Slower accumulation of load results from high fitness costs of dispersal
to novel habitat along steeper gradients, which can slow the rate of range expansion and allow
more time for gene flow from the range core to percolate toward the range edge (Gilbert et al.
2017). Gene flow toward expanding range edges from populations closer to the range core may
help ameliorate the accumulation of genetic load associated with founder effects (Slatkin and

Excoffier 2012), improving population fitness, and the capacity to respond to selection (Alleaume-
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Benharira et al. 2006). As a result, genetic load is expected to accumulate more slowly over steep
environmental gradients than shallow gradients.

While the interplay of adaptation and genetic load during range expansions has been the
subject of extensive theoretical modeling efforts (Peischl et al. 2013; Gilbert et al. 2017; Foutel-
Rodier and Etheridge 2020), experimental evidence remains lean. Experimental work has
predominantly focused on the accumulation of load over shallow environmental gradients, like
latitude (Willi et al. 2018; Koski et al. 2019; Perrier et al. 2020), rather than steep environmental
gradients, like elevation. Additionally, while deleterious effects of genetic load have been well
documented (Willi 2013; Perrier et al. 2020), it is unclear whether and how environmental
conditions can modify the influence of genetic load on reproductive output and population fitness
(but see: Parsons 1971; Perrier et al. 2022). Whether the fitness consequences of genetic load are
modified by the environment is important as it may impose constraints on adaptation that depend
on environmental conditions. Inbreeding depression, which results from segregating genetic load
expressed via mating with closely related individuals, has been shown to increase when
environmental conditions are more stressful (Armbruster and Reed 2005; Galloway and Etterson
2007). Thus, if expression of genetic load accumulated during range expansion is affected by the
environment similarly to that of the segregating load underlying inbreeding depression,
environmental conditions may be key to understanding adaptation during range expansion. For
example, increased expression of genetic load with ecological marginality may depress population
fitness near range edges and impede further range expansion.

Here, 1 used Campanula americana, a native North American wildflower, to
experimentally assess how environmental gradients influence the accumulation of genetic load

during range expansion and how genetic load influences adaptation and fitness in different
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environmental conditions. First, I estimated genetic load near range limits along a steep
environmental gradient and a shallow latitudinal gradient using heterosis of within- and between-
population crosses. I then modeled population fitness in common gardens, estimated in Chapter 1
as a function of genetic load and environmental conditions. I used this framework to address the
following questions: (1) How does the steepness of environmental gradients affect the distribution
and accumulation of genetic load? (2) How do interactions of genetic load and the environment

affect patterns of local adaptation and fitness during range expansion?

METHODS

Study system

Campanula americana is an outcrossing monocarpic herb native to the eastern United States. The
species is generally divided into three genetic lineages, with the Western and Appalachian lineages
composing the majority of populations and territory (Barnard-Kubow et al. 2015). The Western
lineage is largely restricted to the Midwestern and Southern U.S., and the Appalachian lineage to
the extent of the Appalachian Mountains (Barnard-Kubow et al. 2015). Since the last glacial
maximum (~22kya), the Western lineage has expanded from a mid-latitude refugium located in
Kentucky (Koski et al. 2019; Prior et al. 2020; Chapter 5; Appendix 1), while the Appalachian
lineage has largely remained confined to the Appalachian Mountains (Barnard-Kubow et al. 2015).
Previous work in the species identified a positive association between deleterious genetic load (i.e.,
drift load) and distance from the mid-latitude refugium (Koski et al. 2019), suggesting that
northward range expansion in the Western lineage has progressed through serial colonization
events with conspicuous signatures of genetic drift. However, little is known about genetic load in

other lineages and regions of the species’ range.
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Methodological framework

To understand how genetic load evolves across heterogeneous landscapes, 1 first sampled
populations in replicate transects (Fig. 1) across a shallow latitudinal environmental gradient and
a steeper elevational environmental gradient. To estimate genetic load, I created between-
population F; hybrids to determine the gain in fitness from masking deleterious alleles in hybrids
relative to within-population crosses (i.e., heterosis). I then determined whether genetic load was
associated with position relative to the range edge (core/mid/edge) along latitudinal and elevational
gradients. To investigate the relationship between fitness and genetic load, I planted common
gardens across the leading elevational and latitudinal range margins and calculated relative fitness
of individuals and populations. I then modeled the relative fitness of populations within each
common garden as a function of genetic load and the environment. I estimated environmental
conditions in two ways. First, I compared the difference in environmental conditions between a
population’s origin and each respective common garden using PCA. Second, I extracted habitat

suitability estimates for each common garden location from a species distribution model.

Population selection and greenhouse crosses

I sampled populations in portions of the range that represent post-glacial expansion in C.
americana across a steep and shallow environmental gradient (Fig. 1C). I selected range-edge
populations (‘edge’) based on proximity to the northern range edge in the Midwest (latitudinal
range limit), and to the high elevation range edge in Appalachia (elevational range limit). I also
selected populations on the basis of proximity to their respective expansion origins. Populations

nearest to the expansion origin (‘core’), reflect long-established range space, while populations
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intermediate (‘mid’) to the range core, nearer the range edge, reflect more recent range expansion.
I made collections of wild C. americana fruits in the fall of 2019 and 2020. In the upper Midwest,
I sampled nine populations arranged in three replicate transects (Fig. 1A; SI Table 1; 3 core, 3 mid,
3 edge). In Appalachia, I sampled 12 populations: six from the Appalachian genetic lineage in
three replicate transects (3 core, 3 edge), and six from the Western genetic lineage in three replicate
transects (Fig. 1A; 3 core, 3 edge). | germinated field-collected seeds (~13 plants/population) for
each population according to protocols outlined in Chapter 1.

I created between-population hybrids to estimate heterosis. I crossed individuals within
and between populations. All crosses were unidirectional (Fig. 1B), where populations served as
either paternal donors or maternal recipients. In total, I used 21 populations, producing 21 sets of
within-population crosses and 22 sets of between-population crosses (lines in Fig. 1A; SI Table 2).
I performed 15 unique crosses, i.e. genetically distinct, within each population and for each
between-population combination, though fewer when field seed collections were limited (SI Table
2). I segregated the elevational crossing design by genetic lineage (Appalachian/Western) so as not
to confound large-scale genetic differentiation with that accumulated during expansion.

To perform crosses, I emasculated maternal recipient flowers of all pollen when in male
phase. The following day, I selected male-phase donor flowers and applied their pollen to the
stigmas of recipient female-phase flowers. If the recipient was still in male phase, I delayed the
cross until the following day. I used plants only once as paternal donors and once as maternal
recipients for each cross type (within/ between). 1 collected fruits when mature, roughly five weeks

after performing the cross, then stored fruits at 4°C to maintain seed quality.
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Estimating genetic load
I measured fitness components on within- and between-population crosses. I sowed seeds in two
cohorts (n=364, n=422) approximately one week apart. All between- and within-population
crosses were present in both cohorts. In total, I sowed 786 cells in germination trays representing
42 within- and between-population crosses (~19 individuals/cross). 1 sowed five seeds per cell in
each germination tray for cohort one, and three seeds per cell for cohort two. I germinated seeds
and vernalized rosettes using identical protocols as the parental generation. Each cohort spent six
weeks in growth chambers where I recorded the proportion germination per cell biweekly. I then
thinned seedlings to one plant per cell and moved them to a cold room at 4°C to vernalize for seven
weeks. I then moved plants to the greenhouse, transplanted individuals to separate cone-tainers,
and tracked the number of days to first flower biweekly for seven weeks. Once each plant began
flowering, I recorded the number of flowers on the plant weekly for four weeks and summed these
to serve as an estimate of reproductive output. To determine if reproductive output differed
between cohorts, I tested reproductive output as a function of cohort, cross type (between/within)
and the environmental gradient (latitude/elevation; reproductive output = cohort + cross type +
env. gradient + cohort * cross type + cohort * env. gradient + cross type * env. gradient + cohort
* cross type * env. gradient + replicate(cross(cross type))). Cohort was not significant as a fixed
effect or in any interaction (SI Table 3). Consequently, data from both cohorts was combined in
the calculation of heterosis.

I calculated heterosis for each population for germination, reproductive output, and lifetime
fitness. For lifetime fitness, I multiplied the germination proportion per cell (0-1) by the total
reproductive output (>0). I first computed averages per cross to calculate population-level

estimates of heterosis. Then, for each fitness component (germination/reproductive output/lifetime
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fitness) and each cross, I took the average value for the between-population cross (B;;) and
subtracted it from the average mid-parent within-population value (W, W), before dividing it by
the mid-parent value (W; ;). I then found heterosis for both between-population crosses that
populations were involved in (B;; and By;), and calculated the average value of heterosis for each

population by averaging the values, as shown in the following equation:

B, ) — u(w, w B..)— u(W,, W,

heterosis population; = u <M( l']) ,u( l ]) ,#( k'l) bl J)
u(w, w;) p(W, W)

Positive values of heterosis indicate that between-population crosses are more fit than expected by

mid-parent fitness. Consequently, heterosis results from the masking of deleterious recessive

alleles fixed in one parental population that are not fixed in the other. I used heterosis as an index

of genetic load for each population.

Distance of populations to the range edge and mid-latitude refugium

I estimated the distance of each population to the range edge and to the mid-latitude refugium. To
generate estimates of population distance to the range edge, I fit a spatial hull around the range of
C. americana. First, I downloaded iNaturalist research-grade observations of C. americana up to
2021 (iNaturalist Community n.d.; n=7,781). I then fit a concave polygon using the alphahull R
package (Pateiro-Lopez and Rodriguez-Casal 2022). I calculated the distance of populations to the
closest range edge as the distance between the polygon edge and population locations using the
dist2Line function from the geosphere package (Hijmans 2021). I calculated the distance of
populations to the mid-latitude refugium in Kentucky as the distance between populations and the
approximate coordinates of the refugium obtained from Koski et al. (2019). I calculated distances
using haversine geodesic distances and the geodist function from the geodist package (Padgham

2021). To estimate the influence of range expansion on the accumulation of genetic load, I fit
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Gaussian linear models of population genetic load as a function of distance to range edge and of

distance to the mid-latitude refugium.

Fitness estimates from common gardens

To understand how genetic load influences the fitness of populations along an expansion front, I
used estimates of fitness previously measured in common gardens across latitudinal and
elevational environmental gradients (Chapter 1). Briefly, I constructed common gardens near the
home sites of populations used in the between- and within-population crosses. These included
eight gardens that traversed the latitudinal environmental gradient. For each garden, I planted two
individuals from each of the nine populations into each of 10 blocks, totaling 180 plants/garden.
Across the elevational environmental gradient, I constructed four gardens. For each garden, I
planted two individuals from each of the six populations into each of 10 blocks (2
plants/block/population; n=120). I placed vernalized plants grown from greenhouse produced
seeds in each garden. For details on garden construction, see Chapter 1. I assessed the total fruit
count per plant as an estimate of reproduction. Plants that died after transplanting into gardens
were assigned a reproduction value of zero. Reproduction was highly variable between gardens.
To standardize performance across gardens and estimate local adaptation, I relativized

reproduction within each garden by dividing individual fitness by the mean fitness of its garden.

Statistical analysis

Genetic load and range position
I analyzed the relationship between population genetic load (i.e., lifetime heterosis) and range

position (core/mid/edge) for latitudinal and elevational gradients to estimate how genetic load
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accumulates along environmental gradients that differ in steepness. First, I tested whether genetic
load differed significantly from zero for each lineage (Appalachian/Western) and gradient
(latitude/elevation) separately, ignoring population range position. I then examined whether
genetic load increased across range space using Gaussian ANOVAs, treating average genetic load
calculated from each life stage (germination, reproductive output, lifetime) as a function of
categorical range position (edge/mid/core; genetic load = range position + transect(range
position)). For the elevational gradient, I included an additional categorical predictor of lineage
(genetic load = range position + lineage + range position * lineage + transect(range position)).
I also conducted linear regressions with continuous predictors of latitude and distance to the range
edge for populations distributed across latitudinal environmental gradients. I weighted linear
regressions as needed to account for the influence of outliers and heteroscedasticity. I calculated
regression weights as the inverse of the squared fitted values of a regression between the absolute
values of residuals from the naive linear model (i.e., unweighted) and its fitted values. I did not
analyze elevation as a continuous predictor, as elevational range limits vary across the Appalachian
Mountains making values of the population’s elevation unreliable estimators of distance to range

edges.

Genetic load and population fitness

To better understand how environment affects the capacity of genetic load to constrain population
fitness near range edges, I assessed fitness in common gardens as a function of genetic load and
of environmental conditions. Environmental conditions were assessed in two manners: comparing
displacement of environmental conditions between a population’s origin and the common garden

site, and in the context of range-wide habitat suitability. To determine environmental displacement
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I extracted all bioclimatic factors from the WorldClim 2 data set (n=19; Fick and Hijmans 2017)
for the locations of all iNaturalist research-grade C. americana observations (n=7,781; iNaturalist
Community) and performed a PCA. I predicted coordinates for PC1 (62.18% variance; SI Fig. 1)
and PC2 (15.44% variance) for all locations of common gardens and population origins. I then
estimated environmental displacement by finding the difference between the site of population
origin and the common garden site for PC1 and PC2 (APCorigin-garden) for each population in each
garden.

I then modeled the effects of genetic load and environmental displacement on population
relative fitness within common gardens via mixed effect Gaussian linear regression. Models
regressed relative fitness (Chapter 1) of individuals in common garden sites against population-
level cumulative genetic load (i.e., lifetime heterosis) and APCorigin-garden. I added block and garden
as nested random effect terms (relative fitness = PClorigin-garden + genetic load + genetic load *
PClorigin-garden + block(garden) + population(genetic load)) using the lme4 package in R 4.2.0
(Bates et al. 2014; R Core Team 2022). I constructed models for populations distributed across
latitude and elevation separately and did not combine lineages within elevational gradients. To
determine significance of model terms, I ran type IIl ANOVAs on all models using the car package
(Fox and Weisberg 2019). To visualize model interactions, I used the sjPlot (Liidecke 2023),
ggplot2 (Wickham 2016), and visreg packages (Breheny and Burchett 2017).

An additional set of Gaussian linear mixed effect models assessed whether habitat
suitability at each common garden site explained relative fitness and whether an interaction
between the site’s suitability and genetic load significantly contributed to variance in relative
performance. I generated estimates of habitat suitability for common garden sites from a species

distribution model (SDM; Appendix 1). I extracted habitat suitability estimates of common garden
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sites as a decimal score between 0 and 1 from the SDM. Models followed identical structure to
those detailed above (relative fitness = genetic load + habitat suitability + genetic load * habitat
suitability + block(garden(habitat suitability)) + population(genetic load)). 1 performed type 111
ANOVAs to determine significance of model terms. Western-lineage elevational populations were
rank-deficient for models both of environmental suitability and of displacement and so were

dropped from final analysis.

RESULTS

Populations across environmental gradients displayed genetic load, though the degree of
accumulation varied by gradient and lineage. Western-lineage populations sampled along the
shallow latitudinal environmental gradient displayed modest lifetime heterosis, indicating genetic
load (u=0.14, range=-0.01-0.22). Appalachian-lineage populations sampled along the steep
elevational environmental gradient had somewhat greater mean lifetime heterosis (u=0.26,
range=0.17-0.49). In contrast, Western-lineage populations along a steep elevational gradient had
mean negative estimates of lifetime heterosis (u=-0.07, range=-0.21-0.10), suggesting modest

outbreeding depression (Fig. 2).

Genetic load and range position

Estimates of genetic load derived from lifetime heterosis did not increase toward the range edge
along either environmental gradient (Fig. 2; SI Fig. 2). For populations distributed across elevation,
lifetime genetic load differed somewhat between lineages (p-value=0.014) but not by range
position (p-value=0.24), though the interaction was significant (p-value=0.027). The significant

interaction of lineage and range position likely reflects differential expression of load across life
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stages and outbreeding depression among Western-lineage elevation populations (Fig. 2). For
estimates of genetic load based on germination rates, edge populations had significantly greater
load on average than core populations (p-value=0.001), largely due to greater load in range edge
Appalachian populations (interaction p-value=0.01; Fig. 2). Negative estimates of germination
genetic load for Western-lineage elevational populations indicate outbreeding depression. For
estimates of genetic load based on flowering, elevational populations near the range core carried
significantly more genetic load than did high elevation, range edge populations (range position p-
value=0.001; Fig. 2). Lineage was not a significant predictor of genetic load associated with
flowering. For Western-lineage latitudinal populations, estimates of genetic load did not vary
across range positions for either life stage (Fig. 2), but was near significant for the lifetime heterosis
metric (p-value=0.057).

Genetic load has been previously shown to correlate with distance from the mid-latitude
glacial refugium (Koski et al. 2019). Here, genetic load was near significant when regressed
against distance to range edge (SI Fig. 3A; p-value=0.08), though distance to the mid-latitude
refugium was not (p-value= 0.52; SI Fig. 3B). Latitude, when weighted and treated continuously,
did not explain variance in lifetime genetic load (p-value=0.11; SI Fig. 2). For elevational
populations, accumulation of genetic load was unrelated to continuous measures of elevation (p-

value=0.18; SI Fig. 2).

Genetic load and population fitness
The effect of genetic load on fitness depended on the environmental conditions that populations
experienced within common gardens. Relative fitness within common gardens was explained by

interactions of genetic load and climatic differentiation between population origin and common
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garden sites for APClorigin-garden (Fig. 3; SI Table 4; SI Fig. 4). In particular, where environmental
conditions at latitudinal garden sites were more temperate (more seasonal, cooler winters, less
precipitation), i.e. potentially more stressful, than locations of population origin, populations with
low genetic load outperformed populations with high genetic load. Where garden site conditions
were more subtropical (less seasonal, warmer winters, more precipitation), relative fitness did not
vary with genetic load, suggesting that load does not produce high fitness costs when plants
experience benign conditions than at origins. In concert with this, genetic load more strongly
constrained performance in less suitable habitats (Fig. 3B). More specifically, in models
incorporating habitat suitability (Fig. 3), the interactions of genetic load and habitat suitability
were significant, indicating that ecological marginality of common garden sites influences the
fitness consequences of genetic load. Variance in relative fitness was not significantly explained
by APC2rigin-garden, NOT its interactions with genetic load (SI Table 4) though it is worth noting that
PC2 explained substantively less variance in bioclimatic conditions across the species’ range
(15.44% variance; SI Fig. 1) than PC1 (62.18% variance).

Across elevational common gardens, environmental conditions did not modify the effect
of genetic load to constrain local adaptation or fitness. Within common gardens, relative fitness of
Appalachian-lineage populations was not explained by the interaction of APClorigin-garden and
genetic load (SI Table 4). In contrast, APC2qrigin-garden Was significant in models, though neither
genetic load nor the interaction between APC2 and genetic load were significant (SI Table 4; SI
Fig. 4). Finally, habitat suitability, which estimated ecological marginality of common garden sites,

was not significant in any models (SI Table 4).
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DISCUSSION

Genetic load across environmental gradients

During range expansions, range-edge populations are the product of serial colonizations and may
be subject to strong genetic drift (Peischl et al. 2013), resulting in elevated genetic load associated
with range limits (Willi et al. 2018) and distance from the origin of range expansion (Koski et al.
2019). Previous work in C. americana identified an association between genetic load and distance
from the origin of latitudinal range expansion in a near range-wide sample of populations (Koski
et al. 2019). Here, lifetime genetic load was marginally explained by range position and distance
from the range edge along the latitudinal gradient (Fig. 2; SI Fig. 3), replicating earlier findings.
These patterns also indicate that recent range expansion has resulted in modest accumulation of
genetic load near range limits, potentially related to more recent founding effects.

Accumulation of genetic load was similar across the steep and the shallow environmental
gradients, in contrast to predictions from theoretical models (Gilbert et al. 2017). Sampling of
populations near less genetically diverse range limits may have limited detection of genetic load
among populations using heterosis. C. americana populations near the northern latitudinal range
edge are less genetically diverse (Koski et al., 2019, Scott et al., in prep) and likely descend from
a single mid-latitude refugium (Koski et al. 2019; Prior et al. 2020). Reduced genetic diversity
may prevent deleterious loci from being masked in between-population crosses as populations are
genetically similar, resulting in downward-bias in estimates of genetic load (-0.01-0.22). In
contrast, high elevation Appalachian populations had greater average genetic load (0.17-0.49),
concordant with greater genetic variation found in the lineage and a more complex history of

postglacial range expansion seeded by multiple microrefugia (Barnard-Kubow et al., 2015;
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Chapter 5; Appendix 1). Thus, my ability to detect differences in genetic load using heterosis may
be much greater among elevational populations than latitudinal.

Accumulation of genetic load can be moderated during range expansions via episodic
purging. While theoretical models have posited that gene flow most effectively purges genetic load
along steep environmental gradients (Gilbert et al. 2017), other factors may influence the accrual
of load independent of the environment. For example, cycles of inbreeding and outbreeding
induced via intermittent gene flow events and post-colonization inbreeding have both been shown
to efficiently purge genetic load accumulated during simulated range expansions of the invasive
plant Brachypodium sylvaticum (Marchini et al. 2016). Selfing ability in the Western lineage is
significantly associated with distance from a mid-latitude glacial refugium (Koski et al. 2019). In
addition, inbreeding depression declines toward latitudinal range limits (Barringer et al. 2012).
Both suggest that genetic load may be actively purged during range expansion. Hence, genetic
load may be moderated along the shallow latitudinal environmental gradient by cyclic inbreeding

and outbreeding, overriding theoretical expectations of greater load over shallow gradients.

Fitness consequences of genetic load across environmental gradients

Genetic load influenced population fitness only along shallow environmental gradients and where
differences in environmental conditions were greatest, suggesting that fitness consequences of load
may be exacerbated by ecological marginality. Specifically, there were few fitness costs associated
with genetic load in more benign environments (i.e., more suitable habitat, warmer winters, more
precipitation; Fig. 3); while more stressful environments yielded significant fitness costs
associated with genetic load (i.e., less suitable habitat, colder winters, and less precipitation; Fig.

3). These patterns suggest a synergistic effect of genetic load and environment, where expression
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of load is compounded by deleterious environmental conditions to produce stronger constraints of
fitness in ecologically marginal habitat than either factor in isolation (i.e., environmental
conditions or genetic load). Previous work in other systems ranging from plants (4rabidopsis
lyrata; Perrier et al. 2022) to insects (Drosophila melanogaster; Parsons 1959) have found similar
patterns of environment-dependent expression of genetic load. However, trends have generally
either been marginal or considered only single elements of environmental variation, like cold
temperature resistance (Parsons 1971).

Dynamics of environment-dependent expression of genetic load may be especially relevant
to processes of adaptation at or near species range limits. Geographic limits of species’ ranges
often align with fundamental ecological niche limits (Hargreaves et al. 2014), suggesting that
habitat beyond range limits represent worsening environmental conditions for the species. Where
habitat degrades in quality beyond range limits, high genetic load in range edge populations may
prevent successful colonization beyond the range edge by compounding the fitness consequences
of genetic load via environmental stress, potentially inducing ‘mutational meltdown’ and source-
sink dynamics (Gabriel et al. 1993; Willi 2013; Willi and Van Buskirk 2019). Together, fitness may
be strongly limited by interactions of environment and genetic load, impeding range expansion,

and potentially leading to the formation of stable range limits.
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Figure 1) (A) Locations of Campanula americana populations sampled across latitudinal and elevational gradients (core, mid,
edge). Lines connect populations that were hybridized to estimate genetic load via heterosis. (B) Crossing scheme depicting triads
of between (B) and within (W) population crosses. Crosses were performed unidirectionally, such that populations were used only
as a maternal recipient or paternal donor once. (C) APC1/AGeographic distance (km) between along transects from the range core
toward the range edge (core-edge/core-mid/mid-edge). Error bars show standard error of mean gradient estimates.
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Figure 2) Heterosis estimates, an index of genetic load, expressed in
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Figure 3) For the latitudinal gradient, multivariate models evaluating the relationship of relative fitness in common gardens with
genetic load and environmental displacement (APC1) or common garden site suitability. For both measures of climate, as sites
became less suitable and climates harsher, populations with less genetic load tended to outperform populations with high load.
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SI Figure 1) Principal component analysis of bioclimatic factors for all iNaturalist research-
grade observations, shown as points (n=7,781). Red arrows show eigenvectors for WorldClim
2.0 bioclimatic variables (n=19) in the PC1 and PC2 dimensions. Together, PC1 and PC2
explain 77.62% of variance in bioclimatic factors.
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SI Figure 2) Heterosis for lifetime fitness as a function of elevational and latitudinal gradients.
Environmental gradient did not explain heterosis. For elevational populations this was also
true when lineages were modeled separately, Appalachian p-value=0.21 (green); Western p-
value=0.21 (purple). I weighted the latitude regression to account for the influence of an

outlier.
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SI Figure 3) Modeled relationship of heterosis for lifetime fitness and distance from the range
edge and the mid-latitude refugium for populations from the latitudinal gradient.
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SI Figure 4) Data distributions underlying models exploring the interactions of genetic load
and environmental context on relative fitness within and among common gardens (Figure 3).
Symbol sizes are scaled by the number of points in the approximate area of the surface.

Distributions are not shown for Western lineage elevational populations, as models were rank
deficient.
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population gradient lineage [range position| transect | latitude | longitude | elevation | germination load | flowering load | lifetime load
EGG elevation Appalachian |core 1 37.28 -80.61 511 0.02 0.22 0.26
PA104 elevation Appalachian [core 2 40.8 -80.05 289 0.01 0.27 0.18
TN92 elevation Appalachian |core 3 35.68 -83.53 480 0.03 0.34 0.21
VA73 elevation Appalachian |edge 1 37.36 -80.56 1227 0.42 0.08 0.17
SK elevation Appalachian [edge 2 38.71 -79.52 1375 0.17 0.19 0.29
NC91 elevation Appalachian |edge 3 35.59 -83.07 1457 0.73 0.07 0.49
GA1 elevation Western core 4 34.6 -84.7 214 -0.32 0.17 -0.11
ALBG elevation Western core 5 34.65 -86.52 401 -0.07 0.17 0.1
TN34 elevation Western core 6 36.08 -86.3 201 -0.22 0.22 0.04
GA2 elevation Western edge 4 34.72 -83.85 1015 -0.07 -0.04 -0.21
NC16 elevation Western edge 5 36.19 -81.68 1032 -0.22 0.09 -0.15
NC130 elevation Western edge 6 35.52 -83.21 1356 -0.23 0.02 -0.09
HP latitude Western core 7 39.87 -86.16 NA 0.09 0.03 0.14
SH latitude Western core 8 40.62 -89.02 NA 0.01 0.05 0.1
1) latitude Western core 9 41.75 -91.52 NA -0.02 0.05 -0.01
FC latitude Western mid 7 41.02 -85.24 NA 0.05 0.06 0.12
HB latitude Western mid 8 42.46 -90.64 NA 0.08 0.06 0.17
QH latitude Western mid 9 44.03 -92.43 NA 0.06 0.14 0.22
FT latitude Western edge 7 42.62 -85.44 NA 0.12 -0.01 0.17
V latitude Western edge 8 43.41 -89.64 NA 0.05 0.11 0.14
MDP latitude Western edge 9 44.9 -93.2 NA 0.07 0.07 0.18

SI Table 1) Populations sampled with assignment to respective gradient, lineage, and range position. Coordinates and heterosis/genetic
load estimates are included. Negative values for heterosis are suggestive of mild reproductive isolation within crosses, preventing the
use of Western lineage elevational populations in models comparing patterns of genetic load.
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maternal population |paternal population type count
ALBG ALBG Wi 11
Egg Egg Wi 11
FC FC Wi 13
FT FT Wi 12
GA1 GA1 WI 13
GA2 GA2 WI 3
HB HB Wi 13
HP HP Wi 12
1) 1) Wi 8
MDP MDP Wi 14
NC130 NC130 Wi 3
NC16 NC16 WI 9
NC91 NC91 WI 5
PA104 PA104 WI 3
QH QH Wi 15
SH SH Wi 11
SK SK Wi 8
TN92 TN92 Wi 10
vV vV Wi 11
VA73 VA73 Wi 12
ALBG GA1 BW 8
EGG TN92 BW 9
FC QH BW 10
FT MDP BW 11
GA1 TN34 BW 8
GA2 NC130 BW 3
HB FC BW 10
HP J] BW 4
1) SH BW 2
MDP Vv BW 9
NC130 NC16 BW 2
NC16 GA2 BW 2
NC91 SK BW 5
PA104 EGG BW 4
QH HB BW 12
SH HP BW 13
SK VA73 BW 10
TN34 ALBG BW 8
TN92 PA104 BW 4
VA73 NC9I1 BW 7
V FT BW 12
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SI Table 2) Cross within and between populations with the number of each cross
performed. WI indicates the cross was performed within the population, while BW
indicates the cross was performed between the populations. Population 1 indicates
the population of the maternal recipient in the cross, while population 2 indicates the
population of the paternal donor in the cross.




term df F-value p-value

Cohort 1 1.30 0.254
Cross Type 1 4.09 0.043
Environmental Gradient 1 10.19 0.001
Cohort:Cross Type 1 0.00 0.988
Cohort:Environmental Gradient 1 0.74 0.389
Cross Type:Environmental Gradient 1 0.50 0.479
Cohort:Cross Type:Environmental Gradient 1 0.24 0.622
Residuals 735

SI Table 3) Type III ANOVA results testing from significance of cohort effects on
reproductive output with factors of the cross type (within/between) and environmental
gradient (elevation/latitude; reproductive output ~ cohort * cross type * gradient type).
Cohort was not significant as a fixed effect in the model, nor in any interaction. Thus,
reproductive output per cohort did not vary according to gradient, cross type, or
gradient and cross type together.

gradient lineage environment term model terms Chi"2 p-value

latitude Western habitat suitability  |genetic load 1.14 0.288
habitat suitability <0.01 0.957

load * habitat 27.83 <0.001

APC1 origin - garden [genetic load 2.83 0.092

APC1 origin - garden 2.05 0.152

load * APC1 711 0.008

APC2 origin - garden [genetic load 0.64 0.423

APC2 origin - garden 0.49 0.486

load * APC2 1.23 0.268

elevation Appalachian habitat suitability  |genetic load 0.02 0.900
habitat suitability 0.95 0.330

load * habitat 0.86 0.355

APC1 origin - garden [genetic load 0.01 0.906

APC1 origin - garden 0.43 0.510

load * APC1 0.13 0.723

APC2 origin - garden [genetic load 0.13 0.720

APC2 origin - garden 17.03 <0.001

load * APC2 0.00 0.964

SI Table 4) Type III ANOVA results for mixed effect models testing how relative
fitness in common gardens is influenced by genetic load and environmental conditions.
Environmental conditions were estimated in two ways: first, by the APC value between
population origin and common garden site for PC1 and PC2. Second, by the habitat
suitability for each common garden, estimated from the SDM (Appendix 1).
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CHAPTER 4:

Consequences of selection and gene flow along environmental gradients.
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ABSTRACT

Genetic differentiation among populations can be promoted via genetic drift and selection or
constrained by gene flow. Along environmental gradients, where environments change linearly in
space, divergent selection among populations can reduce gene flow, enhancing local adaptation
but limiting effective population size. Here, I investigated whether patterns of genetic
differentiation along gradients were broadly explained by drift, environmental selection, or gene
flow using tests of isolation by distance and environment. I then explored asymmetries in migration
and effective population size among populations located along both environmental gradients using
demographic inference. I found isolation-by-distance along the steep environmental gradient,
where migration was most asymmetric, and a decline in effective population size toward
elevational range limits. Along the shallow gradient, I found weak signals of isolation-by-distance,
symmetric migration, and reductions in effective population size toward latitudinal range limits. I
conclude that gene flow reduces local adaptation along both environmental gradients but has led
to source-sink dynamics only along the steep gradient. These results suggest that environmental
gradients play an important role in mediating patterns of adaptation across range-wide scales by

modulating fitness costs associated with gene flow.
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INTRODUCTION
Genetic differentiation between populations can be promoted by the diversifying influences of
genetic drift and selection, or constrained by gene flow (Wang 2013). The balance of these
microevolutionary drivers often depends on their interactions with environment. Along shallow
environmental gradients, where environments change slowly in space, weak selection against
migration can allow high levels of gene flow along the gradient, reducing signatures of adaptive
and neutral genetic differentiation (Polechovd and Barton 2015). Along steep environmental
gradients, where environments are more locally differentiated, divergent selection along the
gradient drives increased costs of dispersal and local adaptation (Hereford 2009; Polechové and
Barton 2015).

Where selection against gene flow is weak relative to the amount of migration, gene flow
can impede local adaptation in recipient populations (Bridle et al. 2009; Bachmann et al. 2020).
Yet, examples of maladaptive gene flow reducing local adaptation are uncommon (Halbritter et al.
2015; Sexton et al. 2016; Kottler et al. 2021). Understanding when and how maladaptive gene flow
shapes interpopulation dynamics and local adaptation along environmental gradients can offer a
clearer understanding of how microevolutionary dynamics drive range expansions across
heterogeneous habitats and how gene flow influences the evolution of populations near range
limits. In particular, previous theoretical (Ronce and Kirkpatrick 2001; Alleaume-Benharira et al.
2006; Henry et al. 2015) and empirical work (Strasburg et al. 2011; Fedorka et al. 2012; Brady et
al. 2019) both suggest that effective population size influences and is influenced by the relationship
between gene flow and local adaptation.

Effective population size (Ne), which in part describes genetic diversity within populations

(Frankham 1996), is closely linked with adaptive potential. For example, effective population size
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is positively correlated with adaptive divergence across species of sunflower (Strasburg et al.
2011), and small effective population size has been shown to limit population establishment of St
John’s wort (Oakley 2013). In general, populations near range limits are predisposed to have
smaller effective population size (Cisternas-Fuentes and Koski 2023), in part due to lingering
demographic effects of range expansions, like serial founder events (Slatkin and Excoffier 2012;
Willi 2019). Strong selection against gene flow can reduce effective population size by sweeping
adaptations of large effect to fixation (Furrer and Pasinelli 2016). In experimental evolution of
adapting to novel resources in 7rilobium flour beetles, strong environmental selection reduced
effective population size within experimental populations, increasing the relative strength of drift
over the course of multiple generations, eventually leading to demographic collapse (Falk et al.
2012). Near range limits, the compounding loss of effective population size due to serial founder
effects and strong selection may drastically limit the adaptive potential of populations, curtailing
range expansion and limiting local adaptation. Yet, few studies have attempted to characterize how
effective population size influences microevolutionary dynamics and patterns of local adaptation
during range expansions.

Here, 1 explore the relationship between migration and effective population size on
microevolutionary dynamics along elevational and latitudinal environmental gradients in
Campanula americana, a North American wildflower. Along the elevational gradient, populations
performed better in common gardens near their home environment than away from it (range edge
or range core; Chapter 1). Yet, range-core populations outperformed range-edge populations in
both range edge and range core common gardens. The presence of home vs. away local adaptation
in range-edge populations indicates some ecological specialization to local conditions, yet the

general overperformance of range core populations indicates that populations at elevational range
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limits have poor fitness. Sharply divergent allele frequencies at adaptive loci along the elevational
gradient (Chapter 2), reveal strong environmental selection and high costs associated with gene
flow along the gradient. In contrast, population fitness along the latitudinal environmental gradient
is generally high and local adaptation is limited (Chapter 1), suggesting ecological generalization.
Here, clines of adaptive allele frequencies are gradual, suggesting weak environmental selection
along the latitudinal gradient (Chapter 2) and few costs to gene flow and dispersal.

I compared environmental gradients that differ in steepness in C. americana to reveal
contributions of drift, gene flow, and selection to geographic patterns of genetic differentiation. I
used isolation-by-distance tests to evaluate the balance of gene flow and genetic drift, and
isolation-by-environment tests to evaluate the influence of selection relative to genetic drift and
gene flow. I then examined whether migration rates among populations and effective population
size within populations differ along each environmental gradient with demographic inference
models. 1 used this suite of analyses to address the following specific questions: (1) What
microevolutionary pressures are driving genetic differentiation across environmental gradients that
differ in steepness? (2) Are migration rates asymmetric among populations along environmental
gradients and do they indicate maladaptive gene flow? (3) Does effective population size vary
along environmental gradients and does this effect depend on the steepness of the gradient? Finally,
I interpret results in a broader framework of selection and adaptation across the native range of
Campanula americana and discuss outcomes of gene flow along environmental gradients that

differ in steepness.
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METHODS

Study system

Campanula americana is a monocarpic wildflower distributed across the eastern United States. It
is primarily outcrossing and insect pollinated (Galloway et al. 2003; Koski et al. 2019a).
Additionally, C. americana is frequently locally abundant but geographically patchy in its
distribution (field observations). C. americana has a complex phylogeographic history of range
expansion since the last glacial maximum (Barnard-Kubow et al. 2015; Chapter 5). It is generally
divided into three genetic lineages that differ in their contact and phylogeographic history. Here, I
focus on the two lineages with the broadest distribution: the Appalachian lineage and the Western
lineage.

The Appalachian lineage is confined to the Appalachian Mountains and likely expanded
toward its contemporary elevational range limits after the last glacial maximum from multiple
microrefugia scattered in and around the Appalachian Mountains (Chapter 5; Appendix 1; Barnard-
Kubow et al. 2015). The Western lineage is found in the southern Appalachian Mountains and has
a broad latitudinal distribution in the eastern United States. The Western lineage persisted through
the last glacial maximum in relictual habitat in the American south near the Gulf of Mexico and in
a smaller mid-latitude refugium (Barnard-Kubow et al. 2015). Expansion toward contemporary
latitudinal range limits was largely seeded by the mid-latitude refugium and occurred in the
Holocene period (Koski et al. 2019b; Prior et al. 2020), while expansion of the Western lineage
toward contemporary elevational range limits was likely seeded by relictual southern populations
(Barnard-Kubow et al. 2015; Perrier et al., unpublished data). As a result, the Western lineage

traverses both a northward shallow latitudinal environmental gradient and a steep elevational
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environmental gradient in the southern Appalachian Mountains. Whereas the Appalachian lineage

traverses a steep elevational gradient throughout the Appalachian Mountains.

Genomics

To estimate genetic differentiation near the species’ elevational and latitudinal range limits, I
sampled individuals from populations across lineages and environmental gradients (Fig. 1; SI
Table 1). In total, I sampled 19 populations from portions of the species’ range nearest to latitudinal
and elevational limits. Specifically, I sampled nine populations along the latitudinal gradient from
positions near the range core, range edge, and intermediate between them (3 core/3 mid/3 edge);
and 10 populations across two genetic lineages from the elevational gradient (4 Western/6
Appalachian) from range positions near the low elevation range core (2 Western/3 Appalachian)
and the higher elevation range edge (2 Western/3 Appalachian). I sampled populations to produce
three replicate latitudinal transects (Fig. 1), each containing a population from near the range core,
the mid-range, and the range edge; and five elevational transects (2 Western, 3 Appalachian), each
containing a population from near the low-elevation range core and the high-elevation range edge.
Transects contained only populations within lineages (Western or Appalachian) to avoid
comparisons confounded by phylogenetic relationships.

I germinated seeds from these 19 wild C. americana populations following protocols
outlined in Chapter 1. I harvested leaves from young rosettes (~9 ind./pop.), then dried the leaf
tissue. I sent tissue samples for RAD-Seq library prep, including DNA extraction, and Illumina
sequencing at Floragenex. Details of library prep, sequencing, and assembly can be found in
Chapter 1. I aligned and assembled sequences using Stacks 2 (Rochette et al. 2019). I filtered SNPs

using a minor allele frequency of 0.05, and a missing threshold of 20%. I further reduced the SNP
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dataset by selecting only biallelic SNPs, SNPs with a minimum read depth equal to or greater than
10, and SNPs with a maximum read depth equal to or less than 50 to ensure only high-quality

SNPs were retained. In total, I retained 6,378 SNPs for the full dataset.

Structure of isolation (IBD vs. IBE) across environmental clines
I computed genetic, environmental, and geographic distance matrices between populations for the
Western elevational gradient, the Appalachian elevational gradient and the Western latitudinal
gradient. I determined environmental distance between populations using all bioclimatic factors
from WorldClim 2.0 (n=19; Fick and Hijmans 2017). I first extracted bioclimatic factors for the
coordinates of all research grade iNaturalist observations of C. americana as of 05/2022 (n=7,781;
iNaturalist Community n.d.). I conducted a PCA on the extracted climate data, retained the first
five PC axes that explained at least 95% of the variance in bioclimatic data among populations,
and computed the Euclidean distance between populations in PCA space. I calculated geographic
distance between pairs of populations by finding the shortest path through suitable habitat in a
species distribution model (Xia et al. 2024), a metric I call ‘effective geographic distance’.
Effective geographic distance accounts for contiguity of habitat between populations and assesses
the distance between populations that migrants would traverse remaining within the species’
ecological niche (Supplementary Methods; Appendix 1). Finally, I estimated genetic distance
between populations using Fst calculated from the high-quality SNP set (n=6,378) with 100
bootstraps in the StAMPP package using the stamppFst function in R 4.2.0 (Pembleton et al. 2013).
I performed isolation-by-distance (IBD) and isolation-by-environment tests (IBE) analyses
for each environmental gradient (elevation/latitude) and lineage (Western/Appalachian) evaluated

the relative strength of selection, drift, and gene flow by. I analyzed IBE using two methods. First,
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I computed multiple matrix regressions with randomization (MMRR), following Wang (2013).
Briefly, MMRR works by regressing matrices of genetic distance (Fst) against matrices of
geographic and environmental distance, while performing 1,000 random permutations of the data
to account for non-independence of pairwise population comparisons. I performed MMRR tests
for each environmental gradient and lineage group using the function 1lgrMMRR from the
PopGenReport package (Adamack and Gruber 2014). Second, I computed partial Mantel tests
using identical matrices to those used in MMRR with 1,000 random permutations and Pearson
correlations. To assess IBD without accounting for environmental variation across gradients, I
performed Mantel tests using the mantel.partial and mantel functions from the vegan package

(Dixon 2003).

Migration asymmetry and effective population sizes

Maladaptive gene flow can be inferred by asymmetric rates of migration among populations
(Fedorka et al. 2012), though asymmetries do not necessarily indicate a loss of local adaptation
(Tigano and Friesen 2016). I used demographic inference to evaluate whether migration is
asymmetric along environmental gradients. Specifically, I simulated demographic models of
population divergence using the python3 package Moments (Jouganous et al. 2017). Because
demographic inference models operating with site frequency spectra cannot handle missing data,
I maximized the number of loci retained by down-sampling the number of 2N individuals in each
population that loci were drawn using easySFS (SI Table 2;

https://github.com/isaacovercast/easySES). I fit models to pairs of populations across positions in

each transect (i.e., latitude: core/mid, mid/edge, core/edge; elevation: core/edge; Fig. 1).
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I fit two demographic models to each pair of populations: split with migration (IMspLit, SI
Fig. 1) and split with no migration (NMspLit; SI Fig. 1). I iterated models 50 times per pair of
populations with new parameters drawn at random from uniform prior distributions (SI Table 3;
Chapter 5), with the best iteration retained per model by log-likelihood. I retained the best model
for each pair of populations by AIC. I translated raw parameters from native units of 4Nep to
migration rates and effective population sizes using a roughly estimated mutation rate (n=2e-9)

and the equations (Gillespie 2004; Gutenkunst et al. 2009):

. t t _ Mi2 N l t _ " [
migrationrate;_,; = —2*( 5 ) . of population; = nu, "™
4uL

I compared migration toward the range edge with that away from the range edge between pairs of
populations along each transect. Asymmetry in migration was evaluated using paired t-tests.
Finally, I compared relative effective population sizes along the environmental gradient by taking
the ratio of the N, for each pair of populations, using the population closer to the range edge as the
numerator and the population closest to the range core as the denominator. As such, values of N

< 1 indicate a reduction in N, toward range limits.

RESULTS

Structure of isolation (IBD vs. IBE) across environmental gradients

Isolation-by-distance and isolation-by-environment were largely absent from both environmental
gradients and lineages, with the exception of Appalachian-lineage populations along the steep
elevational gradient. Across elevations, patterns of IBD and IBE varied by lineage. For
Appalachian-lineage populations, genetic differentiation was structured by geographic distance
but not environmental distance (Table 1), suggesting that drift is responsible for most genetic

divergence between the range core and range edge. For Western-lineage populations along the
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steep elevational gradient, environmental distance was near significant in Partial Mantel tests (p-
value=0.075) but not MMRR tests (p-value=0.19), indicating a weak contribution of
environmental selection to differentiation. In cases where p-values <0.05, MMRR, partial Mantel,
and Mantel tests agreed with one another.

Across the latitudinal environmental gradient, genetic differentiation was not significantly
structured by geographic distance among populations (Mantel p-value=0.25; Table 1). Lack of IBD
across latitudes suggests that the differentiating effect of genetic drift and homogenizing influence

of gene flow are largely in equilibrium along the shallow environmental gradient.

Migration asymmetry and effective population sizes
Across environmental gradients, range positions and lineages, migration models (IMsprir) fit
genetic data better by AIC than no migration models (NMsprir; SI Fig. 2). IMspLir models
identified migration asymmetry. Across elevational transects, migration was consistently greater
from low elevation, range-core populations into high elevation, range edge populations than vice
versa (p-value=0.028; Fig. 2). For latitudinal transects, similarly, migration was consistently
greater from range core into range edge populations, though the asymmetry was only near
significant (p-value=0.070). Migration was not significantly asymmetric in the two components of
the latitudinal transect. Specifically, migration was not significantly greater from mid-range
populations to range-edge populations than vice versa (p-value=0.121; Fig. 2), nor from range-
core populations to mid-range populations than the converse (p-value=0.119). In total, seven of
nine comparisons showed greater migration toward range limits than vice versa.

Estimates of effective population size from IMspLir models declined toward range limits.

For the steeper elevational gradient, populations near the elevational range edge had smaller
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effective population size than populations near the range core (Fig. 3), though standard errors of
the ratio of effective population sizes somewhat overlapped with 1.0 (i.e., equal Nc). For
populations along the shallow latitudinal gradient, effective population sizes were similar between
mid-range and range-edge populations but declined between the mid-range and range core as well

as between the range edge and range core (Fig. 3).

DISCUSSION
Isolation by distance and isolation by environment
Genetic differentiation among populations results from the sum of diversifying processes and the
homogenizing influence of gene flow. Across the shallower latitudinal environmental gradient, [
did not detect isolation-by-environment (Table 1), indicating that latitudinal populations of C.
americana, which rapidly expanded across the shallow environmental gradient since the last
glacial maximum (Koski et al. 2019b; Prior et al. 2020), are not well-differentiated by adaptation
to their respective environments. Absence of isolation-by-environment along the latitudinal
gradient accords with previous work finding an absence of local adaptation among latitudinal
populations of C. americana (Chapter 1). Such findings could be explained by selection for
generalist adaptations under regimes of strong gene flow—in yeast, strong gene flow between
distinct experimental environments promoted ecological generalization with limited adaptive
differentiation (Tusso et al. 2021).

The presence of isolation-by-distance and weak isolation-by-environment near elevational
range limits in C. americana suggests that these populations may be more strongly differentiated
by drift than selection. Isolation-by-distance but not environment accords with findings of weak

local adaptation and poor fitness of range edge populations across common gardens (Chapter 1).
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Such patterns are also supported by a meta-analysis of local adaptation along environmental
gradients (Hargreaves et al. 2014), which found that range expansions along steep gradients are
more likely to be constrained by failure to adapt to environmental conditions near range limits than
limitations to dispersal. Yet, it is important to note that RAD-sequencing may underestimate
signals of isolation-by-environment. Reduced coverage sequencing, like RAD-seq, only samples
a small fraction of the genome (Baird et al. 2008) and may inadequately capture genomic patterns

of selection and adaptation (Lowry et al. 2017).

Migration asymmetry and effective population size

Effective population size shrank toward latitudinal range limits (Figs. 2, 3), declining in mid-range
populations and stabilizing toward the range edge. Reductions in effective population size toward
range limits accords with previous findings of an adaptive plateau between mid-range and range-
edge populations (Chapter 1), and suggest lingering founder effects associated with range
expansion are influencing the evolution of populations near latitudinal range limits (e.g., Slatkin
and Excoffier 2012).

Migration rates between adjacent populations along the latitudinal gradient were not
significantly asymmetric (i.e., core/mid and mid/edge), though migration rates tended to be higher
toward range limits than vice versa. These patterns accord with previous findings of limited local
adaptation in common gardens along the latitudinal gradient (Chapter 1). Significant differences
in relative fitness were limited to range edge common gardens, where range edge and mid-range
populations underperformed relative to range core populations. These patterns suggest that
populations near latitudinal range limits suffer fitness losses in stressful environmental conditions.

Thus, while local adaptation is limited along the latitudinal gradient, it appears to be constrained
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by lower effective population size in novel and more stressful environments, but not within the
established species’ range where fitness was high.

Along the steep elevational gradient, migration was highly asymmetric and effective
population size declined toward range limits (Fig. 2). While such patterns may indicate lingering
demographic effects of post-glacial range expansion, the close proximity of range core and range
edge populations suggests that serial founder events are unlikely to be solely responsible. Instead,
asymmetry in migration among populations and small effective population size near range limits
suggest fitness of range edge populations is constrained by maladaptive gene flow—a common
finding in theoretical models examining patterns of local adaptation along steep environmental
gradients (Polechova and Barton 2015; Gilbert et al. 2017; Bridle et al. 2019).

Where population size contracts along an environmental gradient, migration toward the
smaller population, here the range edge, often represents a greater proportion of total gene
exchange in recipient populations (Antonovics 1976). Asymmetric gene flow among populations
can promote gene swamping, impeding local adaptation near range limits. However, costs of
dispersal along steep environmental gradients can result in strong selection against maladaptive
gene flow (Tigano and Friesen 2016). In C. americana, elevational populations have divergent
allele frequencies in adaptive loci (Chapter 2), suggesting strong selection against gene flow along
the steep gradient. Selection against gene flow among populations can protect nascent adaptive
differentiation in range edge populations. Yet, selection against gene flow along steep gradients,
where migration is common (Fig. 2), can reduce effective population size (Tigano and Friesen
2016), predisposing populations to genetic drift (Willi and Van Buskirk 2019) and limiting the
potential for adaptation to novel environments near range limits. In C. americana, there is selection

against maladaptive gene flow (Chapter 1, 2) and limited home vs. away local adaptation (Chapter
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1) along an elevational gradient, yet fitness of range edge populations is generally poor across
environments (Chapter 1). hypothesize that strong selection against maladaptive gene flow has
reduced fitness in elevational range-edge populations in C. americana through reductions in
effective population size, increasing the local strength of genetic drift and decreasing the potential

of populations to adapt to novel and stressful environments.

Synthesis

The degree of adaptive differentiation and genetic isolation promoted by environmental gradients
is often idiosyncratic to the species studied (Halbritter et al. 2015; Sexton et al. 2016; Bachmann
et al. 2020; Aguirre-Liguori et al. 2021). An increasing body of evidence suggests that such
conclusions are products of latent variables not included in studies (Willi and Van Buskirk 2019),
including asymmetry of migration (Tigano and Friesen 2016), which can indicate directional
selection dynamics, and effective population size, which limits the genetic substrate that selection
can act (Oakley 2013). Additionally, the steepness of environmental gradients may interact with
these latent variables to affect the balance of drift and selection on the dynamics of range expansion
and adaptation near range limits (Gaggiotti and Smouse 1996).

Near ecologically marginal habitat, like elevational range limits (Hargreaves et al. 2014),
gene flow from neighboring populations can introduce maladaptive genetic variance (Bridle et al.
2009, 2019; Gilbert et al. 2017; Bachmann et al. 2020). Previous work in C. americana found
adaptive loci fixed in populations inhabiting similar range positions that were absent in divergent
habitats (Chapter 2), suggesting selection against maladaptive genetic variants. Selection against
maladaptive gene flow (Polechovd and Barton 2015), particularly when heterozygous

underdominance and negative epistasis are at play (Christiansen 1974; Ziehe and Gregorius 1985;
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Wilson and Turelli 1986), can protect adaptive polymorphism along elevational gradients where
populations are well-connected by migration but inhabit different environmental conditions
(Chapter 2). Yet, such processes can also drive effective population size down through strong
selective sweeps (Falk et al. 2012), limiting adaptive potential (Oakley 2013; Brady et al. 2019)
and ultimately driving ecologically marginal populations toward extinction (Ronce and
Kirkpatrick 2001; Willi 2013; Foutel-Rodier and Etheridge 2020). Together, interactions of strong
selection and migration may predispose interconnected populations along steep environmental
gradients toward narrow ecological specialization.

In contrast, selection against gene flow is weak along shallow latitudinal gradients, where
costs of dispersal and local adaptation are low (Chapter 2; Polechova and Barton 2015). Weak
selection against gene flow can promote the development of ecological generalization (Spichtig
and Kawecki 2004) and minimize adaptive differentiation over the breadth of the shallow
latitudinal environmental gradient (Chapter 1). Experimental evolution has found similar patterns
of ecological generalization in continuous environments in yeast under strong gene flow with
specialization only occurring when gene flow is interrupted (Tusso et al. 2021). Together,
interactions of strong migration and weak selection against gene flow may predispose latitudinal
populations of C. americana toward ecological generalization.

Studying patterns of migration and effective population size near range limits may yield
insight into how species’ ranges respond to changing climate. As climates warm and species ranges
shift (Appendix 1), maladaptive gene flow along environmental gradients may become adaptive,
assisting populations near range limits to succeed in warming climates. Alternatively, populations
near range limits may be subsumed or displaced by range core populations tracking their respective

climate niches. In other plant species, it has been found that local adaptation in populations near
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cool, high elevation range limits does not better enable them to track suitable environmental
conditions (Hargreaves and Eckert 2019). This pattern suggests that cold-adapted populations near
range limits may benefit from assisted migration that introduces warm-adapted alleles. However,
empirical tests examining how gene flow along environmental gradients are shaped by changing
environmental conditions are limited (but see Hargreaves and Eckert 2019). Initial studies of
assisted migration indicate that moderate gene flow between populations along environmental
gradients may assist adaptation to warming climates (Aitken and Whitlock 2013). Research
examining the relationship between gene flow and local adaptation across environmental
gradients, as reported here, can provide important insight into our understanding of whether gene

flow will facilitate or constrain climate-induced range shifts.
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Figure 1) (A) Populations used for genomic analyses. Connections between populations signify transects used for migration
analyses. Western lineage populations spanned both a latitudinal gradient near the northern range limits, and an elevational
gradient in the southern Appalachian Mountains. Appalachian lineage populations are found only around the Appalachian
Mountains, so are confined to the elevational gradient. (B) The median steepness of environmental gradients by lineage and
gradient type. Error bars are the standard errors of median gradient estimates per transect. Environmental distance between
populations was calculated using a PCA of all WorldClim 2.0 bioclimatic factors (n-=19). Units of environmental gradients are
in units of PC distance divided by geographic distance in kilometers.
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Figure 2) Pairwise migration rates derived from demographic inference models. Pairs of populations are neighboring range
positions on transects along latitudinal and elevation gradients (Fig. 1). Migration is shown toward the range edge (blue) and the
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geography | geography | environment | environment

Gradient Lineage Test Comparison RA2 R coefficient p-value coefficient p-value

Latitude Western IBE/IBD |MMRR 0.02 0.1081 0.671 -0.0030 0.947
IBE/IBD Partial Mantel -0.02 0.503
IBD Mantel 0.11 0.245

Elevation Appalachian IBE/IBD |MMRR 0.35 0.1788 0.014 0.0092 0.627
IBE/IBD Partial Mantel 0.14 0.295
IBD Mantel 0.58 0.002

Elevation Western IBE/IBD MMRR 0.35 0.3909 0.423 0.0820 0.186
IBE/IBD |Partial Mantel 0.53 0.075
IBD Mantel 0.32 0.158

Table 1) Results from isolation-by-distance (IBD: Mantel) and isolation-by-environment (IBE: MMRR, Partial Mantel)
analyses. Significant terms are in bold. Tests are divided by gradient (latitude/elevation) and population lineage
(Western/Appalachian).
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SUPPLEMENTARY METHODS
Effective geographic distance

Geographic distance may fail to accurate describe connectivity between populations via
migration in heterogeneous habitats. For example, populations separated by a mountain range may
have short geographic distances between them even though populations are only connected around
the perimeter of the mountains. In such cases, distance through connected, i.e. suitable, habitat
may better estimate the influence of neutral processes like genetic drift as it represents the distance
of migration that would underlie gene exchange. Here, I developed a procedure to calculate the
distance between two points in a species distribution that traverses suitable habitat. I used
Campanula americana as a model system and determined the shortest path between points through
the ecological niche determined with a species distribution model (SDM; Appendix 1). I call the
metric ‘effective geographic distance’.

To calculate distances, I generated friction rasters using the SDM which penalize
movement through less suitable habitat. I use the rasters to measure potential migration distance
through contiguous range space. To compute friction rasters, I obtained rasterized predictions of
the probability of occurrence from the SDM. I adjusted prediction data to include a minimum
prediction of 0.01 to ensure that isolated populations which exist on islands of suitable habitat
could still be reached. I translated prediction rasters to transition layers, allowing nonsymmetric
16-directional movement, and geo-corrected the layer to account for bias in map projection using
the transition and geoCorrection functions from gdistance (van Etten, 2017). Finally, I calculated
the shortest path in the friction raster between populations using the function shortestPath in the
gdistance package (van Etten, 2017), then found the length of the path using the

SpatialLinesLength function from the sp package (Pebesma and Bivan, 2005). Briefly, shortest
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paths assess movement across the friction raster by penalizing movements in vectors with lower
predictive scores. Paths circumnavigate obstacles where predictions are lower, thereby maximizing

passage through contiguous habitat.
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SI Figure 1) Demographic inference models tested to determine evolutionary history and
asymmetry of migration rates. For migration (IMspLit) models, migration was not restrained
to a specific time interval and was continuous from the time of population divergence.
Dashed line for migration (IMspLit) model indicates migration. No migration (NMspLit)
models assumed no migration at any point in time.
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shows the AAIC=0 line. Negative values of AAIC indicate better fit of migration models
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population [gradient |[lineage transect [ range group | latitude | longitude | elevation (m)
IA12 latitude Western 1 core 41.69 -93.67 246
MN8 latitude Western 1 mid 44.03 -92.43 308
MN117 latitude Western 1 edge 44.90 -93.19 213
IL10 latitude Western 2 core 40.62 -89.02 229
1A17 latitude Western 2 mid 42.46 -90.64 205
Wi4 latitude Western 2 edge 43.41 -89.64 260
IN7 latitude Western 3 core 39.87 -86.16 228
IN2 latitude Western 3 mid 41.02 -85.24 231
MI2 latitude Western 3 edge 42.62 -85.44 291
GA1 elevation |Western 4 core 34.60 -84.70 213
GA2 elevation |Western 4 edge 34.73 -83.87 1078
NC107 elevation |Western 5 core 35.94 | -82.90 382
NC16 elevation |Western 5 edge 36.19 -81.68 1031
PA104 elevation |Appalachian 6 core 40.80 -80.05 289
Wv4 elevation |Appalachian 6 edge 38.70 -79.52 1295
VA5 elevation |Appalachian 7 core 37.28 -80.61 496
VA73 elevation |Appalachian 7 edge 37.35 -80.55 1044
TN92 elevation |Appalachian 8 core 35.68 -83.53 480
NCO1 elevation |Appalachian 8 edge 35.59 -83.07 1456

SI Table 1) Metadata information for locations and elevations of all populations sequenced.
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gradient lineage population1 | population2 | projection1 | projection2 [ comparison
latitude Western IN2 IN7 16 14(mid-core
latitude Western 1A17 IL10 18 14(mid-core
latitude Western MN8 IA12 18 10(mid -core
latitude Western MI2 IN2 16 16(edge - mid
latitude Western Wi4 IA17 10 10(edge - mid
latitude Western MN117 MN8 14 14(edge - mid
latitude Western MI2 IN7 16 16(edge - core
latitude Western Wi4 IL10 10 14|edge - core
latitude Western MN117 IA12 14 10(edge - core
elevation Western GA2 GA1 12 12|edge - core
elevation Western NC16 NC107 12 12|edge - core
elevation Appalachian [NC91 TN92 14 14|edge - core
elevation Appalachian |WV4 PA104 14 14|edge - core
elevation Appalachian |VA73 VA5 16 16|edge - core

SI Table 2) Metadata information for

the 2N projection sizes of each population for
demographic inference. Pairs of populations for which demographic simulations were run are
shown by row (e.g., IN2 — IN7). Analyses included 12 pairs of populations and two
demographic models for each pair of populations (IMspLit and NMsprir).

nu1

nu2

Ts

m12

m21

upper bound

10

10

5

20

20

lower bound

0.001

0.001

0.001

0.001

0.001

SI Table 3) Ranges used to inform uniform starting parameter distributions for demographic
simulations. For each iteration, a new set of parameters was drawn at random from the
distributions. M12 and m21, migration parameters, were not used for NMspLir models.
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CHAPTER 5:
Phylogeography and paleoclimatic range dynamics explain variable outcomes to contact

across a species’ range

Co-authored with contributions from the work and dissertation of Catherine L. Debban, Ph.D.
Contributions are noted in the text, as well as figures and tables adapted from Catherine Debban’s work:
Debban, C. L. 2019. Reproductive isolation and gene flow vary among contact zones between incipient

species. University of Virginia.
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ABSTRACT

Replicability of speciation and the maintenance of divergence after contact are poorly
characterized processes, particularly in context of phylogeography and post-glacial range
dynamics. Using contact zones located at the leading- and rear-edges of a species’ range, I
examined variation in outcomes to contact between divergent lineages of Campanula americana.
I investigated whether contact zones vary in quantity and directionality of gene flow, how
phylogeographic structure differs between contact zones, and how historic range dynamics may
affect outcomes to contact. I found that all contact zones formed at similar times via primary
contact yet detected significant admixture in only the rear-edge contact zone. In the northerly
leading-edge contact zone and the mid-range Virginia contact zone, gene flow was minimal and
asymmetric. In the southern rear-edge contact zone, gene flow was strong and symmetric. My
results emphasize the dependence of speciation processes on phylogeographic structure,
demographic history, and paleoclimatic range dynamics. My results suggest that caution need be

taken when treating species as cohesive or uniform evolutionary units.
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INTRODUCTION

Species often exhibit complex patterns of phylogeographic structure and intraspecific patterns of
reproductive isolation across their respective ranges (Mandeville et al. 2015; Barnard-Kubow et
al. 2017; Van Riemsdijk et al. 2023; Sianta et al. 2024). For example, in Catostomus spp.,
reproductive isolation was found to vary strongly among geographically-isolated rivers
(Mandeville et al. 2015). Similarly, other studies examining contact zones between divergent
species of Sepsid flies (Giesen et al. 2023), intertidal macroalgae (Hoarau et al., 2015), and toads
(Van Riemsdijk et al. 2023) have all independently found evidence of variable introgression and
reproductive isolation among closely-related species. Yet, the phylogeographic contexts that
presage the development of intraspecific genetic divergence is often ignored in speciation literature
(but see: Hewitt, 1996, 2000), leaving broad gaps in our understanding of how range dynamics
inform both intraspecific patterns of phylogeographic divergence and broader processes of
interspecific speciation (Cutter 2015).

During range expansions, populations near the expanding range front, or leading edge,
experience serial founder events as the range boundary is pushed forward (Slatkin and Excoffier
2012). Such expansions can produce strong genomic signatures including reduced genetic
diversity and increased genetic load (Petit et al. 2004; Koski et al. 2019b). In contrast, populations
near the relictual rear edge (i.e., the rear edge) may serve as genetic reservoirs, maintaining greater
genetic diversity (Hampe and Petit 2005). However, as climates shift, suitable habitat near the rear
edge may contract through habitat fragmentation and degradation, resulting in population
bottlenecks and stronger selection for climate adaptation (Dynesius and Jansson 2000; Hampe and

Petit 2005). Across both the leading- and rear-edges of a species’ range, range expansions and
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contractions can restrict gene flow among populations in different portions of the range,
crystallizing nascent genetic differentiation.

When divergent lineages come into contact, latent reproductive isolation is exposed. If
hybrids are less fit than parents, selection against introgression may reinforce reproductive barriers
and enhance isolation within the contact zone (Hoskin et al. 2005; Liao et al. 2019). Yet,
reinforcement is not an inevitable conclusion of contact. Outcomes to contact are influenced by,
and sensitive to, initial conditions, including the magnitude of reproductive isolation (Bank et al.
2012), coupling of reproductive barriers (Butlin and Smadja 2018; Kulmuni et al. 2020), nature of
the origin of the contact (Pettengill and Moeller 2012; Hudson et al. 2020; Johannesson et al.
2020), geographic structure of contact zones (Cain et al. 1999; Sadedin and Littlejohn 2003;
Corbett-Detig et al. 2013), and genomic architecture of reproductive incompatibilities (Gavrilets
et al. 2000; Bank et al. 2012; Lindtke and Buerkle 2015).

Importantly, multiple factors influencing outcomes to contact can interact to produce
heterogeneous distributions of reproductive isolation across a species’ range. For example, where
the genomic architecture of reproductive isolation is predicated on Dobzhansky-Muller
incompatibilities (DMIs), i.e., negative epistasis of neutral loci, multiple independent incompatible
loci can produce multiplicative increases in total reproductive isolation (Moyle and Nakazato
2010). DMIs are thought to arise as a function of neutral genetic divergence (Orr 1995), so likely
vary across species’ ranges as a product of geographic and genetic isolation. Yet, individual DMIs
are often weak barriers to reproduction (Orr 1995). In some special cases, like cytonuclear
incompatibilities, barriers to reproduction are also functionally asymmetric (Sloan et al. 2018),
producing permeable reproductive barriers that impede gene flow between lineages in only one

direction. Consequently, regional differences in the quantity, nature, and accumulation of
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reproductive barriers may strongly influence the downstream outcomes of contact between
divergent lineages.

Areas of species ranges where divergent lineages are in contact may arise from parapatric
speciation and primary contact, or range expansion and secondary contact. In primary contact
zones, populations of diverging lineages remain in parapatry, with no period of isolation between
divergence and contact. Additionally, primary contact zones typically form when environmental
selection favors segregating loci (Momigliano et al. 2017; Johannesson et al. 2020). In contrast,
secondary contact zones occur when divergent lineages meet following a period of geographic
isolation. In secondary contact zones, divergence can be driven by neutral genetic processes related
to genomic architecture (Coyne and Orr 2004; Hanzl et al. 2014), such as negative epistasis (Orr
1995; Moyle and Nakazato 2010; Hill et al. 2019); or by extrinsic environmental factors, such as
divergent selection (Berg et al. 2015; Guo et al. 2015; Akopyan et al. 2020). Such differences may
influence both the genetic background of populations in contact and the architecture of
reproductive isolation.

Together, previous work suggests that outcomes to contact may differ across contact zones
due to phylogeographic context and the evolutionary history of populations in contact. Yet, few
studies have sought to directly compare how outcomes of contact may vary between lineages of a
species, nor whether variation in outcomes is associated with paleoclimatic range dynamics (but
see Hewitt, 1996, 2000, 2004). Here, I investigate multiple contact zones between lineages of
Campanula americana, a North American wildflower, to ask: (1) whether contact zones vary in
the quantity and directionality of gene flow, (2) how the phylogeography of populations in contact

differs between contact zones, and (3) how paleoclimatic history may affect outcomes to contact.
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To answer these questions, I sample populations from three disjunct contact zones found
near the leading- and rear-edges of the species’ range and evaluate range-wide and contact zone-
specific patterns of population structure. I then assess the quantity and direction of gene flow
between lineages at each contact zone. Finally, I investigate phylogenetic and demographic history
of lineage contact each contact zone to infer their relative age and nature of origin. I predict that
(1) populations in contact near the relictual rear edge will harbor greater between-lineage gene
flow and admixture; (2) the mode of contact will differ across the species’ range, with recent
secondary contact in the northern leading-edge contact zone and ancient contact in the rear-edge
contact zone; (3) phylogeographic patterns of range expansion and lineage divergence will explain

downstream outcomes of contact.

METHODS
Study System
Campanula americana is a monocarpic autotetraploid herb distributed across much of the eastern
United States. C. americana primarily outcrosses and is insect-pollinated (Galloway et al. 2003;
Koski et al. 2019a). Polyploidization in the species is likely ancient, occurring between the
divergence with the nearest known diploid species, Triodanis perfoliata (11.78 m.y.a.; Gadella
1966; Mansion et al. 2012), and divergence of the most basal intraspecific lineages within C.
americana (approx. 2.3 m.y.a.; Barnard-Kubow et al. 2015), which are tetraploid. Further, the
tetraploid chromosome number (Gadella 1966) is less than expected by the haploid chromosome
number (Rogers 1965), suggesting loss of several chromosomes.

C. americana is generally divided into three lineages distinguished by geographic and

reproductive isolation (Fig. 1; Barnard-Kubow et al., 2015, 2017). The Appalachian lineage is
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largely constrained to the Appalachian Mountains between the leading- and rear-edge contact
zones located in Pennsylvania and North Carolina, respectively (Fig. 1B). The Western lineage is
cosmopolitan, found across much of the midwestern and southeastern United States. The Eastern
lineage is found primarily east of the Appalachian Mountains in Virginia and is likely derived from
relictual southeastern populations of the Western lineage (Barnard-Kubow et al. 2015). Hybrids
between Appalachian and Western lineages have reduced germination and asymmetric survival,
indicating strong nuclear-nuclear and cytonuclear incompatibility (Barnard-Kubow et al. 2016,
2017; Debban 2019). Reduced hybrid survival is primarily driven by chlorosis, the loss of
photosynthetic function, of plants with Western chloroplasts on hybrid nuclear backgrounds.
Hybrids with Appalachian maternal backgrounds rarely expressed chlorosis, suggesting gene flow
may be asymmetric in contact zones where the Appalachian lineage is present (Barnard-Kubow et
al. 2016; Debban 2019).

The split between the ancestral C. americana lineages occurred approximately 2.3 mya
(Barnard-Kubow et al. 2015), producing distinct clades that eventually gave rise to the
contemporary Appalachian and Western lineages. The initial split was followed by additional
within-lineage cladogenesis and divergence. During the last glacial maximum, Western-lineage
populations became geographically isolated in disjunct refugia that seeded post-glacial range
expansion in different geographic regions (Appendix 1; Barnard-Kubow et al. 2015). Western-
lineage populations isolated in a mid-latitude refugium located in Kentucky expanded north- and
westward after the last glacial maximum, invading much of the Western lineage’s contemporary
range (Prior et al. 2020). In contrast, Western-lineage populations isolated in southeastern refugia
near the Gulf of Mexico appear to have undergone limited postglacial range expansion. Similarly,

the Eastern and Appalachian lineages have likely undergone limited postglacial range expansion
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(Appendix 1). While little is known about postglacial range dynamics of the Eastern lineage, the
Appalachian lineage likely persisted through the last glacial maximum in microrefugia scattered
throughout and in proximity to the Appalachian Mountains (Barnard-Kubow et al. 2015).
Contact zones between populations from the Appalachian and Western lineages have been
found in North Carolina (NC), the rear-edge (RE) contact zone, and Pennsylvania (PA), the
leading-edge (LE) contact zone (Fig. 1A). A contact zone between the Eastern and Appalachian
lineages has also been found in Virginia (VA). While these contact zones demarcate known regions
of contemporary geographic sympatry, additional sampling across the breadth of the Appalachian
Mountains suggests that the mountain range may act as a broad mosaic of contact between lineages
(Barnard-Kubow, unpublished data). Timing and origin of the rear-edge, Virginia, and leading-
edge contact zones is unknown, though reproductive isolation varies among them (Debban 2019).
Multiple intrinsic reproductive barriers have been found between the Appalachian and Western
lineages at the leading-edge contact zone; yet only an asymmetric cytonuclear incompatibility

exists in the rear-edge contact zone (Debban 2019).

Population Sampling & DNA Sequencing

Sampling, sequencing, and data processing were performed as a part of dissertation work by
Catherine Debban (2019). In brief, populations were sampled at each contact zone and from
allopatric habitat neighboring contact zones for use in genetic analyses. Contact zones were
defined as regions where populations of different lineages were found within 80km of each other.
In total, 29 populations were sampled (Fig. 1A, SI Table 1): 12 Western (4 Allopatric, 5 RE, 3
LE), 12 Appalachian (3 Allopatric, 4 RE, 2 VA, 3 LE), and 5 Eastern (3 Allopatric, 2 VA).

Population lineage was determined via chloroplast genotype (Barnard-Kubow et al. 2015). In total,
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326 individuals were sampled, including 19 individuals from Triodanis perfoliata, a close relative
of C. americana (diverged 11.78mya; Mansion et al., 2012), for use as an outgroup.

DNA was harvested from leaf samples. Field-collected seeds were germinated according
to protocols outlined in Chapter 1, then leaf tissue was collected from the seedlings. DNA
extractions were performed using a modified CTAB chloroform extraction protocol (Barnard-
Kubow et al. 2017). Samples were randomized within plates, then DNA was digested with the
enzymes Apol HF and Sphl HF simultaneously (NEB, Inc.). After digestion, samples were
multiplexed with a unique combination of indices (SI Fig. 1; SI Table 2). After, standard library
prep was followed according to Peterson et al. (2012). Libraries were sent to BGI Genomics

(Cambridge, MA) for sequencing on two lanes of [llumina HiSeq 4000.

Data processing

Sequencing produced a median of 1.2 million reads per individual. Of these, an average of 3% of
reads aligned to chloroplast sequences and 10% aligned to mitochondrial sequences. Samples in
the bottom 5™ percentile of read number were removed (less than 15,000 reads per individual).
Given the ancient origin polyploidization within C. americana, paralogous RAD loci are unlikely
to bias downstream population genetic analyses if assembled as a putative diploid, while artificial
reductions in allelic diversity associated with paralog filtering can inflate estimates of
homozygosity (Ilut et al. 2014). Consequently, sequences were assembled under a model of
diploidy. To assemble sequences, reads were filtered and assembled de novo using the program
STACKS/1.48 (Julian M Catchen et al. 2011; Julian Catchen et al. 2013). Optimal STACKS
parameters (-m 8 -M 4 -n 4) were determined by running STACKS on a subset of 13 samples,

permuting each parameter (-m tested at 4 and 8, -M and —n tested at 0-9 and held equal). Parameters
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were selected to maximize polymorphism without combining loci (Paris et al. 2017). Finally, loci
were retained if present in at least 25 of the 29 populations. Coverage averaged 27.4 reads per site
(o =11.3) across samples.

Patterns of genomic inheritance can vary within individuals. Generally, while nuclear DNA
is subject to gene flow and recombination, mitochondrial and chloroplast DNA are uniparentally
inherited and not subject to recombination, thereby preserving patterns of neutral genetic
divergence among lineages. To analyze parts of the genome with different inheritance patterns, I
created alternative sets of reads. These included: a set of reads aligned to either the chloroplast or
mitochondrial genomes (cytoplasmic dataset), and a set of reads that did not align to either the
chloroplast or mitochondrial genomes (nuclear dataset). These data sets were used to generate
consensus sequences for phylogenetic analysis.

I further filtered the nuclear data set to generate a table of high-quality SNPs for
demographic inference and analyses of population structure (nuclear demography dataset).
Specifically, I removed individuals with more than 50% missing data, then removed sites with a
read depth of less than 10 and a minor allele frequency of less than 0.01 using VCFTools (Danecek
et al. 2011). I allowed 20% missingness within SNPs to reduce noise while maintaining sample
sizes for downstream demographic inference. Finally, I removed populations with n<3. The
filtering process resulted in a small, high-quality set of 3,568 nuclear SNPs from 26 populations.
I conducted all downstream analysis in R 4.2.0 (R Core Team 2022) and python 3.9 (Python

Software Foundation n.d.).
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Population Structure and Gene Flow

I evaluated population structure across the species’ range to assess phylogeographic patterns
between and within lineages using the nuclear demography dataset. I analyzed population structure
using PCA, and evaluated population-level admixture and ancestry using the snmf function in the
R package LEA (Frichot and Frangois 2015; Gain and Frangois 2021). For analyses of admixture
and ancestry, I evaluated K=1:50 with 10 repetitions of each K cluster value. To determine the
optimal K-value, I first evaluated whether isolation-by-distance (IBD) was present in any lineage,
as IBD can bias the optimal number of K clusters upward (Perez et al. 2018). To assess IBD, |
used Mantel tests in the vegan package (Dixon 2003). Because IBD was present in multiple
lineages, I selected the optimal number of K clusters by finding the K value with the smallest
change in slope in the upper quartile of cross-entropy values (SI Fig. 2), indicating where
information explained by additional K clusters plateaus. I confirmed this selection by computing
a DAPC, then identifying the optimal number of groups to retain using a-scores (Jombart 2008).
After selecting the optimal number of clusters to retain, I projected spatial interpolations of major
ancestry cluster assignments using the function ggtess3Q in the R package tess3r (Caye et al.
2016).

I evaluated contemporary patterns of gene flow between lineages at contact zones using
ABBA-BABA tests. To maximize my ability to detect gene flow, I assessed patterns of gene flow
using the nuclear demographic dataset without a missing SNP threshold applied (20%) but all other
filters, including a minor allele frequency of 0.01, in place. To conduct ABBA-BABA tests, |
computed D-statistics for all between-lineage pairs of populations by contact zone. I used
Triodanis perfoliata as the outgroup species to establish derived allele states, and allopatric

populations as a within-lineage comparison for tests. I performed ABBA-BABA tests using the
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Dsuite program (Malinsky et al. 2021). After, I corrected p-values to account for multiple

comparisons using Benjamini-Hochberg FDR correction.

Phylogenetics

As a part of dissertation work by Catherine Debban (2019), phylogenetic history was evaluated
across components of the genome with different patterns of inheritance by constructing separate
phylogenies from cytoplasmic and nuclear population consensus sequences. While the
cytoplasmic phylogeny reveals patterns of lineage divergence independent of between-lineage
admixture, the nuclear phylogeny demonstrates the influence of admixture on patterns of
population and lineage differentiation in each contact zone. As a result, clades that have
experienced significant introgression may be intermixed in the nuclear phylogeny while being
well-differentiated in the cytoplasmic phylogeny. Phylogenies were constructed using the program
BEAST 2 (Bouckaert et al. 2014) and population-level consensus sequences from the nuclear and
cytoplasmic datasets. These datasets were used as partitions with independent clock and site
models. To determine site models, the function bModelTest was used (Bouckaert and Drummond
2017), and a 1x107 generation MCMC chain with a coalescent constant population prior. Finally,
phylogenies were time-calibrated based on an estimated divergence between T. perfoliata and C.
americana 11.78 million years ago from a fossil-calibrated phylogeny of Campanulaceae

(Mansion et al. 2012).

Demographic Inference
I performed demographic inference to assess the demographic and evolutionary history of

populations at contact zones. Specifically, I modeled potential demographic histories consistent
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with the divergence of lineages occurring during primary contact and secondary contact (Fig. 2).
Models included: constant migration (IM), where lineages diverge in geographic contact and
maintain migration between lineages; ancestral migration (AM), where migration begins at the
time of divergence and ceases at some timepoint in the past; secondary migration (SC), where
lineage divergence occurs during a phase of geographic isolation, followed by migration; and no
migration (NM), where populations do not experience any migration between lineages after
divergence.

While the models discussed above assume a singular episode of isolation or contact, it is
plausible that contact has occurred many times as a result of glacial cycling. To incorporate this
complexity, I also parameterized several cyclical contact models that integrate multiple episodes
of contact and ancestral population growth (Fig. 2B). Models included: cyclic secondary migration
(SC2C), which institutes two cycles of secondary contact between lineages; cyclic migration
(IM2C), which institutes a primary origin with constant migration interrupted by a single
intermediate episode of isolation; and ancient secondary migration (A SC), which institutes a
single episode of secondary contact that ceased at some time point in the past.

Within each demographic model (e.g., SC2C, IM), I incorporated sub-models with several
variant parameters to explore how changes in ancestral and derived population sizes alter model
selection (Momigliano et al. 2021). Sub-models parameterized instantaneous ancestral population
growth (AE) and growth of descendent populations from an initial bottleneck occurring at the time
of lineage divergence (B/B(R); Fig. 2B; models adapted from Momigliano et al., 2021). I
parameterized all demographic models with migration between lineages as asymmetric migration

models, forcing migration parameters between lineages to optimize independently. I computed
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demographic models using the python package Moments (Jouganous et al. 2017), which uses allele
frequency spectra to evaluate model fit.

I combined populations within lineages at each contact zone to model the demographic and
evolutionary history of contact zones. To maximize locus retention while maintaining
dimensionality of joint allele frequency spectra, I down-projected 2N population sizes for pools of
populations in each contact zone. I used easySFS to determine optimal 2N down-projections
(https://github.com/isaacovercast/easySFS; SI Table 3). I ran 50 iterations of each demographic
model for each contact zone, selecting initial parameters by randomly sampling bounded uniform
distributions for each iteration (SI Table 4). I retained the best iteration by log-likelihood for each
demographic model in each contact zone. I selected the best model within each contact zone by
AIC weights and model scores (Rougeux et al., 2017). I calculated model scores as the AAIC
between each model and the worst model for a given contact zone, then dividing this by the AAIC
between the best and worst model for a given contact zone (AAICmodel - worst / AAIChest — worst). |
calculated AIC weights using the MuMIn R package (Barton 2022).

I evaluated asymmetry in migration rates among lineages and the relative time of split using
the best fit demographic model for each contact zone. I translated migration parameters to rates
from native units of 4Nep to compare their relative scaling and asymmetry. I translated raw
parameter estimates of migration, and relevant time parameters (TspLit, TcontacT) using the

equations (Gutenkunst et al. 2009):

20 m
. — * : : ) - 1-2,
time = Tl Ts migration rate; ., = ——5=;
4uL

For u, I selected an ad-hoc mutation rate of 2.8x10. I compared directionality of between-
lineage migration rates to evaluate whether gene flow is significantly asymmetric within contact

zones in the directionality of known cytonuclear incompatibility, i.e., greater gene flow into
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Appalachian-lineage populations. Because the actual mutation rate for C. americana is not known,
I relativized estimates of the time of divergence and contact (Tsprit, TconTacT) Using the range-

wide mean (i.e., across contact zones) for each parameter.

RESULTS

Population Structure and Gene Flow

Populations across the species’ range were structured by lineage and geography (Fig. 3, SI Fig. 3,
4). Isolation-by-distance was significant for Appalachian (p-value=0.001, R=0.46) and Western-
lineage populations (p-value=0.008, R=0.37) across the species’ range, but was not significant for
Eastern-lineage populations (p-value=0.17). Because of significant isolation-by-distance
identified across the range, I used a conservative approach to selecting the optimal number of K-
clusters. For tests of population-level ancestry and admixture, the optimal number of K-clusters,
determined by DAPC a-score and cross-entropy quantile, was six.

Populations in the leading-edge and Virginia contact zones clustered within their respective
lineages, though Appalachian-lineage populations tended to exhibit more population sub-
structuring (Fig. 3, SI Fig. 3). At the rear-edge contact zone, populations are more genetically
homogeneous between lineages than elsewhere (Fig. 3, SI Fig. 3). In concert with this finding,
ABBA-BABA tests predicted significant gene flow between lineages at the rear-edge contact zone,
but little to no gene flow among populations of differing lineages at the leading-edge and Virginia

contact zones (Fig. 3B).
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Phylogenetics

The phylogeny built from the nuclear consensus sequences (Fig. 4B) provided higher resolution
of relationships among populations than the cytoplasmic phylogeny (Fig. 4A) but was discordant
with it for populations located in the rear-edge contact zone. For clades containing populations
from the leading-edge and Virginia contact zones, the nuclear and cytoplasmic phylogenies were
concordant. For rear-edge populations, the nuclear phylogeny placed populations from the Western
and Appalachian lineages in the same clade. In contrast, the cytoplasmic phylogeny separated
populations into highly divergent Appalachian and Western lineages (Fig. 4A). In the nuclear
phylogeny, the Appalachian and Western lineages were further subdivided by geography. The
Western lineage was split into two clades: one composed of populations from across the Western
range, and one composed solely of populations from the rear-edge and Virginia (Fig. 4A).
Similarly, the Appalachian lineage was split into two clades split along latitudes—one clade in the
northern Appalachian Mountains near the leading edge and one clade in the southern Appalachian
Mountains near the rear edge. Finally, the Eastern lineage was rooted as a basal branch to the

Western lineage in the cytoplasmic tree.

Demographic Inference

I evaluated models of demographic history to infer the evolutionary history of lineages in
each contact zone. Across contact zones, the best model by AIC weights, raw AIC, and model
score was population divergence with constant migration and ancestral population expansion
(IMag; Fig. SA, SI Fig. 5). The relative time of divergence between lineages differed by contact
zone, with the time of divergence between lineages being younger at the leading-edge contact zone

than either the Virginia or rear-edge contact zones. Asymmetric migration favored Western and

194



Eastern introgression into Appalachian-lineage populations at the leading-edge and Virginia
contact zones (Fig. 5B). In the rear-edge contact zone, migration rates between lineages were
functionally symmetric. In keeping with this finding, estimates of migration rates into Appalachian
populations were modest across contact zones, but migration rates from Appalachian populations
into Eastern and Western populations were low only in the leading-edge and Virginia contact zones

(SI Fig. 6).

DISCUSSION

Outcomes to contact may vary between lineages and across species’ ranges depending on the
evolutionary and demographic history of the populations in contact. I used multiple contact zones
between differentiated lineages as natural replicates to explore whether and how outcomes to
contact vary, and whether historical range dynamics explains variation in outcomes. I found that
populations at all contact zones have admixed since the time of lineage divergence, though at very
different rates. In the leading edge and Virginia contact zones, admixture between lineages is
modest and migration over evolutionary timescales has been highly asymmetric, following the
direction of a known cytonuclear incompatibility. In the rear-edge contact zone, admixture is
substantial and migration over evolutionary timescales has been symmetric. These results indicate
that outcomes to contact can be strongly affected by the relative positions of contact zones within
species’ ranges. Specifically, contact zones near leading range edges may be more likely to
produce reinforcement and maintain genetic divergence between lineages than contact zones near
relictual or ancestral rear edges. My findings demonstrate intraspecific variation in speciation
potential is predicated on intraspecific phylogeography divergence and dynamics of postglacial

range expansion.
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Outcomes to contact

Contact between divergent lineages within a species can reinforce existing reproductive barriers,
driving speciation, or eliminate reproductive barriers through gene flow and admixture, driving
lineage homogenization. The probability of either outcome largely depends on the underlying
genetics and demographics of populations in contact. In the leading-edge and Virginia contact
zones, I found little evidence of contemporary gene flow between lineages. Additionally, historic
patterns of migration between lineages are strongly asymmetric in demographic models in these
contact zones, favoring Western and Eastern migration into the Appalachian lineage but not vice
versa. These results are congruent with previous work identifying a cosmopolitan cytonuclear
incompatibility between lineages that impedes gene flow from the Appalachian lineage into the
Eastern and Western lineages (Barnard-Kubow et al. 2016; Debban 2019). Conversely, in the rear-
edge contact zone, lineage divergence was not maintained. Instead, I found strong evidence of
contemporary gene flow and historic patterns of symmetric migration between lineages,
suggesting ongoing and extensive admixture between lineages.

Across contact zones, the best model of lineage divergence was constant migration with
ancestral population expansion (IMakg), supporting a dynamic of admixture between lineages since
the time of divergence. These results are perhaps not surprising, considering the lineage are within
differentiated groups in a single species, and reproductive isolation between the lineages is
incomplete (Barnard-Kubow et al. 2016; Debban 2019). However, it is not clear whether this
dynamic indicates true primary contact, with lineages diverging in parapatry with gene flow, or
repeated episodes (>2) of secondary contact. Given the relatively old time of lineage divergence

(2.3mya; Barnard-Kubow et al., 2015), weak signatures of secondary contact could be obscured

196



by repeated episodes of contact induced by glacial cycling over evolutionary timescales.

Spatial heterogeneity in reproductive isolation between and within contact zones

Outcomes to contact can vary between lineages depending on the evolutionary history of
populations in contact. Evolutionary history is particularly relevant when reproductive isolation
between lineages is the product of cytonuclear conflict and other epistatic (i.e., Dobzhansky-
Muller) incompatibilities. Epistatic incompatibilities can arise quickly and are typically neutral on
their own respective genetic background (Orr 1995; Burton et al. 2013; Sloan et al. 2017),
facilitating heterogeneous fixation and accumulation within lineages. Reproductive isolation may
also vary within lineages due to different rates of accumulating reproductive incompatibilities (Orr
1995; Moyle and Nakazato 2010).

Heterogeneous accumulation of reproductive isolation within lineages seems particularly
likely in C. americana, given geographically-structured genetic divergence within lineages. For
example, the cytoplasmic phylogeny reveals deep within-lineage divergence in the Appalachian
lineage into separate northern and southern clusters; while more recent divergence is apparent
within the Western lineage in a northerly expansion cluster (Prior et al. 2020) and a relictual
southern cluster. Trends of geographically heterogeneous reproductive isolation has been reported
in other work in C. americana (Barnard-Kubow et al. 2016), finding that isolation increased
between lineages as a function of chloroplast genetic distance and geographic distance.

Variation in outcomes to contact can also vary within contact zones due to asymmetric
reproductive isolation. Asymmetries are frequently due to cytonuclear incompatibilities (Turelli
and Moyle 2007; Sloan et al. 2017), which promote unidirectional admixture between lineages

(Burton et al. 2013). Across taxa, asymmetric reproductive isolation appears to be a common
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phenomenon, having been found in numerous species of flowering plants (Tiffin et al. 2001),
freshwater fish (Bolnick et al. 2008), and insects like Drosophila (Clancy et al. 2011); though the
importance of asymmetric cytonuclear incompatibilities to speciation processes is contested
(Burton 2022). I find some signature of incomplete asymmetric reproductive isolation in models
of evolutionary history across contact zones. Introgression into Appalachian-lineage populations
is similar across contact zones over evolutionary timescales, however, introgression in the
opposing direction (i.e., Appalachian into Eastern and Western), was strongly limited in the
leading-edge and Virginia contact zones. Differences in historic patterns of migration between
lineages across contact zones suggests that permeability of asymmetric reproductive barriers in C.

americana varies widely across geographic scales.

Synthesis and summary

Taken together, my data provide robust support for variable outcomes to contact among three
distinct lineages of C. americana. Coupled with previous work demonstrating differing levels of
nuclear-nuclear and cytonuclear reproductive isolation across contact zones (Debban 2019), it is
apparent that spatial heterogeneity in the accumulation of reproductive isolation influences
downstream speciation potential in a phylogeographic context. Variable outcomes to contact
between lineages and across species’ ranges may have complex ramifications for our
understanding of range dynamics as well as micro- and macroevolutionary transitions (Cutter
2015). In particular, differences in outcomes to contact between intraspecific lineages highlights
the complexity of how variation within species’ ranges informs speciation outcomes. Where
lineages come into contact, it is clear that processes that sustain and reinforce divergence are

dependent on local makeup of environmental and evolutionary histories of populations in contact.
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For example, at ecological spatial scales, introgression between divergent lineages of Clarkia is
significantly correlated with greater fluctuations of spring precipitation (Sianta et al. 2024). At
evolutionary timescales, variance in admixture and reproductive isolation has been found even in
different tributaries of the same major river system (Mandeville et al. 2017).

Together, within-lineage divergence over geographic space and evolutionary time opens
the door for within-lineage variation in the generation and accumulation of reproductive isolation.
Variation in reproductive isolation within lineages presents exciting opportunities for studying
how complex evolutionary histories within- and between-lineages influence speciation. However,
as noted by Hewitt (1996, 2000), patterns of range dynamics linked with phylogeographic history
are difficult to fit into standard models of speciation. Yet, it is increasingly clear that many species
are governed by relictual influences of such dynamics. In grasshoppers, geographic subdivision
during glacial cycling drove divergence among lineages (Hewitt 1996). In the common frog, Rana
temporaria, genetic divergence and reproductive isolation among lineages is associated with
geographic subdivision of glacial refugia and cytonuclear incompatibility among lineages
(Dufresnes et al. 2020). Across species, glacial cycling is hypothesized to be the primary source
of patterns of increased intraspecific genetic diversity toward southerly latitudes (Fonseca et al.
2023). Thus, it has become increasingly evident that, to understand speciation outcomes, we must
wrangle with complexities of the process introduced by historic and intraspecific range dynamics.

In an era of biological research that increasingly recognizes both the value and degree of
intraspecific biodiversity (Dufresnes et al. 2023; Vences et al. 2024), it has become increasingly
difficult to shy away from the uncomfortable reality that species are not holistic units with uniform
evolutionary trajectories. Instead, resolving standing questions in the field, particularly how

phylogeography influences modes of speciation and how the relationship between hybrid zone

199



outcomes influences downstream speciation potential (e.g., Santini et al., 2012), will demand clear
understandings of phylogenetic relationships among populations in contact and robust
understandings of the species’ natural history. Studies examining the relationships between
lineages across species’ ranges can provide important insight into how intraspecific

phylogeographic variance leads to speciation.
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Figure 1) (A) Populations of Campanula americana from three contact zones: the leading
edge (Pennsylvania), Virginia, and the rear edge (North Carolina). Populations within
circles were sampled within 80km of populations of the alternate lineage; populations
outside of circles were treated as allopatric. (B) Range map of the Appalachian (green),
Eastern (blue), and Western (purple) lineages of C. americana.

211



A
f
[\9)
£
4 v o
v
Migration Ancient Migration Secondary Migration No Migration
| ﬁ \
w
ﬁ ﬁ 5.
o
c
SC SCae NM NMe =
n -3
Q.
n &
1%
© SCa(g) SChes(r) NMar) NMagsr) <
£
2
o
scac 5
>3
o
o
w

v ASC A SCpe W,

Figure 2) (A) Scenarios describing potential evolutionary histories of lineages in contact. Contact may arise between
lineages diverging in parapatry with constant migration (IM); in parapatry with migration ending at some point before
the present (AM); in isolation with migration beginning at some point before the present (SC); or in isolation without
migration (NM). (B) Divergence between lineages may be accompanied by other demographic shifts including
instantaneous expansion of the ancestral population (AE), bottle-growth of either descendent population (B/B(R)), and
combinations of the two. There may be cyclic contact where lineages experience multiple episodes of migration
including migration after a period of isolation that ceases at some point before the present (A SC); migration after a
period of isolation two times (SC 2C); and constant migration with an intermediate break (IM 2C). Cyclic models
correspond to evolutionary history with glacial cycling and repeated interglacial contact.
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Figure 3) (A) Spatial interpolation of population ancestry and admixture across the species’ range. In the
leading-edge and Virginia contact zones, lineages are distinct and well-defined, despite contact. In the
rear-edge contact zone, populations are not well-differentiated by lineage affiliation. Map colors indicate
the primary ancestry assignment in each geographic region, while shading represents the expected
proportion of ancestry related to the primary assignment in each region. (B) Regional cutouts of panel A
showing estimates of gene flow from ABBA-BABA tests (Table S5). The width of segments representing
gene flow indicate the number of significant tests which found gene flow between the pair of populations,
indicating the support for the finding of gene flow. Opacity of segments representing gene flow indicates
the quantity of gene flow between the populations. In the leading-edge and Virginia contact zones, little
gene flow is exchanged among populations of differing lineages. In the rear-edge contact zone, gene flow
between lineages is high (i.e., higher values of D-statistics) and well-supported (i.e., more significant
tests).
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Figure 4) Population phylogenies built with a Bayesian method from (A) the cytoplasmic
dataset and (B) the nuclear dataset. Nodes are marked with posterior probabilities. Western
lineage populations are marked in purple, Eastern in blue, and Appalachian in green.
Phylogeny topology is largely concordant for populations in the leading-edge and Virginia
contact zones, suggesting minimal inter-lineage admixture. Phylogenies are discordant for
populations in the rear-edge contact zone, with the nuclear phylogeny placing Appalachian-
lineage rear-edge populations into a Western-lineage clade. Adapted from Debban (2019).
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Figure 5) (A) AIC weights of the best model (AE/BR) within each major type of evolutionary history scenario (see Figure
S6 for details). Across contact zones, the best model is divergence with constant migration (IMag). (B) Relative time of
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contact zones were concordant with known cytonuclear incompatibility between lineages whereas migration was not
asymmetric in the rear-edge contact zone.
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ddRAD oligo/adapter design [ApoI + SphI]
P1l: Apol cut site:

5’- R’AATT Y - 3’ Overhangs: R AATTY
3’- Y TTAA'R - 5’ YTTAA R

P2: SphI cut site:

5’- G CATG’C - 3’ Overhangs: GCATG C
3’- C’GTAC G - 5’ C GTACG
PCR PRIMER 1

5’ AATGATACGGCGACCACCGAGATCTACACTCTTTCCCTACACGACG 3’

5’ ACACTCTTTCCCTACACGACGCTCTTCCGATCTXXXXXX AATTCNNNNGCATG AGATCGGAAGAGCGAGAACAA 3’
FEEEEEE e e e e e e e e el [ARENE (AERERERERREE
3’ TGTGAGAAAGGGATGTGCTGCGAGAAGGCTAGAxxXXxxXXTTAA GNNNNC GTACTCTAGCCTTCTCGTGTGCAGACTTGAGGTCAGTG 5’
ADAPTER P1 ADAPTER P2

CGTGTGCAGACTTGAGGTCAGTGxxxxxXTAGAGCATACGGCAGAAGACGAAC 5
PCR MULTIPLEX PRIMER

FINAL SEQUENCING LIBRARY

5’ AATGATACGGCGACCACCGAGATCTACACTCTTTCCCTACACGACGCTCTTCCGATCTxxxXXXAATTCNNNNGCATGAGATCGGAAGAGCACACGTCTGAACTCCAGT CACKxXXXXXATCTCGTATGCCGTCTTCTGCTTG 37
Frrrrrrrrrrrrrerrerrrerrrrerrrrrrrrrrrrrrrerrrerrerrrrrrrre e rrrrrrerrrrrerrrer e e e e e e e e e e e e e e e e e e b e e e e e e e e e
3’ TTACTATGCCGCTGGTGGCTCTAGATGTGAGAAAGGGATGTGCTGCGAGAAGGCTAGAXxxXXXTTAAGNNNNCGTACTCTAGCCTTCTCGTGTGCAGACTTGAGGTCAGTGxxxxXxXTAGAGCATACGGCAGAAGACGAAC 57

SI Figure 1) Schematic of adapter sequences and PCR indices used in library construction. Adapted from Debban (2019).
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SI Figure 5) Full results of demographic inference including all sub-models of evolutionary history. Models are ranked in order by AIC and
Model Score, which is calculated by finding the AAIC between the best model for a contact zone and any given model, then dividing it by the
AAIC between the best and worst model for a contact zone. Across all contact zones and methods, IMag was selected as the best model. For
AIC plots, dashed lines indicate AICumn+2 to show whether other high-performing models are distinguishable from the best.
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Migration from Eastern and Western populations Migration from Appalachian populations

into Appalachian populations into Western and Eastern populations
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SI Figure 6) Migration rates inferred from the optimal demographic model of contact in each contact zone. Migration rates
were asymmetric in the direction of known cytonuclear incompatibility (compatible: Western/Eastern --> Appalachian), except
in North Carolina, where migration rates were estimated to be approximately symmetric.
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Population Samples Lineage Region
MD5 8|Appalachian|Allopatry
PA95 12|Appalachian|Allopatry
VA73 14|Appalachian|Allopatry
GA22 12|Western Allopatry
KY51 10|{Western Allopatry
OH64 15(Western Allopatry
VA71 3|Western Allopatry
VAS86 10{Western Allopatry
VA93 4|Western Allopatry
VA96 1[Western Allopatry
NC109E 19|Appalachian|NC Contact
NC110 10|Appalachian|NC Contact
NC91 17|Appalachian|NC Contact
TN92 17|Appalachian|NC Contact
NC105 13[Western NC Contact
NC107 12|Western NC Contact
NC108 15(Western NC Contact
NC109A 6|Western NC Contact
NC90 1{Western NC Contact
PA101 17|Appalachian|PA Contact
PA102 17|Appalachian|PA Contact
PA104 12|Appalachian|PA Contact
PA103 8|Western PA Contact
PA27 15(Western PA Contact
PA94 10|Western PA Contact
VA111 13|Appalachian|VA Contact
VA131L 17|Appalachian|VA Contact
VA112 4|Western VA Contact
VA85 7|Western VA Contact
Triodanis perfoliata 19|Outgroup  |Outgroup

SI Table 1) Population sampling information. Lineage
assignments were determined by chloroplast genotyping.

Adapted from Debban (2019).
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NAME BARCODE | SEQ (5'-->3')

Index1_EcoRI_P1la ATCACG | ACACTCTTTCCCTACACGACGCTCTTCCGATCTATCACG
Index1_EcoRI_P1b /5Phos/AATTCGTGATAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index2_EcoRI_P1a CGATGT | ACACTCTTTCCCTACACGACGCTCTTCCGATCTCGATGT
Index2_EcoRI_P1b /5Phos/AATTACATCGAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index3_EcoRI_P1a TTAGGC | ACACTCTTTCCCTACACGACGCTCTTCCGATCTTTAGGC
Index3_EcoRI_P1b /5Phos/AATTGCCTAAAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index4_EcoRI_P1a TGACCA | ACACTCTTTCCCTACACGACGCTCTTCCGATCTTGACCA
Index4_EcoRI_P1b /5Phos/AATTTGGTCAAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index5_EcoRI_P1a ACAGTG | ACACTCTTTCCCTACACGACGCTCTTCCGATCTACAGTG
Index5_EcoRI_P1b /5Phos/AATTCACTGTAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index6_EcoRI_P1a GCCAAT | ACACTCTTTCCCTACACGACGCTCTTCCGATCTGCCAAT
Index6_EcoRI_P1b /5Phos/AATTATTGGCAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index7_EcoRI_P1a CAGATC | ACACTCTTTCCCTACACGACGCTCTTCCGATCTCAGATC
Index7_EcoRI_P1b /5Phos/AATTGATCTGAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index8_EcoRI_P1a ACTTGA | ACACTCTTTCCCTACACGACGCTCTTCCGATCTACTTGA
Index8_EcoRI_P1b /5Phos/AATTTCAAGTAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index9_EcoRI_P1a GATCAG | ACACTCTTTCCCTACACGACGCTCTTCCGATCTGATCAG
Index9_EcoRI_P1b /5Phos/AATTCTGATCAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index10_EcoRI_P1la TAGCTT | ACACTCTTTCCCTACACGACGCTCTTCCGATCTTAGCTT
Index10_EcoRI_P1b /5Phos/AATTAAGCTAAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index11_EcoRI_P1la GGCTAC | ACACTCTTTCCCTACACGACGCTCTTCCGATCTGGCTAC
Index11_EcoRI_P1b /5Phos/AATTGTAGCCAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index12_EcoRI_P1la CTTGTA ACACTCTTTCCCTACACGACGCTCTTCCGATCTCTTGTA
Index12_EcoRI_P1b /5Phos/AATTTACAAGAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index13_EcoRI_P1la AGTCAA | ACACTCTTTCCCTACACGACGCTCTTCCGATCTAGTCAA
Index13_EcoRI_P1b /5Phos/AATTTTGACTAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index14_EcoRI_P1la AGTTCC | ACACTCTTTCCCTACACGACGCTCTTCCGATCTAGTTCC
Index14_EcoRI_P1b /5Phos/AATTGGAACTAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index15_EcoRI_P1la ATGTCA | ACACTCTTTCCCTACACGACGCTCTTCCGATCTATGTCA
Index15_EcoRI_P1b /5Phos/AATTTGACATAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index16_EcoRI_P1la CCGTCC | ACACTCTTTCCCTACACGACGCTCTTCCGATCTCCGTCC

Index16_EcoRI_P1b

/5Phos/AATTGGACGGAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
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Index17_EcoRI_P1la GTAGAG | ACACTCTTTCCCTACACGACGCTCTTCCGATCTGTAGAG
Index17_EcoRI_P1b /5Phos/AATTCTCTACAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index18_EcoRI_P1la GTCCGC | ACACTCTTTCCCTACACGACGCTCTTCCGATCTGTCCGC
Index18_EcoRI_P1b /5Phos/AATTGCGGACAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index19_EcoRI_P1la GTGAAA | ACACTCTTTCCCTACACGACGCTCTTCCGATCTGTGAAA
Index19_EcoRI_P1b /5Phos/AATTTTTCACAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index20_EcoRI_P1la GTGGCC | ACACTCTTTCCCTACACGACGCTCTTCCGATCTGTGGCC
Index20_EcoRI_P1b /5Phos/AATTGGCCACAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index21_EcoRI_P1la GTTTCG ACACTCTTTCCCTACACGACGCTCTTCCGATCTGTTTCG
Index21_EcoRI_P1b /5Phos/AATTCGAAACAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index22_EcoRI_P1la CGTACG | ACACTCTTTCCCTACACGACGCTCTTCCGATCTCGTACG
Index22_EcoRI_P1b /5Phos/AATTCGTACGAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index23_EcoRI_P1la GAGTGG | ACACTCTTTCCCTACACGACGCTCTTCCGATCTGAGTGG
Index23_EcoRI_P1b /5Phos/AATTCCACTCAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index24_EcoRI_P1la GGTAGC | ACACTCTTTCCCTACACGACGCTCTTCCGATCTGGTAGC
Index24_EcoRI_P1b /5Phos/AATTGCTACCAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index25_EcoRI_P1la ACTGAT | ACACTCTTTCCCTACACGACGCTCTTCCGATCTACTGAT
Index25_EcoRI_P1b /5Phos/AATTATCAGTAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index26_EcoRI_P1la ATGAGC | ACACTCTTTCCCTACACGACGCTCTTCCGATCTATGAGC
Index26_EcoRI_P1b /5Phos/AATTGCTCATAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index27_EcoRI_P1la ATTCCT ACACTCTTTCCCTACACGACGCTCTTCCGATCTATTCCT
Index27_EcoRI_P1b /5Phos/AATTAGGAATAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index28_EcoRI_P1la CAAAAG | ACACTCTTTCCCTACACGACGCTCTTCCGATCTCAAAAG
Index28_EcoRI_P1b /5Phos/AATTCTTTTGAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index29_EcoRI_P1b CAACTA | ACACTCTTTCCCTACACGACGCTCTTCCGATCTCAACTA
Index29_EcoRI_P1b /5Phos/AATTTAGTTGAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index30_EcoRI_P1la CACCGG | ACACTCTTTCCCTACACGACGCTCTTCCGATCTCACCGG
Index30_EcoRI_P1b /5Phos/AATTCCGGTGAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index31_EcoRI_P1la CACGAT | ACACTCTTTCCCTACACGACGCTCTTCCGATCTCACGAT
Index31_EcoRI_P1b /5Phos/AATTATCGTGAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index32_EcoRI_P1la CACTCA | ACACTCTTTCCCTACACGACGCTCTTCCGATCTCACTCA
Index32_EcoRI_P1b /5Phos/AATTTGAGTGAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index33 EcoRI Pla CAGGCG | ACACTCTTTCCCTACACGACGCTCTTCCGATCTCAGGCG
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Index33_EcoRI_P1b

/5Phos/AATTCGCCTGAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT

Index34_EcoRI_P1la CATGGC | ACACTCTTTCCCTACACGACGCTCTTCCGATCTCATGGC
Index34_EcoRI_P1b /5Phos/AATTGCCATGAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index35_EcoRI_P1la CATTTT ACACTCTTTCCCTACACGACGCTCTTCCGATCTCATTTT
Index35_EcoRI_P1b /5Phos/AATTAAAATGAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index36_EcoRI_P1la CCAACA | ACACTCTTTCCCTACACGACGCTCTTCCGATCTCCAACA
Index36_EcoRI_P1b /5Phos/AATTTGTTGGAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index37_EcoRI_P1la CGGAAT | ACACTCTTTCCCTACACGACGCTCTTCCGATCTCGGAAT
Index37_EcoRI_P1b /5Phos/AATTATTCCGAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index38_EcoRI_P1la CTAGCT | ACACTCTTTCCCTACACGACGCTCTTCCGATCTCTAGCT
Index38_EcoRI_P1b /5Phos/AATTAGCTAGAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index39_EcoRI_P1la CTATAC ACACTCTTTCCCTACACGACGCTCTTCCGATCTCTATAC
Index39_EcoRI_P1b /5Phos/AATTGTATAGAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index40_EcoRI_P1la CTCAGA | ACACTCTTTCCCTACACGACGCTCTTCCGATCTCTCAGA
Index40_EcoRI_P1b /5Phos/AATTTCTGAGAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index41_EcoRI_P1la GACGAC | ACACTCTTTCCCTACACGACGCTCTTCCGATCTGACGAC
Index41_EcoRI_P1b /5Phos/AATTGTCGTCAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index42_EcoRI_P1la TAATCG ACACTCTTTCCCTACACGACGCTCTTCCGATCTTAATCG
Index42_EcoRI_P1b /5Phos/AATTCGATTAAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index43_EcoRI_P1la TACAGC | ACACTCTTTCCCTACACGACGCTCTTCCGATCTTACAGC
Index43_EcoRI_P1b /5Phos/AATTGCTGTAAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index44_EcoRI_P1la TATAAT ACACTCTTTCCCTACACGACGCTCTTCCGATCTTATAAT
Index44_EcoRI_P1b /5Phos/AATTATTATAAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index45_EcoRI_P1la TCATTC ACACTCTTTCCCTACACGACGCTCTTCCGATCTTCATTC
Index45_EcoRI_P1b /5Phos/AATTGAATGAAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index46_EcoRI_P1la TCCCGA | ACACTCTTTCCCTACACGACGCTCTTCCGATCTTCCCGA
Index46_EcoRI_P1b /5Phos/AATTTCGGGAAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index47_EcoRI_P1la TCGAAG | ACACTCTTTCCCTACACGACGCTCTTCCGATCTTCGAAG
Index47_EcoRI_P1b /5Phos/AATTCTTCGAAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT
Index48_EcoRI_P1la TCGGCA | ACACTCTTTCCCTACACGACGCTCTTCCGATCTTCGGCA

Index48_EcoRI_P1b

/5Phos/AATTTGCCGAAGATCGGAAGAGCGTCGTGTAGGGAAAGAGTGT

Sphl_P2a

/5Phos/AGATCGGAAGAGCGAGAACAA

Sphl_P2b

GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCTCATG

SI Table 2) Sequences of P1 and P2 adapter oligonucleotides and PCR indices used for ddRAD

library preparation. Adapted from Debban (2019).
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Lineage Region 2N down-sample | maximum 2N value | SNPs retained
Western Allopatry 48 70 1741
Western rear edge 64 92 1812
Western leading edge 24 44 1239
Appalachian rear edge 48 70 1650
Appalachian leading edge 68 90 1863
Appalachian Virginia 28 42 1254
Appalachian Allopatry 30 46 1421
Eastern Virginia 12 16 782
Eastern Allopatry 12 18 721

SI Table 3) 2N down-sampling for demographic inference. We pooled populations by region and
lineage to increase dimensionality and resolution of joint site frequency spectra. For each lineage
and region, the maximum possible 2N value is given, as well as the 2N value which provided the
maximum number of SNPs possible to retain.
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nul nu2 | nu_ae S Tae Ts Tsc | Tsc2 | m12 | m21 | m12_1 | m21_2
upper
bound 20 20 20 | 0.999 10 10 10 10 20 20 20 20
lower
bound 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001| 0.001| 0.001

SI Table 4) Initial parameter bounds for demographic inference. Not all parameters were included in all models.
Nul and nu2 parameterize the population size of contemporary population pools, while nu_ae parameterizes the
size of the common ancestral population from which lineages are derived. Tae parameterizes the timing of nu_ae
expansion; Ts, the time of divergence between lineages; Tsc, the time of secondary contact beginning or ancient
migration ceasing; Tsc2, for cyclic models, the time of the most recent period of contact initiating. M12 and m21
parameterize asymmetric migration between populations; m12 2 and m21 2 the asymmetric migration of
additional cycles of contact.
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P2 P3 significant tests | mean D-statistic | mean Z-score | mean F4 | adjusted p-value
NC105 NC109E 1 0.035 3.156 0.291 0.00969
NC107 NC109E 4 0.041 3.052 0.307 0.01515
NC107 NC110 1 0.088 4.890 0.272 0.00005
NC107 TN92 1 0.040 5.282 0.203 0.00001
NC108 NC109E 2 0.039 3.338 0.357 0.00828
NC109A | NC109E 5 0.054 3.492 0.514 0.00692
NC109A | TN92 2 0.040 3.235 0.185 0.00918
PA101 PA94 1 0.038 3.895 0.144 0.00215
PA102 PA94 1 0.025 2.992 0.095 0.01481
VA131L VA85 1 0.057 3.850 0.165 0.00215

SI Table 5) significant pairwise ABBA-BABA tests after multiple comparison correction. All
population comparisons are between lineages. In total, seven pairwise comparisons were significant
for rear-edge populations, while only two were significant for leading-edge populations and one for
Virginia populations.
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APPENDIX 1:

Species Distribution Model
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OVERVIEW

Habitat can vary in quality over a species’ geographic range, affecting connectivity among
populations and species’ ecological niche limits (Hargreaves et al. 2014). Incorporating metrics of
habitat suitability into model predictions can help to better estimate the environmental contexts
that populations are found in (Aguirre-Liguori et al. 2021), and reduce bias in models seeking to
correlate genetic distance with geographic distance (i.e., isolation-by-distance). For example,
populations found in lowland areas may be substantively less connected than expected by
geographic distance if mountains intercede portions of the range. Thus, connectivity and
differentiation measured by raw geographic distance would underestimate actual differentiation
among populations associated with neutral processes, like genetic drift. To account for such
variation, I first generated a species distribution model (SDM) for Campanula americana using
random forest modeling, data collected from iNaturalist research-grade observations (n=7781;
iNaturalist Community, n.d.) and randomly generated pseudo-absence data. I utilize the SDM
across chapters to provide environmental context to the relationship between genetic load and
population fitness (Chapter 3); to produce less biased estimates of geographic connectivity for
models of isolation-by-distance and isolation-by-environment (Chapter 4); and to provide context
and insight into historical range dynamics (Chapter 5). Here, I outline methods for generation of
the SDM, and in particular methods comparison (generalized linear models/random
forest/maximum entropy). I find that random forest models provide higher resolution distribution

maps when sample sizes allow. Finally, I briefly discuss conclusions from each model projection.
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METHODS
Generating the SDM requires knowing where in a geographic area a species is present and, by
extrapolation, where it is absent. For C. americana, presence data were derived from observations
in iNaturalist. I downloaded all presence records available from iNaturalist as of May 2022
(iNaturalist Community, n.d.). I determined C. americana’s absence by assigning areas where there
were no observations as “pseudo-absence”. To spatially restrict the generation of pseudo-absence
data, and prevent its generation far outside the native range of C. americana, 1 first generated a
geographic hull for the USA using the rasterize function (Hijmans 2023). I generated pseudo-
absence data within this region using the function pseudo.absence in the spatialEco package
(Evans 2021). In total, I generated 23,343 (3n presence) random pseudo-absence points, then
merged with presence data. The combined dataset was down-sampled to one observation per 10km
grid cell by first converting latitudes and longitudes to kilometers, then rounding to the nearest
10km. I then subset presence and pseudo-absence data to only the first per matching latitude and
longitude kilometer pair. Where presence and pseudo-absence data overlapped within 10kmx10km
grid cells, I retained the presence data point, and discarded the pseudo-absence point. I also
removed points west of the hundredth meridian or north of the hundredth parallel, to constrain the
dataset to the native range. This final set contained 2,417 presence points and 1,860 pseudo-
absence points (SI Fig. 1A).

SDM require climate data to associate with probable occurrence of species. I downloaded
bioclimatic variables associated with each location in my final data from WorldClim 2 at a spatial
resolution of 2.5 arcseconds (Fick and Hijmans 2017). To account for autocorrelation among

bioclimatic variables (SI Fig. 1B), I generated a PCA using all 19 available bioclimatic factors.
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Five principal components explained 95% of the variance in bioclimatic factors among data points
(SI Fig. 1C). I used these five components for generating the SDM.

I evaluated three different modeling techniques for generating SDMs. These included
generalized linear model (GLM), random forest, and maximum entropy modeling approaches.
Each approach has different strengths that will affect resolution of the final SDM. Specifically,
GLMs account for the interaction among variables but cannot handle non-linear relationships as
effectively as explicitly nonlinear models. Random forest models are inherently nonlinear, and
may better describe relationships at finer resolution scales without increasing false positive rates
compared to generalized regression approaches (Kirasich et al. 2018). Finally, maximum entropy
models effectively describe potential climatic niche limits, particularly in habitat where presence
points do not exist (Fitzgibbon et al. 2022).

I tested the performance of different modeling techniques by first training models on a
subset of 70% of the data (i.e. training data), then comparing their type I and type II error rates
using a non-overlapping testing data set (30%). For the GLM, I included all climate principal
components as main effects as well as their interactions (presence ~ PCI*PC2*PC3*PC4*PC5).
I calculated GLMs using the glm function in base R (R Core Team, 2022) and generated spatial
predictions using the predict function from base R. I ran random forest models using 5,000 trees
and a node size of 10. For random forest models, I predicted spatial data using the predictSDM
function from the mecofun package (Zurell 2020). I ran maximum entropy models out-of-the-box,
without modifications to parameterization using the maxent function from the dismo package
(Hijmans et al. 2021). I generated spatial predictions maximum entropy models using the predict

function from the dismo package.
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I tested the accuracy of each model type by predicting the testing dataset (30%) and
comparing the type I and II errors with confusion matrices. Confusion matrices show the frequency
that models correctly and incorrectly predict presence and absence. For random forest models, [
selected the random seed that had the highest accuracy (i.e., highest rate of correctly predicting
presence and absence) to compute the confusion matrix. I compared models on the basis of type I
and II error, indicated by false presence and false absence predictions respectively, and were able
to accurately predict known changes in prevalence across the species range (e.g., higher density of
C. americana along the southern blackbelt prairies). After determining random forest modeling
provided the best fit to the data, I then predicted historic and projected future distributions of C.
americana using the WorldClim projected datasets (http://www.worldclim.com/past). T first
generated 100 random forest models using contemporary WorldClim 2.0 data, then predicted
presence and absence during last glacial maximum (22kya), mid-Holocene (6kya), and for RCP
4.5 (2070), the most likely climate scenario given current warming trends. For each time point, I

then averaged predictions for each grid cell across all 100 random forest models.

RESULTS

Comparison of SDM methods

SDMs generally performed well across methods. Random forest and maximum entropy models
weighted the importance of principal component variables approximately in order of components
that explained the most bioclimatic variance (SI Fig. 2), suggesting that the models fit the principal
component data effectively. The random forest model outperformed the GLM and maximum
entropy model for type I error (false presence), though performance of the model was somewhat

worse in type II error (false absence) relative to the maximum entropy model (SI Fig. 3). Briefly,
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the GLM SDM had false presence rates of 53.93% and false absence rates of 16.9%. The maximum
entropy SDM had false presence rates of 37.2% and false absence rates of 7.6%. Finally, the
random forest SDM had false presence rates of 28.6% and false absence rates of 9.7%. The
difference in type I error between random forest and maximum entropy models results in stronger
definition of range boundaries and known zones of low and high prevalence in the maximum forest
models. For example, the southern blackbelt prairies, where C. americana is frequently found, are
well-defined in map projections of the random forest model but poorly defined for projections
from the maximum entropy model. Thus, while the maximum entropy model appears to define the
potential climate niche more broadly and with less type II error, the random forest defined the

contemporary realized extent of the species range more precisely (Fig. 1C).

Historical and future climate projections

Final projections of random forest models using historical and future climate projections reveal
changes in distribution over time (Barnard-Kubow et al. 2015, Koski et al. 2019, Prior et al. 2020).
The projection to the last glacial maximum found the majority of suitable habitat laid in the
southern U.S., near the Gulf of Mexico (Fig. 1A) but allowed for mildly suitable habitat to exist in
several mid-latitude regions hypothesized to be glacial refugia, particularly Kentucky and in and
around the Appalachian Mountains and eastern coastal areas. In the mid-Holocene, mid-latitude
climates in the eastern U.S. were drier and warmer than the current climate (Shin et al. 2006), and
projections of the SDM to ~6kya demonstrate expansion of the range relative to the last glacial
maximum in response (Fig. 1B). Interestingly, high suitability of habitat beyond the Mississippi
and Ohio rivers into southern Illinois aligns with genomic predictions of range expansion beyond

the river basins (Prior et al. 2020). During the mid-Holocene (10-6kya), water flow into the
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Mississippi river basin was curtailed by drying climates (Knox and Wright 1983), increasing the
likelihood of successful dispersal across the river. Finally, the RCP 4.5 (2070) projection
demonstrates that range expansions during contemporary climate change do not simply result in
northward range shifts or range expansions, but also idiosyncratic range constrictions (Fig. 1D).
Importantly, the RCP 4.5 projections suggest that the native range of C. americana is likely to
experience some contraction toward mid-latitudes in the near future as climate becomes less
suitable. Thus, in the absence of adaptation and local response to selection, populations may fail
to adjust to shifting climates in situ. If regions of the range are subject to constraints of adaptation
through microevolutionary or environmental pressures, range constriction, rather than range

expansion, is likely.
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Figure 1) Distribution projections to different time points using the Random Forest model.
Distributions reflect those projected for (A) the last glacial maximum ~22kya, (B) the mid-
Holocene ~6kya, (C) current climate, and (D) the RCP 4.5 climate scenario (2070). Projections
for each time point are binned by decile.
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SI Figure 1) (A) Down-sampled presence data from iNaturalist research-grade observations (blue) and pseudo-absence data generated
for SDM training (red). Points were constrained to Eastern USA. (B) Correlation of WorldClim bioclimatic factors. (C) To reduce
correlation of variables, we performed a PCA and retained five principal components for modeling efforts, as they explained 95% of
variance in bioclimatic factors.
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SI Figure 2) Climate variable importance for maximum entropy and random forest
models. Well-fit models will likely rank principal components variables by the amount
of climate variation they explain. For maximum entropy models, the percentage shows
the contribution and permutation importance of the variable in the model. For random
forest models, mean decrease in accuracy shows the decrease in the model’s performance
if the variable is excluded. Mean decrease Gini shows the degree of disorganization
across trees in the random forest introduced by excluding the factor.
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SI Figure 3) Mapped projections from GLM, Maximum Entropy, and Random Forest models, with predictions of habitat
suitability binned by quantile.
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