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American pikas (Ochotona princeps) are considered an indicator species of
climate change. Adaptations for cold climates and active winters make pikas particularly
sensitive to increasing temperatures. This, combined with evidence that multiple
historically occupied populations have been extirpated within the past century,
contributed to American pikas becoming a focal species for climate change research. This
dissertation is primarily the product of a collaboration among the National Parks Service
and multiple academic institutions whose principal goal was to assess the vulnerability of
the American pika within eight national parks representing a variety of habitat types and
environmental conditions. While much of the previous climate change-related research
on American pikas has focused on how climate affects occupancy, this work sought to
establish how landscape characteristics and climate may interact and influence dispersal,
population connectivity, and ultimately population vulnerability or resilience. I addressed
these questions using population and landscape genetics approaches within nine national
parks, two national wildlife refuges, and a national forest.

American pikas represent one of the best described mammalian metapopulation
systems. They are restricted to rocky habitats, such as talus and lava, which are
frequently patchily distributed on the landscape, both at the local and regional scales.
Functional connectivity, the combination of habitat configuration and an organism’s
ability to move through the landscape, is essential for maintaining robust genetic
populations. This is particularly true within metapopulations which, by definition, rely on
dispersal of individuals among habitat patches for overall long-term stability. In Chapters
1 and 2, I used a landscape genetics approach to identify features that either promote or
inhibit dispersal of American pikas. There has been significant debate over the past few
years about the best statistical approaches within landscape genetics and the
appropriateness of certain methods in particular. In Chapter 1, I used Crater Lake
National Park as a test case to evaluate the effectiveness of Mantel and partial Mantel
tests in a causal modeling framework to correctly identify underlying landscape variables
(e.g., topography, aspect, water barriers) and their effect on gene flow. I demonstrated,
through simulations, that this approach was able to correctly identify the landscape
variables, but not precisely the magnitude of their effect on gene flow. I concluded that
while results need to be interpreted with caution, this method was effective for
identifying which variables are important in shaping functional connectivity.
In Chapter 2, I applied the causal modeling approach from Chapter 1 to seven
additional study sites. I identified a general trend that south-west facing aspects pose
greater resistance to dispersal than north and east-facing aspects, suggesting that exposure
to high temperatures may limit dispersal in American pikas. I also found that amount and
configuration of habitat (i.e., rocky substrate) influenced the degree to which other

landscape variables impact dispersal. I then applied the models of landscape resistance to
investigate habitat patch connectivity within each site using a graph theoretic approach.
This allowed me to assess overall patch connectivity, as well as identify specific patches
and areas within study sites that are particularly important for maintaining functional
connectivity, or in contrast, at risk of becoming isolated.
Functional connectivity is an important component when assessing population
vulnerability because it describes the ability of genetic material to flow through the
landscape. A loss of gene flow can lead to isolation of population segments, reduction of
effective population size, loss of genetic diversity and subsequent erosion of evolutionary
potential, and ultimately metapopulation collapse. However, other factors including
habitat area and quality, affect effective population size and population stability. Genetic
diversity is the material upon which evolution acts. In the face of rapid environmental
change, species must either shift their range in order to track their ecological niche, or
adapt in situ to the new environment. The former strategy requires sufficient available
habitat as well as dispersal ability, which is unlikely for American pikas. Genetic
diversity, therefore, is an important indicator of long-term population viability. In
Chapter 3, I quantified genetic diversity within thirteen study sites and investigated the
relationship between genetic diversity and environmental variables related to climate as
well as habitat configuration and quality. As expected, habitat area was important at both
the local and regional scales. Temperature was also a significant predictor of genetic
diversity, with hotter sites having lower genetic diversity. However, and somewhat
surprisingly, precipitation was a better predictor of genetic diversity than temperature,
with sites receiving moderate levels of precipitation having higher genetic diversity. I

also compared population differentiation among study sites and identified sites that are
particularly distinct. In the process of the above analyses, I also identified a previously
undescribed contact zone between the northern and southern Rocky Mountain genetic
lineages, recognized as separate subspecies, within Rocky Mountain National Park.
Climate change is predicted to affect habitat quality and landscape permeability,
both of which have detectable genetic consequences. In Chapter 4, I quantified genetic
diversity and structure within two study sites, Yosemite and Lassen Volcanic National
Parks, from two sampling periods separated by approximately a century in time. I
extracted DNA from historic study skins housed in the University of California Berkeley
Museum of Vertebrate Zoology (MVZ) and compared multilocus microsatellite
genotypes to those generated from modern fecal and tissue samples. Additionally, the
historic survey data, including specimens, field journals, and other artifacts, were used in
a series of systematic resurveys and subsequent species distribution modelling by other
researchers. The nature of national parks as protected areas affords the opportunity to
isolate the effects of climate change to a greater degree than other areas that have also
experienced significant land use changes. I found no evidence for a change in genetic
diversity within these two sites, consistent with observations from other studies that
occupancy has remained relatively stable. I did find some evidence suggesting increasing
population differentiation, potentially as a result of eroding landscape permeability.
These results provide an important baseline for comparison with other sites, as well as
reference points for future genetic monitoring of these populations.
In Chapter 5, I provide general synthesis and conclusions, as well as
considerations for future research.
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ABSTRACT
Climate change is arguably the greatest challenge to conservation of our time.
Most vulnerability assessments rely on past and current species distributions to predict
future persistence but ignore species’ abilities to disperse through landscapes, which may
be particularly important in fragmented habitats and crucial for long-term persistence in
changing environments. Landscape genetic approaches explore the interactions between
landscape features and gene flow and can clarify how organisms move among suitable
habitats, but have suffered from methodological uncertainties. We used a landscape
genetic approach to determine how landscape and climate-related features influence gene
flow for American pikas (Ochotona princeps) in Crater Lake National Park. Pikas are
heat intolerant and restricted to cool microclimates, thus range contractions have been
predicted as climate changes. We evaluated the correlation between landscape variables
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and genetic distance using partial Mantel tests in a causal modeling framework, and used
spatially-explicit simulations to evaluate methods of model optimization including a
novel approach based on relative support and reciprocal causal modeling. We found that
gene flow was primarily restricted by topographic relief, water, and west-facing aspects,
suggesting that physical restrictions related to small body size and mode of locomotion,
as well as exposure to relatively high temperatures, limit pika dispersal in this alpine
habitat. Our model optimization successfully identified landscape features influencing
resistance in the simulated data for this landscape, but underestimated the magnitude of
resistance. This is the first landscape genetic study to address the fundamental question of
what limits dispersal and gene flow in the American pika.

INTRODUCTION
Most climate niche models suggest that many species will shift their ranges poleward or upward in elevation as a result of increases in temperature (Guralnick 2007).
According to this hypothesis, high elevation species are particularly at risk because they
already exist at or near their upper elevational limits. Such broad-scale projections are
useful, but may fail to give accurate predictions when interpreted at a smaller geographic
scale, i.e., what conditions individuals within a single population might experience
(Ashcroft et al. 2009; Suggitt et al. 2011). These models rarely take into account the
effects of fine-scale topography on microclimate, which are particularly apparent in
montane ecosystems (Luoto & Heikkinen 2008; Pepin et al. 2011; Suggitt et al. 2011).
Moreover, they do not consider dispersal and the implications of local habitat
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fragmentation (Pearson & Dawson 2003; Hampe 2004; Brooker et al. 2007), although
neither is well understood for many species. The ability of organisms to move among
habitat patches, in addition to changes in the distribution of available habitat, has major
implications for long term viability (Fahrig & Merriam 1985; Mönkkönen & Reunanen
1999; Pearson & Dawson 2003). In consequence, to aid both more realistic modeling of
species distribution change and conservation of species in fragmented habitats, dispersal
and gene flow should be described and modeled for species identified as potentially
vulnerable to climate change.
One species that has gained recent attention because of potential risk from climate
change is the American pika (Ochotona princeps). American pikas are considered
montane specialists, but are found at low elevations in the northern portion of their range
(Smith & Weston 1990; Manning & Hagar 2010). American pikas are sensitive to high
temperatures when not allowed to behaviorally thermoregulate (Smith 1974b; Smith &
Weston 1990), which is reflected in trends in occurrence along elevational and latitudinal
gradients (Hafner 1993; Galbreath et al. 2009). Broad-scale climate niche models suggest
the American pika will experience a substantial range contraction as a result of increased
temperatures and decreased precipitation (Galbreath et al. 2009). American pikas have
already experienced range contractions upward in elevation (Moritz et al. 2008) and local
extinctions as a result of recent climate change (Beever et al. 2003; 2010; 2011;
Wilkening et al. 2011), but these trends are not consistent across the species’ range or
even within a particular biogeographic region (Millar & Westfall 2010; Collins &
Bauman 2012). A recent study of American pikas in eight National Parks representing a
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gradient of elevations and habitat types found that pikas’ relationship with climate varied
from site to site: low pika occupancy was correlated with hot and dry conditions in some
parks, but in other parks, with cold and wet conditions (Jeffress et al. 2013). That study
underscores the importance of replicated fine scale investigations to avoid missing
complex relationships.
However, dispersal, gene flow, and the effect of landscape and climate on those
processes are still poorly understood for this species. Estimates of maximum dispersal
distance range from a few hundred meters (Smith 1974a) to 20 km (Hafner & Sullivan
1995), but many estimates suggest little or no gene flow between populations greater than
10 km apart (Peacock 1997; Henry et al. 2012). Previous studies suggest distance,
exposure to high temperatures, and topography limit dispersal in pikas, as evidenced by
direct observation of marked individuals within a single metapopulation (Smith 1974a)
and population-based genetic analyses (Henry et al. 2012). However, there has been no
systematic, individual-based analysis of pika dispersal distance or gene flow over a large
landscape.
In this study, we conduct the first fine-scale, individual-based genetic analysis
that addresses the effect of landscape and climate on dispersal and gene flow for
American pikas. We use a landscape genetics approach to assess the correlation between
gene flow and landscape variables for American pikas in Crater Lake National Park
(CRLA), Oregon, to identify factors that impede or facilitate dispersal for pikas at fine
scales. Landscape genetics provides a framework for evaluating hypotheses relating
landscape features to patterns of genetic structure (Storfer et al. 2007), including
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addressing questions about barriers to dispersal, population isolation, and ultimately
population vulnerability (Manel et al. 2003; Balkenhol & Waits 2009; Storfer et al. 2010;
Manel & Holderegger 2013). While there are many approaches in landscape genetics
(Manel et al. 2003; Manel & Holderegger 2013), the predominant methodology involves
relating matrices of pairwise population or individual genetic distances with cost
distances derived from either a least cost path (e.g., Epps et al. 2007) or circuit-theoretic
approach (McRae 2006; Cushman et al. 2013; Manel & Holderegger 2013). Here, we use
partial Mantel tests in a model optimization framework based on the approach proposed
by Cushman et al. (2006), and as refined by Shirk et al. (2010), Wasserman et al. (2010)
and Cushman et al. (2013).
As is often the case with relatively young and expanding areas of research,
methodologies are constantly being questioned and refined. Recently there has been
controversy over the use of Mantel tests in landscape genetics (Balkenhol et al. 2009;
Guillot & Rousset 2011; Graves 2012; Graves et al. 2013; Guillot & Rousset 2013), but a
preferable alternative has yet to be identified that does not also suffer drawbacks. There is
no one-size-fits-all approach and the most appropriate methodology will depend on the
research question and landscape under investigation (Balkenhol et al. 2009). Cushman et
al. (2013) evaluated the performance of causal modeling with Mantel and partial Mantel
tests using a series of simulations. They concluded that partial Mantel tests have a very
low Type II error rate, but high Type I error rate especially among highly correlated
alternate landscape hypotheses. We use a more robust modeling framework, proposed by
Cushman et al. (2013), that is based on the relative support of each candidate model and
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includes a reciprocal causal modeling step in our model optimization process.
Simultaneously competing alternate models against each other rather than against
distance alone reduces the risk of Type I error and spurious correlations. We followed
with a simulation study to evaluate our framework. The objectives of this study were to
1) identify the relationship between landscape and gene flow for American pikas in
CRLA, 2) assess the ability of our model optimization with partial Mantel tests approach
to correctly identify the true underlying landscape model, and 3) make recommendations
for the use of partial Mantel tests in landscape genetics.

METHODS
Study area
The study area included approximately 460 km2 within CRLA in the Cascade
Range of southern Oregon. Potential pika habitat within CRLA is characterized by talus
(Smith & Weston 1990) which occurs primarily around the rim of the crater and on
mountain peaks and ridges throughout the park (Figure 1.1). The crater resulting from the
eruption of the Mt. Mazama volcano is the dominant feature on the landscape. The
elevation drops approximately 300 m from the rim of the crater to the lake surface. In
addition to the crater itself, ridges and ravines represent the most topographically
complex areas within the park (Appendix 7). Streams are also an important feature on the
landscape with the majority of the perennial streams located in the southern half of the
park (Appendix 8). The most abundant vegetation type within the park is evergreen forest
(Appendix 9) and elevation ranges from approximately 1200 m to 2721 m.
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Sample collection
We collected fecal samples for genetic analysis between June 2010 and
September 2011 using random, targeted, and opportunistic sampling approaches. Random
sampling occurred in conjunction with pika occupancy surveys conducted as part of a
related study (Jeffress et al. 2013). A generalized random tessellation-stratified algorithm
(Stevens & Olsen 2004) was used to generate spatially-balanced survey sites within
potential pika habitat. A more detailed description of the sampling design and potential
habitat map is provided in Jeffress et al. (2013). Targeted sampling involved exhaustively
searching areas identified as potential habitat with the goal of obtaining 10 to 20 samples
within a relatively discreet habitat patch. Pikas are highly territorial, so to avoid sampling
individuals multiple times we collected samples at>50 m apart, slightly larger than the
average territory size. Opportunistic sampling occurred while in transit between survey
sites. To increase genotyping success and reduce risk of contamination between
individuals, we attempted to collect samples representing a single defecation event such
that they were 1) recently deposited, based on color and adherence to the substrate; 2)
clumped together and similar in appearance; and 3) not contacting older fecal pellets.
DNA extraction and genotyping
We extracted DNA from fecal samples using a modified AquaGenomic DNA
extraction protocol (MultiTarget Pharmaceuticals LLC, Salt Lake City, UT, USA). We
genotyped individuals at 24 microsatellite loci in four multiplex polymerase chain
reactions (PCR) using a Qiagen Multiplex PCR kit (Qiagen, Valencia, CA, USA)
according to the manufacturer’s specifications (Appendix 5). We visualized PCR

9

products using an ABI 3730 capillary sequencer (Applied Biosystems) and GS500 Liz
size standard (Applied Biosystems) then scored genotypes using Genemapper V4.1
(Applied Biosystems). We initially amplified each sample three times for each multiplex
PCR. Each allele was considered confirmed if it was typed at least twice in independent
amplifications. If an allele was seen only once during the initial three replicates, we
repeated PCRs up to a total of seven times to construct consensus genotypes. We
identified samples with more than two confirmed microsatellite peaks at any locus as
contaminated and removed them from further analysis. We screened for duplicate
individuals first by using CERVUS 3.0 (Kalinowski et al. 2007) to identify matching
genotypes, allowing fuzzy matching with up to 6 mismatching loci. We then used
GIMLET (Valiere 2002) to calculate the probability of identity for a full-sibling
relationship (P(ID)sib ) (Waits et al. 2001) for each of the matching genotypes identified in
CERVUS. We identified duplicate individuals if P(ID)sib < 10-3 (Epps et al. 2005) and
removed all but one genotype for each of the sets of duplicates. We tested for linkage
disequilibrium and significant deviations from expected Hardy-Weinberg genotype
frequencies using GENEPOP (Raymond & Rousset 1995). Finally, we removed individuals
with incomplete genotypes from further analysis.
Genetic distance
We calculated pairwise genetic distance among individuals using a principal
components analysis (PCA)-based metric (Shirk et al. 2010). We constructed a matrix of
multilocus genotypes coded such that there is a column for each allele in the population
and cells contain the number of occurrences of that allele (0, 1 or 2) for each individual,
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represented by rows in the matrix. We generated a genetic distance matrix based on the
distance between individuals along the first two eigenvectors using the Euclidean
distance function in the ECODIST package in R 2.13.1. For comparison, we also
calculated Bray-Curtis percent dissimilarity pairwise distances (Legendre & Legendre
1998) using the ECODIST package (Goslee & Urban 2007) in R 2.13.1 (R Development
Core Team 2011). This metric is equal to one minus the proportion of shared alleles,
another commonly used metric. The results for the Bray-Curtis percent dissimilarity were
similar to the PCA distance (Appendix 6).
Univariate resistance model functions
We evaluated the hypotheses that gene flow in pikas is limited by temperature,
exposure to predators, and topographical limitations to dispersal. To do so, we modeled
landscape resistance as a function of elevation, aspect, land cover, water, and topographic
complexity. To avoid confounding effects of Crater Lake itself in our analyses, we
removed it from the landscape by replacing the corresponding pixels with “nodata” in the
GIS and forced movement paths around the lake. We modeled resistance as a function of
elevation, according to the hypothesis that elevation is a proxy for temperature and that
there is an optimal elevation around which resistance increases as elevation increases or
decreases. To accomplish this, we reclassified a digital elevation model (DEM) according
to an inverse Gaussian function (Appendix 1). We evaluated five maximum resistance
(𝑅𝑚𝑎𝑥 ) values (2, 10, 100, 500, and 1000), seven optimum elevations (𝐸𝑜𝑝𝑡 ) ranging
from 1950 to 2550 m in 100 m increments, and three standard deviations (𝐸𝑆𝐷 ) for a total
of 105 candidate models.
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We modeled resistance as a function of topographical aspect according to the
hypothesis that there is an optimal aspect such that increasing or decreasing aspect results
in an increase in resistance. McCune and Keon (2002) proposed an index of heat load
such that northeast aspects (45°) represent the coolest slope with a value of zero and
southwest aspects (225°) represent the warmest slope with a value of 1. To test whether
aspect, as a proxy for temperature, influences gene flow, we modified the heat load index
to assess 1) the presence of an optimum aspect and 2) the range of tolerance about the
optimum aspect by including an exponent variable, x (Equation S2). As the exponent
increases so does the contrast (width of tolerance), such that there are fewer pixels with
intermediate resistance values. Flat areas, pixels with a value of -1 on the untransformed
aspect raster, were reclassified as 𝑅𝑚𝑎𝑥 ⁄2. We tested aspects in 45° increments from 0°
to 315° with five values of x (0.5, 1, 2, 4, and 10) and the same 𝑅𝑚𝑎𝑥 values as for
elevation, for a total of 200 candidate models.
We hypothesized that resistance increases as topographic complexity (TC)
increases because of greater energetic expenditure for movement across complex terrain
due to the pika’s small body size and mode of locomotion. Using the Surface Relief Ratio
(SRR) tool in the Geomorphometry and Gradients Metrics toolbox for ArcGIS 10.0
(Evans & Oakleaf 2012), we calculated the SRR for each cell in a DEM. SRR is an index
of surface complexity ranging from zero to one calculated within a specified radius. We
calculated SRR using three radii (10, 20, and 50) and reclassified the resulting SRR raster
according to a power function such that resistance increased toward 𝑅𝑚𝑎𝑥 according to a
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relationship governed by 𝑥 (Equation S3). We identified the most appropriate radius, then
tested the same values of 𝑥 and 𝑅𝑚𝑎𝑥 as for aspect for a total of 25 candidate models.
We modeled resistance as a function of land cover according to two hypotheses:
potential habitat poses less resistance than non-habitat, and forested areas pose less
resistance than open areas but more resistance than potential habitat. These predictions
stem from the hypothesis that predation risk and heat exposure increase as cover
decreases. Using the potential habitat map described in Jeffress et al. (2013), we assigned
a resistance value of 1 to potential habitat and tested seven values of 𝑅𝑚𝑎𝑥 for nonhabitat (2, 10, 50, 100, 250, 500, and 1000). Next, we reclassified a land cover raster
(NLCD 2006 Land Cover, U. S. Geological Survey) into four categories according to
cover type: forested, shrub/grassland, open/barren, and water. We combined the potential
habitat and land cover rasters such that the new raster contained all five land cover
categories. We then ranked each cover class according to hypothesized relative resistance
with potential habitat the lowest rank followed by forested, shrub/grassland, open/barren,
and water as a barrier. We reclassified the resulting categorical rank raster according to
the function 𝑅 = 𝑅𝑎𝑛𝑘 𝑥 , rescaled such that 𝑅𝑃𝐻 = 𝑅1 = 1 and 𝑅4 = 𝑅𝑚𝑎𝑥 . This scaling
allows us to hold potential habitat (𝑅𝑃𝐻 ) and 𝑅𝑚𝑎𝑥 values constant while varying the
relative resistance of the other two land cover types according to a relationship governed
by 𝑥 (Appendix 4). We tested the same five values of 𝑥 and six values of 𝑅𝑚𝑎𝑥 (2, 10,
100, 250, 500, and 1000), for a total of 37 candidate models, including the dichotomous
classification scheme.
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Finally, we modeled resistance as a function of water features including
intermittent streams, perennial streams, and lakes. We used two classification schemes.
The first was a simple water-land dichotomy where we assigned land a value of 1 and
water an 𝑅𝑚𝑎𝑥 of 2, 10, 50, 100, 250, 500 or 1000. The second model included the
classification of perennial versus intermittent streams such that intermittent streams
received a resistance value of 𝑅𝑚𝑎𝑥 ⁄2, except in the case of 𝑅𝑚𝑎𝑥 = 2 where intermittent
streams received a value of 1.5.
Univariate resistance model optimization
We evaluated our univariate resistance models by assessing the correlation
between pairwise genetic distance and pairwise resistance distance between individual
sampling localities. We used C IRCUITSCAPE V.3.5.4 (McRae 2006) to model isolation by
resistance and construct a pairwise resistance matrix for each landscape resistance
surface. We calculated cumulative resistance between point localities for each pair of
genotyped individuals using an eight neighbor connection scheme. All resistance models
consisted of approximately 10 m by 10 m pixels.
We assessed correlation between matrices using Mantel tests with the ECODIST
package in R. We controlled for the effect of distance alone by estimating resistance in
CIRCUITSCAPE with a raster of a constant value of 1 and evaluated partial Mantel
correlation after “partialling out” the resulting cumulative resistance matrix (henceforth
referred to as model 𝐼𝐵𝐷). For each landscape variable, we identified the top candidate
model by a unimodal peak of support in partial Mantel r values (Shirk et al. 2010). In the
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cases where there was a plateau rather than a peak of support, we chose the model
corresponding to the point at which values began to plateau.
Next, we identified a set of candidate models within a range of parameters similar
to the top model described above (e.g., ± 45° for aspect) and evaluated that set of models
against each other rather than just against 𝐼𝐵𝐷. We quantified the relative support (𝑅𝑆) of
each model as compared to each other model as:
𝑅𝑆1|2 = (𝐺𝐷~𝑅𝐷1|𝑅𝐷2 ) − (𝐺𝐷~𝑅𝐷2 |𝑅𝐷1)
where 𝐺𝐷 is the genetic distance matrix, 𝑅𝐷1 is the resistance distance matrix obtained
from model 1, 𝑅𝐷2 is the resistance distance matrix obtained from model 2, and
(𝐺𝐷~𝑅𝐷1|𝑅𝐷2) is the partial Mantel correlation between GD and 𝑅𝐷1 after partialling
out 𝑅𝐷2. 𝑅𝑆1|2 in the above equation represents the relative support of model 1 as
compared to model 2. The model with positive 𝑅𝑆 in every comparison represents the
best candidate model (Cushman et al. 2013).
Multivariate resistance model construction and optimization
We built our multivariate resistance surfaces by creating rasters equal to the sum
of the univariate model rasters for each landscape variable. We used two methods for our
multivariate model optimization. The first is similar to the methods in Shirk et al. (2010).
We started with the two landscape variables with the highest partial Mantel correlation
for 𝐺𝐷~𝑅𝐷|𝐼𝐵𝐷 and then created a series of bivariate models by varying the model
parameters for the second variable, while holding the first constant. We repeated the
methods used in the univariate model optimization to identify the best supported model
parameters for the second variable based on the partial Mantel correlation 𝐺𝐷~𝑅𝐷|𝐼𝐵𝐷.
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Next, we identified the optimum parameters for the first landscape variable while holding
the second constant. We then added additional landscape variables one at a time. For each
additional variable, we held the other variables constant, optimized the new variable, and
then repeated optimization for the variables previously established in the model. If the
best supported parameter value for any previously-established variable changed, we reoptimized the remaining variables. We repeated the process until the best supported
multivariate model did not change.
The second multivariate model optimization procedure was similar to the first,
except we evaluated models by their 𝑅𝑆 rather than 𝐺𝐷~𝑅𝐷|𝐼𝐵𝐷. We started with the
combination of the best models for those landscape variables that had positive 𝑅𝑆 when
compared to 𝐼𝐵𝐷. We varied the model parameters for one variable while holding the
others constant. The multivariate model with positive 𝑅𝑆 in every comparison
represented the best candidate model. We repeated this process until the variable
parameters stabilized.
In order to be accepted, the multivariate model needed to pass the two causal
modeling criteria signifying that it was better than 𝐼𝐵𝐷: 1) 𝐺𝐷~𝑅𝐷|𝐼𝐵𝐷 must be
significant and 2) 𝐺𝐷~𝐼𝐵𝐷|𝑅𝐷 must be non-significant (Wasserman et al. 2010).
Additionally, in order for a landscape variable to be included in the final multivariate
model, it had to also pass the causal modeling criteria with the reduced model. For
example, 𝐺𝐷~(𝑇𝐶 + 𝑊 + 𝐴)|(𝑇𝐶 + 𝑊) must be significant and 𝐺𝐷~(𝑇𝐶 + 𝑊)|(𝑇𝐶 +
𝑊 + 𝐴) must be non-significant in order for A to be included.
Simulation study
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The purpose of the simulation study was to evaluate the ability of the Mantel
framework to correctly identify the relationship between genetic distance and landscape
variables (e.g., Shirk et al. 2012) in this particular landscape and sampling scheme. To
accomplish this, we created a multivariate model including TC (high contrast and high
𝑅𝑚𝑎𝑥 ) and water (low 𝑅𝑚𝑎𝑥 ) to represent the “true” landscape resistance model. We
simulated gene flow among pikas in CRLA by first creating hypothetical individuals
using ArcGIS and then simulating mating and dispersal as a function of landscape
resistance using CDPOP (Landguth & Cushman 2010). CDPOP is a spatially explicit,
individual based, landscape genetic model that simulates mating and dispersal as a
probabilistic function of movement cost among individual localities and then reports
individual genotypes through each specified generation (Cushman et al. 2012a).
If the Mantel framework is robust, then repeating the model optimization process
with the simulated genotypes should result in the best supported model being the same as,
or very similar to, the model we used to specify landscape resistance as input for CDPOP.
In order to conclude that the partial Mantel framework is effective, we determined that
the best supported model must 1) include all the variables included in our simulated
landscape (topography and water), and 2) not include any of the variables not included in
our simulated landscape. Additionally, the parameters of the individual landscape
variables in the best model should not differ greatly from the simulated landscape.
We included sampling localities for all our genotyped individuals, plus
hypothetical individuals spaced approximately 40 m apart within potential pika habitat
for a total of 3692 localities. Individual territory size estimates for pikas result in 20-30 m
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spacing (Smith 1974b; Smith & Weston 1990); however, we were unable to run
simulations at that density due to computer memory limitations. We calculated pairwise
resistance distance among all simulated individuals in CIRCUITSCAPE using a resistance
surface that included TC (high contrast and high 𝑅𝑚𝑎𝑥 ) and water (low 𝑅𝑚𝑎𝑥 ). We then
simulated mating and dispersal for 500 overlapping generations with input parameters
reflecting pika life history: 50% birth mortality, equal sex ratio at birth, 50% juvenile
survival, and 30% adult survival up to age 5 years. We simulated a larger litter size than
reported for pikas (8 instead of 3 or 4) to reduce the number of empty localities resulting
from adult mortality. We defined mating probability by a negative exponential function
such that mating was much more likely among individuals with low cumulative
resistance distance between them. We set a maximum mating distance at 10% of the
maximum pairwise resistance distance observed. This corresponds to a mean mating
distance of approximately 110 m (stdev ≈ 90 m). Pikas typically mate with individuals in
neighboring territories (Smith & Ivins 1983, 1984), therefore our simulated mating
parameters are realistic for pikas. Dispersal probability was the same as mating, except
the maximum dispersal distance was 20% of the maximum pairwise resistance distance
observed, corresponding to a mean dispersal distance of approximately 400 m (stdev ≈
675 m). Estimates for pika dispersal distance range from tens of meters to a few
kilometers (Smith & Ivins 1983; Smith & Weston 1990; Hafner & Sullivan 1995;
Peacock 1997). Previous studies found that almost all juvenile pikas settle within 50 m of
their natal home range (Smith & Ivins 1983), long distance migration ( > 1 km) is rare
(Peacock 1997), and under non-favorable environmental conditions (i.e., high ambient
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temperature), distances greater than 300 m may pose a barrier to dispersal (Smith 1974a).
Therefore, our simulated dispersal parameters are realistic for pikas. Vacant territories
(empty localities) occurred when an individual died and was not replaced by a dispersing
juvenile. This could have been the result of demographic stochasticity affecting the sex
ratio within an area and/or landscape resistance reducing mating and dispersal ability.
Vacant territories could be recolonized at any subsequent generation, therefore number
and location of vacant territories varied across generation and simulation run.
Genotypes for the initial population were generated at random for 21 loci with 6
alleles per locus. Mutations were allowed at a rate of 0.0005 mutations per generation
according to a random mutation model. Individual genotypes were recorded at
generations 0, 100, 250, and 500. We repeated the simulation for a total of 10 Monte
Carlo (MC) replicates to account for stochasticity. We calculated pairwise genetic
distance for each of the 10 MC replicates, using only those genotypes that corresponded
to real sampling localities, in the same way as described for our real genetic data.
We evaluated the correlation between simulated genetic distance and each of the
univariate landscape resistance models evaluated for our real dataset, using the methods
described above. For each of the five landscape variables, we ranked the univariate
models according to partial Mantel correlation after partialling out the 𝐼𝐵𝐷 model within
each MC replicate, and then according to average rank across all 10 MC replicates. We
used the average rank to identify a best supported model, representing a unimodal peak or
plateau of support where possible, for each landscape variable. We repeated the
univariate optimization and multivariate model construction and optimization based on
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𝑅𝑆 to identify a best supported model as employed for the real data. However, we ranked
models according to number of positive RS values and identified the best model as the
one with highest average rank across all MC replicates.

RESULTS
Sample collection and genotyping
We collected 369 fecal samples for genetic analysis between June 2010 and
September 2011 through a combination of random (n = 116), targeted (n = 237), and
opportunistic (n = 16) sampling schemes. We extracted DNA from 210 fecal samples
chosen for relative freshness and spatial distribution. Four loci were excluded for failure
to amplify or lacking variability in this population (P7, OCP03, OCP16, and OCP17;
Appendix 5). An additional five loci exhibited heterozygote deficit within CRLA, but not
consistently in other populations at study sites not included in this paper (n = 8; Appendix
5), therefore we retained them. Two comparisons out of 180 exhibited significant linkage
disequilibrium after correction for multiple comparisons. However, no comparisons
exhibited significant linkage disequilibrium across multiple study sites. After removing
duplicate individuals (n = 28), contaminated samples (n = 39), and samples that failed to
amplify at one or more loci (n=37), we had a total of 106 individuals genotyped at 20 loci
(Figure 1.1). The average number of alleles per locus was 5.7. A description of the
population structure within CRLA is presented in the Supporting Information (Appendix
10). We did not find significant evidence that our data violated the assumption of
linearity when genetic distance was compared to resistance distance.
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Univariate model optimization
Topographic complexity (TC) had the strongest correlation with genetic distance,
after partialling out the 𝐼𝐵𝐷 model, followed by water, aspect, elevation, and land cover
(Table 1.1). The optimum parameter values for contrast (𝑥) were low to medium and the
magnitudes of resistance values (𝑅𝑚𝑎𝑥 ) were either low or lowest of those evaluated for
all landscape variables. The optimum aspect was east facing. The partial Mantel
correlation was not significant for either elevation or land cover.
Similarly, the landscape variable with the greatest 𝑅𝑆 when compared to 𝐼𝐵𝐷 was
TC, followed by land cover, water, elevation, and aspect, respectively (Table 1.2).
However, only TC, water, and aspect passed the causal modeling criteria with 𝐼𝐵𝐷. The
𝑅𝑚𝑎𝑥 values were greater for the three supported variables determined using 𝑅𝑆 than
with the optimization based on partial Mantel correlation. Additionally, the degree of
contrast was greater for TC.
Multivariate model optimization
The best multivariate model based on optimization with partial Mantel correlation
after partialling out the 𝐼𝐵𝐷 model included only TC and water. This model included the
best model from the univariate optimization for TC, but a greater magnitude of resistance
for the water component (Table 1.3, model 1). Equally well supported was a model that
included TC, with medium contrast and highest resistance, and water with lowest
resistance (Table 1.3, model 2).
The best multivariate model from the optimization based on 𝑅𝑆 included TC,
water, and aspect (Table 1.3, model 3). Including aspect only slightly improved the 𝑅𝑆
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over the same model without aspect (𝑅𝑆 = 0.05). The partial Mantel correlation after
partialling out the reduced model was nearly significant (p = 0.07) while the converse
was non-significant (p = 0.26), suggesting that including aspect improved the model.
When we compared models 1, 2, and 3 against each other and 𝐼𝐵𝐷 using 𝑅𝑆, model 3
performed best (Table 1.4). The 𝑅𝑆 for model 3 compared to models 1 and 2 was only
slightly greater than zero, but it still passed the causal modeling criteria for significance.
Simulation study
After 500 generations, the number of individuals ranged from 3495 to 3502 for
the 10 independent simulations, representing approximately 95% of the original
population. The correlation between genetic distance and resistance distance increased
rapidly then began to asymptote around 250 generations, indicating stabilization of the
relationship between landscape resistance and genetic structure (Appendix 11). After
partialling out the 𝐼𝐵𝐷 model, of the top ranked models for each landscape variable TC
had the strongest Mantel correlation with genetic distance, followed by aspect, elevation,
water, and land cover (Table 1.5). When we evaluated the 𝑅𝑆 for the group of top
candidate models within each landscape variable against each other and 𝐼𝐵𝐷, the top
models for TC and water were the only two variables that consistently performed better
than distance alone (Table 1.6). The top model for TC included a higher 𝑅𝑚𝑎𝑥 than the
top model based on partial Mantel correlation alone. The top model for water was the
same as the top model based on partial Mantel correlation alone. The best model for
aspect, representing highest contrast and lowest 𝑅𝑚𝑎𝑥 and therefore the model most
closely resembling 𝐼𝐵𝐷, performed better than 𝐼𝐵𝐷 in four MC replicates only. The top
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model for elevation, representing mid-elevation with highest contrast (lowest standard
deviation) and lowest 𝑅𝑚𝑎𝑥 , performed better than 𝐼𝐵𝐷 50% of the time. Only those
elevation models with lowest resistance and an optimum elevation of 2150 or 2250 m
performed better than 𝐼𝐵𝐷. The 𝐼𝐵𝐷 model performed better than land cover 100% of the
time.
The optimized multivariate model based on 𝑅𝑆 included TC and water only.
Including elevation in the model produced inconsistent results across MC replicates.
Including elevation improved the 𝑅𝑆 in 90% of MC replicates, but no single model (of
the six evaluated) was the best supported model in more than 20% of MC replicates.
Likewise, none of the models including elevation passed the causal modeling criteria
with the reduced model more than 50% of the time. Elevation did not consistently
improve the model and was therefore not included. The optimum 𝑅𝑚𝑎𝑥 for TC was high
(501), higher than the best supported univariate model. There was no significant
difference between the model with 𝑅𝑚𝑎𝑥 = 2 and 𝑅𝑚𝑎𝑥 = 10 for water (p ≥ 0.12 and 𝑅𝑆
≤ 0.09 across all ten MC replicates).
The model used as the input landscape for the simulated population included TC,
with highest contrast and highest 𝑅𝑚𝑎𝑥 , and water with no stream-type classification and
𝑅𝑚𝑎𝑥 = 10. The final optimized multivariate model identified by analyzing the
simulated data included both variables, passed the causal modeling criteria with 𝐼𝐵𝐷 in
90% of the MC replicates, and passed the causal modeling criteria with the reduced
model in 100% of the MC replicates. Therefore, we were able to consistently identify the
correct landscape variables (Figure 1.2). We were also able to identify the correct degree
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of contrast for TC, but the magnitude of resistance was underestimated. The true
parameters for water did not include a classification of stream type whereas our
optimization did, and we were not able to distinguish between 𝑅𝑚𝑎𝑥 = 10 and 𝑅𝑚𝑎𝑥 = 2.
The optimized multivariate model had higher 𝑅𝑆 than the true model and passed the
causal modeling criteria in 100% of MC replicates.

DISCUSSION
Model optimization and reciprocal causal modeling
The results of the univariate model optimization suggested that TC was the
landscape factor most strongly correlated with gene flow for pikas in Crater Lake
National Park, followed by water, aspect, elevation, and land cover, with the latter two
variables not significantly influencing gene flow. We saw a similar pattern for variable
support in the within-variable optimization based on 𝑅𝑆, but the magnitude of resistance
was greater for all three significant variables in the latter method. This was also the case
with TC in the simulation study, suggesting that while examining the partial Mantel
correlation after partialling out 𝐼𝐵𝐷 may correctly identify the significant landscape
variables, it may underestimate the magnitude of the relationship.
Simultaneously competing models against each other through reciprocal causal
modeling also improved our ability to identify the best multivariate model. We
demonstrated through the simulation study that 1) we could identify the correct landscape
variables influencing gene flow and 2) evaluating 𝑅𝑆 resulted in within- variable
parameter estimates being closer to truth than when only evaluating the correlation after
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partialling out the 𝐼𝐵𝐷 model. Without reciprocal causal modeling, we would not have
identified aspect as an important landscape variable. However, neither model
optimization method is effective at differentiating among highly similar models, such as
models 1 and 2 (Table 1.3). In CRLA, TC is often greatest in ravines with streams at the
bottom. Therefore, with either model 1 or 2, the relative cost of crossing these features is
similar whether resistance is high for topography and low for water, or the converse
scenario.
The best supported model suggests that dispersal for pikas in CRLA is limited
primarily by physical constraints, with topographically complex areas such as cliffs and
ridges posing resistance to movement and streams potentially posing barriers. Aspect also
was important, with west facing slopes posing more resistance to movement than east
facing slopes, but not as influential as either TC or water features.
Simulation Study
This simulation study supports the reciprocal causal modeling with partial Mantel
tests approach as an effective means to identify the relationship between gene flow and
landscape variables. Despite the obvious utility and recognized need for using simulation
to validate methods in landscape genetics (Epperson et al. 2010; Balkenhol & Landguth
2011; Cushman et al. 2012b, Shirk et al. 2012), very few studies have combined
empirical data with simulated population genetic data to do so. Shirk et al. (2012)
simulated gene flow through the resistance landscape obtained from the causal modeling
with Mantel tests framework. They simulated gene flow under isolation by barrier and
isolation by distance scenarios to evaluate whether the observed pattern of genetic
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isolation from their empirical data was best explained by the isolation by resistance
hypothesis. Rather than test whether we could reproduce the observed genetic structure
and therefore infer the underlying process, we chose to test whether our methods could
identify the correct landscape resistance model in this particular scenario.
The optimized multivariate model from our simulated genotypes was extremely
close to the input landscape parameters. The difference in classification for water and
inconsistent support for elevation are likely the result of the distribution of individuals on
the landscape. The majority of the potential habitat, and therefore simulated pikas, was
concentrated around the rim of the crater (Figure 1.1). As a result, relatively few pairwise
distances involved crossing a stream, and of those, most were perennial streams
(Appendix 8). Furthermore, for the low magnitude of resistance, the difference between
perennial and intermittent streams was likely negligible (2 and 1.5, respectively) when
compared to an 𝑅𝑚𝑎𝑥 of 502. The ability to detect the effect of water at all when the true
𝑅𝑚𝑎𝑥 values for water and TC were 10 and 1001, respectively, suggests this method is
highly effective. Likewise, it is not surprising that elevation sometimes performed better
than 𝐼𝐵𝐷. The only models that sometimes had positive 𝑅𝑆 compared to 𝐼𝐵𝐷 had an
𝑅𝑚𝑎𝑥 of 3 and an optimum elevation of 2150 m or 2250 m. Fifty-four percent of the
simulated pikas were located between 2050 m and 2450 m, therefore most pairwise
distances were within this elevation range. Very few comparisons within the mating and
dispersal distance involved crossing elevations with resistance values greater than 2.5,
therefore these models are very similar to 𝐼𝐵𝐷. If pikas were evenly distributed
throughout the landscape rather than restricted to rocky habitat, elevation may not have
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performed as well against 𝐼𝐵𝐷. Spatial distribution of sampling points is known to affect
performance and should be carefully considered when interpreting results (Schwartz &
McKelvey 2009).
We have demonstrated that model optimization with partial Mantel tests and
reciprocal causal modeling is an effective tool for identifying the landscape variables
influencing gene flow. Simultaneously competing models against each other rather than
just against distance reduces Type I error rates and spurious correlations among similar
alternate hypotheses. While optimization with reciprocal causal modeling improved
model selection over the traditional method, the final model still underestimated the
magnitude of resistance. We must therefore be careful in our interpretation of the final
model parameters. For example, we can confidently state that topographically complex
areas pose much greater resistance than flat areas and that steep cliffs likely act as
barriers to dispersal. However, we cannot conclude with certainty that topographically
complex features pose 500 times more resistance than flat areas, despite the utility of
such statements for conservation planning (Graves et al. 2013). Additionally, it is
important to understand the conditions that affect our ability to detect these relationships
and have the potential to confound our results, such as sample distribution and landscape
configuration. In addition to false associations, such as was the case occasionally with
elevation in this study, it is possible to incorrectly assume landscape variables are not
important if we do not detect a significant relationship. Previous studies have addressed
these issues (e.g., Cushman et al. 2012b; Cushman et al. 2013; Graves et al. 2013;
Prunier et al. 2013). We should continue to evaluate the effectiveness of our methods
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both in hypothetical situations and in real landscapes to corroborate findings and assess
limitations.
Implications for pikas
Topographic complexity and water are the two landscape variables that most
strongly limit gene flow for pikas in CRLA, suggesting that pika dispersal is primarily
restricted by physical limitations. Slope aspect may also have a significant effect, with
west-facing aspects posing greater resistance than east-facing aspects. West-facing
aspects typically experience higher temperatures than east-facing aspects, and pikas are
known to alter their behavior and become less active when ambient temperatures are high
(Smith 1974a, b; Conner 1983). However, other factors such as vegetation cover also
may make east facing aspects more favorable. Land cover was not strongly correlated
with gene flow in CRLA. This is somewhat surprising as land cover could influence both
predation risk and exposure to high ambient temperatures. However, the ability of this
approach to identify landscape effects on gene flow is affected by the heterogeneity of the
landscape variables (Short Bull et al. 2011; Cushman et al. 2012b). More than 80 percent
of the landscape is evergreen forest and the majority of the heterogeneity occurs around
the rim of the crater.
Pikas are considered by some to be a sentinel of climate warming because of their
sensitivity to high temperatures (Smith 1974b; Hafner 1993). Our results suggest that if
temperatures continue to increase, pika connectivity may be adversely affected within
CRLA if the correlation between aspect and gene flow is related to temperature. Pikas
were found at all aspects in this and previously documented studies (e.g., Erb et al. 2011),
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suggesting that talus microclimate and/or behavioral thermoregulation allows them to
avoid high temperatures. Juvenile pikas typically disperse late in their active season
(summer to early fall) (Smith 1974b) and rarely during the winter months (Peacock
1997). Therefore increased temperatures will likely adversely affect population
connectivity (i.e., ability to move through non-talus habitats) before it will affect
population persistence. However, the two are ultimately interrelated. Streams are not
likely to change course dramatically in the near future, but climate change is likely to
alter the timing and magnitude of water flow. It is possible that changes in stream flow
and/or dispersal timing may be affected by climate change, which could in turn affect
whether streams pose a barrier to pika dispersal (Mote 2003; Stewart et al. 2005).
We need to be cautious about making generalizations for all pikas from a single
study. We cannot yet rule out the potential influence of land cover in other populations,
nor can we confidently attribute the observed correlation with aspect to temperature
alone. Replicating this study on many diverse landscapes will strengthen our ability to
tease apart effects of variables with high correlation in this particular landscape, and
determine which variables limit gene flow for pikas in general (Short Bull et al. 2011).
Conclusion
American pikas in Crater Lake National Park appear to be restricted in their
dispersal capability by physical limitations and exposure to west-facing aspects. These
findings have implications for the long term persistence of the population in the face of
climate change as increased temperatures may result in a decrease in population
connectivity. However, investigation of other landscapes is required before ruling out
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other variables and making generalizations at the regional and/or species range scale. Our
study also underscores the utility of combining empirical optimization with simulation in
landscape genetics. This simulation study validated our model selection framework for
this particular landscape and suggests that it may be inappropriate to discard the Mantel
test altogether. We suggest that future studies similarly evaluate the appropriateness of
this model selection framework for their particular study areas. Simulation studies also
enable us to consider alternative hypotheses that might produce similar genetic structure,
as well as how changes to the landscape may affect genetic structure in the future. This
study is an important step in understanding how landscape affects population
connectivity for a species of concern. Finally, because pikas are a high elevation indicator
species (Hafner 1993; Beever et al. 2003), this study will inform future research on
climate change impacts and will have implications for other montane species with similar
habitat requirements.
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TABLES

Table 1.1. Best univariate models of landscape resistance for pikas in Crater Lake NP, for each of the five variables, based on partial
Mantel correlation after partialling out the 𝐼𝐵𝐷 model. Optimized parameter values, partial Mantel correlation, and significance of
partial Mantel test are shown.
Variable

Optimized model parameters1

partial Mantel r

p

Topographic Complexity

x = 2, 𝑅𝑚𝑎𝑥 = 3

0.15

0.01

Water

Classified, 𝑅𝑚𝑎𝑥 = 10

0.14

0.03

Aspect

90°, x = 4, 𝑅𝑚𝑎𝑥 = 3

0.13

0.02

Elevation

1950 m, SD = 300, 𝑅𝑚𝑎𝑥 = 3

0.09

0.09

x = 2, 𝑅𝑚𝑎𝑥 = 2
Land Cover
0.08
0.10
values include equation parameters for contrast (x or SD; the shape of the relationship) and 𝑅𝑚𝑎𝑥 (the magnitude of the

1 Optimized

relationship); see equations S1-S3 in Supporting Information.
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Table 1.2. Best univariate models of landscape resistance for pikas in Crater Lake NP, for each of the five variables based on relative
support (𝑅𝑆). Only the 𝑅𝑆 as compared to 𝐼𝐵𝐷 is shown. A model was supported if it passed the causal modeling criteria with 𝐼𝐵𝐷.
𝑅𝑆𝑖|𝐼𝐵𝐷
Landscape Variable
Optimized parameter values1
Topographic Complexity
x = 4, 𝑅𝑚𝑎𝑥 = 1001
0.21
Water
Classified, 𝑅𝑚𝑎𝑥 = 100
0.12
90°,
x
=
4,
𝑅
=
11
Aspect
0.10
𝑚𝑎𝑥
1950 m, SD = 300, 𝑅𝑚𝑎𝑥 = 3
Elevation
0.12
Land Cover
x = 2, 𝑅𝑚𝑎𝑥 = 2
0.15
1 Optimized values include equation parameters for contrast (x or SD; the shape
relationship); see equations S1-S3 in Supporting Information.

Supported?
yes
yes
yes
no
no
of the relationship) and 𝑅𝑚𝑎𝑥 (the magnitude of the
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Table 1.3. Results of the multivariate model optimization for pikas in Crater Lake NP. Models 1 and 2 are the best models based on
partial Mantel correlation after partialling out 𝐼𝐵𝐷. Model 3 is the best model from the optimization based on relative support.
Optimized model parameters1 , partial Mantel correlation, and significance of partial Mantel test are shown.

Model

Topographic
Complexity

Water

Aspect

partial Mantel r

p

(1) T + W

x = 2,
Rmax = 3

classified,
Rmax = 100

-

0.22

0.00

(2) T + W

x = 4,
Rmax = 1001

unclassified,
Rmax = 2

-

0.22

0.00

x = 4,
unclassified,
90°, x = 4,
(3) T + W + A Rmax = 501
Rmax = 100
Rmax = 100
0.13
0.02
1 Optimized values include equation parameters for contrast (x or SD; the shape of the relationship) and 𝑅
𝑚𝑎𝑥 (the magnitude of the
relationship); see equations S1-S3 in Supporting Information.
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Table 1.4. Matrix of relative support of the model in the row as compared to the model in the column. Model numbers refer to Table
1.3. Numbers in parentheses are p values for the correlation between genetic distance and the model in the row partialling out the
model in the column.
Model
1
2
3
IBD

1
-0.01 (0.15)
0.06 (0.03)
-0.22 (0.87)

2
0.01 (0.13)
0.08 (0.04)
-0.21 (0.88)

3
-0.06 (0.19)
-0.08 (0.34)
-0.22 (0.81)

IBD
0.22 (0.02)
0.21 (0.01)
0.22 (0.00)
-
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Table 1.5. Best univariate models of landscape resistance for pikas in Crater Lake NP, for each variable from the simulated genotypes,
based on average rank across MC replicates for partial Mantel correlation, partialling out 𝐼𝐵𝐷. Optimized parameter values and
summary statistics for the partial Mantel correlation across all ten MC replicates are shown.
partial Mantel r
Landscape Variable

Optimized parameter values1

Min

Max

Mean

SD

Topographic Complexity

x = 10, 𝑅𝑚𝑎𝑥 = 3

0.24

0.46

0.39

0.08

Aspect

45°, x = 10, 𝑅𝑚𝑎𝑥 = 101

0.11

0.29

0.23

0.06

Elevation

2250 m, SD = 200, 𝑅𝑚𝑎𝑥 = 1001

0.13

0.33

0.21

0.07

Water

Classified, 𝑅𝑚𝑎𝑥 = 2

0.01

0.07

0.03

0.02

Land Cover
Habitat vs. non-habitat, 𝑅𝑚𝑎𝑥 = 250 -0.22 0.08 -0.09 0.10
values include equation parameters for contrast (x or SD; the shape of the relationship) and 𝑅𝑚𝑎𝑥 (the magnitude of the

1 Optimized

relationship); see equations S1-S3 in Supporting Information.
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Table 1.6. Best univariate models of landscape resistance for pikas in Crater Lake NP, for each variable from the simulated genotypes,
based on relative support (𝑅𝑆). The column 𝑅𝑆𝑖 |𝐼𝐵𝐷 , is the number of MC replicates of ten where that model had positive 𝑅𝑆
compared to 𝐼𝐵𝐷.
Variable
Topographic Complexity
Water
Aspect
Elevation
Land Cover
1 Optimized values include equation

𝑅𝑆𝑖|𝐼𝐵𝐷
Optimized parameter values1
x = 10, 𝑅𝑚𝑎𝑥 = 101
10
Classified, 𝑅𝑚𝑎𝑥 = 2
8
45°, x = 10, 𝑅𝑚𝑎𝑥 = 3
4
2250 m, SD = 100, 𝑅𝑚𝑎𝑥 = 3
5
Habitat vs. non-habitat, 𝑅𝑚𝑎𝑥 = 2
0
parameters for contrast (x or SD; the shape of the relationship) and 𝑅𝑚𝑎𝑥 (the magnitude of the

relationship); see equations S1-S3 in Supporting Information.
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Figure 1.1. Map of study area within Crater Lake NP showing sample localities (black
X’s), potential pika habitat (red), and the circuit analysis frame (black outline)
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.

Figure 1.2. Map of simulated pikas within Crater Lake NP showing landscape resistance
for the “true” model (A) and the model resulting from the optimization framework (B).
Inset boxes show a zoomed-in portion for comparison of streams
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CHAPTER 2: CLIMATE AND HABITAT CONFIGURATION SHAPE FUNCTIONAL
CONNECTIVITY FOR THE AMERICAN PIKA
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ABSTRACT
Landscape connectivity is often essential for maintaining healthy populations,
particularly for those species restricted to fragmented habitats or naturally arrayed in
metapopulations. Landscape connectivity includes components of both structural
connectivity (the physical distribution of favorable habitat patches) and functional
connectivity (how species move among habitat patches). We used a landscape genetics
approach to evaluate resistance to gene flow and, thus, to determine how landscape and
climate-related variables influence gene flow for American pikas (Ochotona princeps) in
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eight federally managed sites in the western United States. We then used the empiricallyderived, individual-based landscape resistance models in conjunction with predictive
occupancy models to generate patch-based network models describing functional
landscape connectivity. We found that configuration of pika habitat (creviced rock)
affected how other landscape variables influenced gene flow. Despite the cool
microclimates characteristic of pika habitat, south-facing aspects consistently represented
higher resistance to movement, supporting previous hypotheses that exposure to
relatively high temperatures may limit dispersal in American pikas. We found that other
barriers to dispersal included areas with a high degree of topographic relief, such as cliffs
and ravines, as well as streams and distances greater than one to four kilometers
depending on the site. Using genetic-based landscape resistance models combined with
network models of habitat patch connectivity, we identified sites in which functional
connectivity appeared high, sites in which habitat appeared fragmented, and areas within
particular sites that could be targeted for management actions to improve functional
connectivity. Thus, besides influencing patch occupancy as predicted by other studies,
climate change will alter landscape resistance for pikas, thereby influencing functional
connectivity through multiple pathways simultaneously. We also determined that genetic
neighborhood size, a function of dispersal distance, varied across study sites and was
largest where habitat was most dispersed. This study identifies limitations to dispersal for
American pikas on multiple landscapes and demonstrates how climate can affect
functional connectivity for species with naturally fragmented distributions.
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INTRODUCTION
Maintaining landscape connectivity is essential for long term population
persistence (Taylor et al. 1993), especially in the face of rapid climate change (Cobben et
al. 2012). Functional connectivity describes how individuals respond to the distribution
of resources on the landscape (structural connectivity) as well as their ability to negotiate
and disperse through the landscape (Stevens et al. 2006). Climate change has the
potential to alter both structural and functional connectivity. Furthermore, complex
interactions among multiple factors may produce highly individualistic responses to
climate change across species (Rapacciuolo et al. 2014) and regions (Rowe et al. 2015).
Predicting how climate change will affect populations, and in turn species persistence,
therefore may require understanding the factors influencing both habitat occupancy and
functional connectivity, as well as their interactions. This is particularly true for species
that are restricted to naturally fragmented habitats resembling metapopulations, such as
pond breeding amphibians (Murphy et al. 2010), and species found primarily on
mountaintops (Epps et al. 2004, Walker et al. 2007) where suitable land area is projected
to decrease as climates warm, reducing population size and increasing isolation
(Guralnick 2007).
Although the importance of functional connectivity for persistence of fragmented
populations is well understood (Tischendorf and Fahrig 2000), most efforts to forecast
impacts of climate on species distributions have focused primarily on climate niche (e.g.,
Calkins et al. 2012, Huntley et al. 1995, Kearney and Warren 2004). A potential
weakness of such species distribution models is that they ignore more complex ecological
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processes (Pearson and Dawson 2003, Guisan and Thuiller 2005). This is particularly true
for species exhibiting a strong relationship between climate and population persistence,
such as the American pika (Ochotona princeps) (Beever et al. 2010, 2013; Erb et al.
2011, Calkins et al. 2012). However, at more local scales, processes such as
metapopulation dynamics have significant impacts on population persistence and should
therefore be considered in conjunction with climate niche modeling when predicting
future species distributions (Pearson and Dawson 2003, Guisan and Thuiller 2005).
For species with naturally fragmented distributions or that exist in
metapopulations, even at local scales, predictions of population persistence based on
within-patch characteristics alone ignore the possibility that loss of between-patch
connectivity could lead to metapopulation collapse and ultimately local extinction.
Alternately, a highly interconnected metapopulation could be more resilient to
environmental change, particularly in heterogenous environments (Hanski and Gilpin
1997). Thus, accurate characterization of functional connectivity among patches in
needed. In the simplest metapopulation model, the probability a habitat patch is occupied
is a function of the rates of patch extinction and colonization, which in turn are a function
of patch size as well distance to nearby patches, respectively (Levins 1969). However, in
practice, the probability of occupancy is usually patch specific (Fleishman et al. 2002,
Prugh et al. 2008). When habitat configuration is considered, distance between habitat
patches is often measured as straight- line (Euclidean) distance (e.g., Ficetola and de
Bernardi 2004, Franken and Hik 2004); alternatively, patch isolation can be characterized
more effectively as a function of landscape resistance, which takes into account how
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organisms move through heterogeneous landscapes with varying efficiency (McRae
2006). The latter metric may therefore be critical for our understanding of functional
connectivity and, in turn, metapopulation persistence in a changing environment.
American pikas are an ideal study species for investigating interactions between
functional connectivity and climate because they exhibit fine-scale metapopulation
dynamics and their distribution is strongly influenced by climate (Smith et al. 1997,
Moilanen et al. 1998, Smith and Nagy 2015). American pika persistence at the patch
scale is strongly influenced by patch size, which affects extinction rates, as well as total
habitat area near the focal patch and distance to nearby patches, which affect colonization
rates (Beever et al. 2003, 2010, 2011, 2013, Stewart and Wright 2012, Millar et al. 2013,
Stewart et al. 2015). The specialized rocky habitats they rely on provide thermal
buffering that enable American pikas to persist in seemingly inhospitable regions (Millar
et al. 2013). Yet, pika dispersal among habitat patches is poorly understood and likely
habitat-dependent. Smith (1974b) proposed that distances greater than a few hundred
meters in hot climates may pose a barrier to dispersal for American pikas, whereas they
may be able to traverse multiple kilometers through more hospitable areas. Consequently,
understanding functional connectivity on different landscapes is likely to be a key
component of forecasting influences of climate change on persistence of pikas and other
montane species with fragmented distributions.
In this study, we used a landscape genetics approach to identify factors
influencing functional connectivity for the American pika by characterizing landscape
connectivity and gene flow within eight federally managed study sites across the western
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United States. An important consideration when generalizing to the species level is the
impact that landscape heterogeneity and configuration can have on limiting factors for
dispersal (Cushman et al. 2011, 2013b), making replication of study sites essential for
broadening the scope of inference (Short Bull et al. 2011). We compared the degree of
within-site gene flow among the eight study sites by quantifying genetic neighborhood
size, which reflects the distance genetic material can be transported through dispersal and
reproduction in successive generations (Shirk and Cushman 2011). We then used
empirically-derived landscape resistance models and genetic neighborhood size estimates
to inform a patch-based network analysis using a graph-theoretic approach aimed at
determining the current degree of fragmentation within each site and identifying patches
and linkages with high importance to connectivity at the site level (e.g., Creech et al.
2014). Through these multiple integrated approaches and site replication, we identify
landscape variables that either promote or inhibit dispersal, including variables likely to
be influenced by climate change; assess current fragmentation as a baseline for future
research investigating feedback between climate-change, functional connectivity, and
population persistence; and identify areas within study areas that may be important for
maintaining functional connectivity.

METHODS
Study Species
American pikas are small lagomorphs (121-176 g) typically found at high
elevations within western North America (Smith and Weston 1990). They are restricted
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to fractured rock habitats, such as talus slopes and lava flows, which provide refuge from
predators and thermal buffering (Smith 1974d, Smith and Weston 1990, Millar et al.
2014a). American pikas are heat sensitive and cannot tolerate prolonged exposure to high
temperatures (Smith 1974d), but may persist at lower elevations and in hotter climates if
there are suitable microclimatic refugia (Millar and Westfall 2010, Rodhouse et al. 2010,
Collins and Bauman 2012, Millar et al. 2013, Varner and Dearing 2014). Estimates of
their maximum dispersal ability range from a few hundred meters (Smith 1974d) to 20
km (Hafner and Sullivan 1995), but most estimates suggest there is little or no gene flow
among populations separated by distances greater than 10 km (Peacock and Smith 1997,
Henry et al. 2012). American pikas are considered a sentinel of climate warming (Hafner
1993) as there have been numerous apparent recent extirpations reported from relatively
hot, dry regions (Beever et al. 2011) and future predictions suggest widespread losses in
the species’ distribution particularly in, but not limited to, low elevations (Calkins et al.
2012).
Study Sites
We included eight study sites in our analyses: Crater Lake National Park, Oregon
(CRLA); Craters of the Moon National Monument, Idaho (CRMO); Great Sand Dunes
National Park, Colorado (GRSA); Grand Teton National Park, Wyoming (GRTE);
Lassen Volcanic National Park, California (LAVO); Hart National Antelope Refuge,
Oregon (HMAR); Rocky Mountain National Park, Colorado (ROMO); and Sheldon
National Wildlife Refuge, Nevada (SHWR, Figure 1, Appendix 12). Mean elevations
within the study areas range from approximately 1700 m (CRMO and HMAR) to
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approximately 3150 m (GRSA, Table 2.1). In addition to differences in elevation range,
these sites were selected to represent differences in landform type (Table 2.1), landscape
configuration, amount of potential pika habitat, and dominant vegetation type.
Sampling Design
We collected fecal samples for genetic analyses through a combination of
random, targeted, and opportunistic sampling methods, with the goal of sampling the
greatest extent possible within each site. Random sampling coincided with occupancy
surveys conducted under a generalized, random, stratified grid sampling scheme within
pika habitat (Stevens and Olsen 2004, Jeffress et al. 2011). For a detailed description of
sampling scheme and identification of potential habitat, see Jeffress et al. (2013).
Targeted sampling involved exhaustively searching an occupied area. Opportunistic
sampling occurred in transit between survey points. See Castillo et al. (2014) for a
detailed description of genetic sampling methods. We collected samples between June
and September of 2010 – 2012. We restricted sampling to fresh fecal pellets with green
plant material inside to ensure they were deposited that year (Nichols 2010) and discrete
piles of pellets to avoid contamination with other individual pikas.
DNA Extraction and Genotyping
We extracted genomic DNA from fecal samples using a modified AquaGenomic
DNA extraction protocol (MultiTarget Pharmaceuticals LLC, Salt Lake City, UT, USA).
We genotyped individuals at 24 microsatellite loci in four multiplex polymerase chain
reactions (PCR) using a Qiagen Multiplex PCR kit (Qiagen, Valencia, CA, USA).
Detailed PCR protocol, primer sequences, and methods for calling and screening
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microsatellite genotypes are provided in Appendix 13. We screened for duplicate
individuals first by using Cervus 3.0 (Kalinowski et al. 2007) to identify matching
genotypes, allowing fuzzy matching with up to 6 mismatching loci. We then used
GIMLET (Valiere 2002) to calculate the probability of identity for a full-sibling
relationship (P(ID)sib ) (Waits et al. 2001) for each of the matching genotypes identified in
CERVUS. We identified duplicate individuals if P(ID)sib < 10-3 (Epps et al. 2005) and
removed all but one genotype for each of the sets of duplicates. We tested for linkage
disequilibrium and significant deviations from expected Hardy-Weinberg genotype
frequencies using GENEPOP (Raymond and Rousset 1995). Finally, we removed
individuals with incomplete genotypes from further analysis.
Landscape Configuration Metrics
We chose landscape configuration metrics that reflected habitat area and
fragmentation because previous research demonstrated a strong correlation with patch
occupancy (Beever et al. 2003, 2010, 2011, 2013, Stewart and Wright 2012, Millar et al.
2013). We calculated landscape configuration metrics for each study site using
FRAGSTATS v4.2 (McGarigal et al. 2002). Using a land cover raster modified from the
National Land Cover Dataset (NLCD 2006 Land Cover, U. S. Geological Survey) and
potential pika habitat maps (e.g., Jeffress et al. 2013), we quantified the percent land
cover (PLAND) as well as a modified Simpson’s evenness index (MSIEI) using the
following cover classes: pika habitat, forested, shrub/scrub, open, and water (lakes and
major rivers only). Simpson’s evenness index ranges from 0, representing no diversity
(i.e., a single large patch) to 1, representing perfectly even distribution of area among
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patch types. Next we calculated six pika habitat configuration metrics: area-weighted
mean patch area (AREA); area-weighted mean radius of gyration (GYRATE), a measure
of patch extent where elongated (i.e., linear) patches have a greater radius than round
patches of similar area; mean proximity index (PROX), the degree of patch isolation and
fragmentation where a value of 0 indicates complete isolation; Euclidean nearest
neighbor (ENN), the mean distance between each patch and its nearest neighbor; and
patch clumpiness index (CLUMPY), which ranges from -1 for maximally dispersed to 1
for maximally clumped.
Landscape Resistance Model Optimization
We evaluated the hypotheses that exposure to relatively high temperatures,
predation risk, and physical limitations (related to body size and locomotion) pose
resistance to movement, and therefore gene flow, in American pikas. To accomplish this,
we modelled resistance as a function of five landscape variables: elevation and aspect as
climate-related variables; topographic complexity and water features as physical
impediments; and land cover type as a metric of physical and climate-related limitations.
We created landscape resistance surfaces for a range of model parameters influencing the
magnitude of resistance and shape of the relationship for each landscape variable using
ArcGIS 10.0 (ESRI 2011. ArcGIS Desktop: Release 10. Redlands, CA: Environmental
Systems Research Institute) for a total of 350+ univariate resistance model hypotheses
(Appendices 1 - 4) per study site (Castillo et al. 2014). Each resistance surface raster
consisted of approximately 10m pixels (1/3 arc second). In addition to the landscape
resistance hypotheses, we modeled the isolation by distance (IBD) hypothesis that
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geographic distance between individuals alone influenced genetic distance, by creating a
raster of constant value equal to one. We used CIRCUITSCAPE V.3.5.4 (McRae 2006) to
calculate cumulative resistance between points representing each genotyped individual.
This resulted in a matrix of pairwise resistance distances for each landscape resistance
hypothesis as well as the IBD hypothesis.
We evaluated landscape resistance hypotheses by assessing the correlation
between a genetic distance matrix and resistance distance matrix using partial Mantel
tests in a reciprocal causal modelling framework (Cushman et al. 2013a, Castillo et al.
2014). While the potential for landscape genetics to address questions of functional
connectivity is well recognized, the appropriateness of various approaches, particularly
the statistical analyses used, is still a topic of debate (Balkenhol et al. 2009). The
suitability of Mantel and partial Mantel tests has been questioned (Guillot and Rousset
2011, Guillot and Rousset 2013) and repeatedly evaluated (Cushman et al. 2013a, Graves
et al. 2013, Castillo et al. 2014). Mantel tests for the correlation between two distance
matrices (genetic distance and geographic distance, typically) have been shown to result
in high type I error, particularly in highly similar or correlated landscapes (Cushman et
al. 2013a). In a previous study (Castillo et al. 2014), we evaluated the use of partial
Mantel tests in a reciprocal causal modeling framework proposed by Cushman et al.
(2013a). In that improved framework, we simultaneously competed each model against
each other model and used relative support (see below) rather than p-values as our
criterion for support, in addition to stringent causal modeling criteria. Castillo et al.
(2014) demonstrated through individual-based, spatially explicit population genetic
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simulations in CDPOP (Landguth and Cushman 2010) that this method successfully
identified the underlying landscape variables influencing gene flow, although accurately
identifying the magnitude of resistance for the individual landscape variables was more
difficult.
We determined genetic distance among individuals using a principal components
analysis to calculate the pairwise genetic distance matrix (Shirk et al. 2010, Castillo et al.
2014) in R 2.13.1 (R Development Core Team 2011). We evaluated each of our
univariate landscape resistance hypotheses using the partial Mantel test for correlation
between genetic distance (GenD) and resistance distance (RD), after partialling out (i.e.,
controlling for the effect of) the IBD matrix, with the Ecodist package in R. For each
significant correlation, we calculated the relative support (RS) (Cushman et al. 2013a,
Castillo et al. 2014) as compared to each other significant model, for a given landscape
variable. Relative support of resistance hypothesis 1 as compared to resistance hypothesis
2 is defined as: 𝑅𝑆1|2 = (𝐺𝑒𝑛𝐷~𝑅𝐷1|𝑅𝐷2 ) − (𝐺𝑒𝑛𝐷~𝑅𝐷2 |𝑅𝐷1), where
(𝐺𝑒𝑛𝐷~𝑅𝐷1|𝑅𝐷2 ) represents the partial Mantel correlation between GenD and RD1 after
partialling out RD2 . We identified the best model hypothesis as the model in which RS >
0 for every comparison.
Once we identified the best univariate model for each landscape variable, we built
multivariate resistance surfaces by creating rasters equal to the sum of the univariate
model rasters for each landscape variable. We started with an additive model representing
the sum of the best models for all landscape variables that had a significant correlation
with genetic distance after partialling out IBD. We varied the model parameters for one
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variable, representing a range around the optimum univariate parameters, while holding
the other parameters constant. As with the univariate optimization, the best supported
multivariate model had positive 𝑅𝑆 in every comparison. We repeated this optimization
process for each landscape variable until the model parameters stabilized (Castillo et al.
2014). In order for a multivariate model to be accepted, it had to pass two reciprocal
causal modeling criteria: 1) the partial Mantel test 𝐺𝑒𝑛𝐷~𝑅𝐷|𝐼𝐵𝐷 must be significant,
and 2) 𝐺𝑒𝑛𝐷~𝐼𝐵𝐷|𝑅𝐷 must be non-significant. Additionally, the two causal modeling
criteria must also be met for the multivariate model and any reduced version of that
model (Castillo et al. 2014).
Network Models

We constructed network models to compare fragmentation across study sites as
well as identify which portions of the networks are important for maintaining
connectivity (Creech et al 2014, Galpern et al. 2011). We evaluated habitat patch
connectivity within each study site using a graph-theoretic approach implemented with
the igraph package in R (Csardi and Nepusz 2006). Network models consist of nodes
(also called vertices) and edges connecting those nodes. Here, nodes represented a single
habitat patch and edges represented distance between patches, expressed either as
resistance distance or Euclidean distance. Initially, networks included all patches (nodes)
and all edges. However, so that our model best reflected current conditions, we pruned
(i.e., removed from the network) nodes and edges based on site-specific models of
occupancy and gene flow, respectively, as follows. Pika habitat maps used in this study
included all cover types considered potential pika habitat (e.g., talus and lava), regardless
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of whether pikas were known to occur there. However, not all rocky habitat is equally
suitable for pikas (Jeffress et al. 2013, Millar and Westfall 2010). Therefore, in order to
more accurately reflect available pika habitat, we pruned patches that were predicted to
have less than 40% probability of occupancy based on site-specific models developed
from occupancy surveys (Jeffress et al 2013, Schwalm et al. in review). That threshold
was chosen because 99% of occupied sited occurred in patches with >40% probability of
occupancy (Schwalm et al. in review). We did not have predictive occupancy models for
HMAR or SHWR. Instead, we pruned the HMAR network based on the observation that
no pika sign (fresh or old) was observed on the west-facing slope of the Hart Mountain
plateau in any surveys (Castillo et al. unpublished, Collins and Bauman 2012). We did
not prune nodes for SHWR.
We pruned edges representing a distance greater than the estimated maximum
dispersal distance at each site. Actual dispersal distance is extremely difficult to
determine from genetic data alone (Pinsky et al. 2010), therefore genetic neighborhood
size is sometimes used as a proxy for effective dispersal distance (Waser and Elliott
1991, Shirk and Cushman 2011). However, genetic neighborhood distance reflects the
extent of gene flow through multiple generations and therefore is expected to be greater
than actual dispersal distance in most cases (Shirk and Cushman 2014). Using a Mantel
correlogram approach in the Ecodist package in R, we identified the genetic
neighborhood size in each park as the largest distance interval with a positive, significant
correlation with genetic distance that did not follow a distance interval with a negative or
non-significant correlation (Shirk and Cushman 2011). We calculated this metric for both
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geographic (Euclidean) distance and resistance distance. We used the estimate for genetic
neighborhood size based on resistance distance between individuals as our initial
dispersal distance threshold for considering two patches as connected in each network.
Additionally, for all study sites, we pruned edges >4500 m from the network based on 1)
observation that long-distance dispersal (>2 km) is rare (Smith 1974a, Smith and Ivins
1983, Peacock 1997, Peacock and Smith 1997), and 2) the largest observed genetic
neighborhood distance based on geographic distance in this study was 4500 m (see
results). From this final network model in each site, we calculated number of clusters
(connected components of the graph) and mean percent of connected patches. Mean
percent of connected patches was calculated by identifying the number of patches to
which a given patch was connected, dividing by the total number of patches in the
network, then averaging this value across all patches in the network. These two metrics
describe the degree of fragmentation within a site. We also calculated betweenness for
each edge and node. Betweenness represents the number of shortest paths passing
through an edge or node, therefore greater betweenness reflects a lack of alternate
pathways and is likely more important for maintaining connectivity.
For computational efficiency in calculating pairwise patch distances, we
combined all potential pika habitat patches within 100 m of each other into a single patch
using the “aggregate” tool in ArcGIS 10.0. For Euclidean distance, we used the “calculate
near table” tool in ArcGIS 10.0 to calculate the distance between polygons at their closest
point. For resistance distance, we used Circuitscape to estimate cumulative resistance
between habitat polygons. Due to computational limitations associated with estimating
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cumulative resistance among polygons, we reproduced our optimized landscape
resistance models at 20m resolution and ran the analyses in a series of overlapping tiles
of approximately 10 km x10 km. For pairs of patches for which resistance distances were
estimated multiple times due to overlapping extent, we used the average resistance
distance as our estimate of resistance distance.

RESULTS
DNA Extraction and Genotyping
After removing samples that failed to amplify at one or more locus, contaminated
samples, and multiple samples from a single individual, we obtained complete genotypes
for 43 - 189 individuals per site (Table 2.3). We observed a large amount of population
genetic structure within ROMO and subsequent phylogenetic analysis revealed the
presences of individuals from two distinct mitochondrial lineages (concordant with
subspecies delineation, Hafner and Smith 2010) within the park boundaries (Castillo et
al. unpublished). Therefore, we partitioned samples from ROMO into northern (ROMO
N) and southern (ROMO S) sampling localities and performed analyses on those two
datasets separately.
Landscape Configuration Metrics
Percent cover by land cover classes varied among sites (Figure 2), with amount of
potential pika habitat ranging from 1.9% (HMAR) to 75.5% (CRMO). Indices of habitat
continuity (radius of gyration, patch area, clumpiness index, connectance index, and
proximity index) likewise were highest in CRMO (Table 2.2), because the landscape was
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dominated by a single, large lava flow. Mean Euclidean nearest neighbor distance among
patches was greatest in CRLA and GRSA, indicating that patches were most widely
separated in those sites, and lowest in SHWR and CRMO (Table 2.2). Land cover class
evenness, a measure of habitat heterogeneity measured as a modified Simpson’s evenness
index, was lowest in SHWR (0.04) and highest in GRTE (0.73, Figure 3).
Model Optimization
Across the eight study sites (nine after partitioning ROMO), no two best
supported resistance models were identical (Table 2.3). GRTE and SHWR both included
aspect and land cover, but the contrast (difference in resistance values governed by x or
SD, see Appendices 1 - 4 for details) and magnitude of resistance (Rmax) for both
variables were higher in GRTE. Aspect was included in five of nine models and in all
models the aspect with the lowest resistance was between 270° and 90°, suggesting
south-facing aspects posed more resistance to pika dispersal than north-facing aspects.
Elevation was included in three final models: CRMO, LAVO, and ROMO N
(Table 2.3). For all three of these sites, the optimal elevation closely resembled the mean
elevation of pika habitat (Table 2.1). Pika habitat in CRMO had the least elevational
variation and the lowest maximum elevatio n of the study sites (Table 2.1). Topographic
complexity was included in two sites: CRLA and CRMO (Table 2.3). For CRLA, areas
of greatest resistance correspond to cliffs and ravines (Castillo et al. 2014). In CRMO,
however, there was much less dramatic relief and areas of greatest resistance likely
reflected features such as boundaries of lava tubes or areas of greater soil and vegetation
development (e.g., flow contact zones and kipukas).
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Water was included in CRLA and LAVO, with the relatively high resistance
value in LAVO suggesting streams and lakes were significant barriers to gene flow. Land
cover was included in the final model for GRSA, GRTE, and SHWR. In GRTE and
GRSA, the optimal parameters included high contrast (x = 10), meaning pika habitat,
forested, and shrub/grassland cover types had relatively low resistance while open areas
had high resistance (Table 2.3 and Appendices 1 - 4). The optimal land cover parameters
for SHWR included only pika habitat (resistance =1) and non-pika habitat (resistance =
2).
Resistance values, such as Rmax , are difficult to compare between sites because
they reflect the relative resistance of particular variables within that location (Castillo et
al. 2014); however, we could identify which variables are most influential within and
across sites. For example, both Rmax and RS as compared to the IBD model were low for
HMAR (3 and 0.06, respectively), suggesting that geographic distance alone likely
explains much of the genetic distance among individuals at that site (Mantel r for
GenD~IBD = 0.55, p<0.001). However, even at HMAR, the aspect model passed all our
rigorous causal modeling criteria; therefore, it significantly, although weakly, contributed
to genetic distance. In contrast, Rmax was highest in GRTE and distance alone did not
explain much of the genetic distance among individuals (Mantel r for GenD~IBD = 0.1,
p<0.01), suggesting that land cover and aspect strongly influence gene flow. In GRTE,
open areas (i.e., bare rock without crevices and roads) posed much greater resistance to
gene flow than pika habitat (1000 times greater), forested areas (500 times greater), and
shrub/grassland (17.5 times greater).
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Network Models
Genetic neighborhood sizes based on resistance distance (GN RD) used to prune
each network ranged from 0.8 (GRSA) to 24 (GRTE; Table 2.4, values not directly
comparable between sites). Genetic neighborhood sizes measured as geographic distance
(GN GeoD) ranged from approximately 1 km (GRSA) to 4.5 km (LAVO), with a mean of
2.8 km (Table 2.4). Number of distinct clusters ranged from 3 (CRMO) to 46 (GRTE);
but despite the large number of clusters in GRTE, the largest cluster contained nearly all
of the nodes (94%, Table 2.4 and Figure 4), suggesting a high degree of connectivity
overall despite a relatively large number of small, isolated clusters. Likewise, the largest
cluster contained >90% of the nodes in HMAR, LAVO, ROMO N, ROMO S, and
SHWR (Table 2.4 and Figure 4). Mean percentage of connected nodes (the average
percentage of the network any single node is connected to) ranged from 12% in GRSA to
98% in SHWR. However, SHWR and HMAR are not directly comparable to the other
networks because we did not prune the patches based on predicted occupancy.
By visually assessing the network models, we identified regions that might be at
risk of becoming increasingly isolated, regions that are important for maintaining
functional connectivity, as well as areas that might be targets for manageme nt actions to
maintain and/or improve connectivity. In CRLA, due to a gap along the northeast of the
lake, loss of habitat patches along the south and southwest of the lake would result in the
single large cluster of patches surrounding the lake breaking into two or more clusters
(Figure 5a). Additionally, improving connectivity between the habitat surrounding the
lake with that to the southwest, for instance through artificial talus creation, could lessen
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the risk of the southwest becoming more isolated or extirpated (Appendix 14.1). In
GRSA, habitat in the south is not suitable for pikas and there are only small habitat
patches isolated by areas of high resistance in the north, resulting in a well-connected
region in the center of the park and higher fragmentation in the north, potentially
increasing vulnerability to extirpation in that portion of the park (Figure 5b). Network
models revealed a relatively high degree of connectivity for CRMO, GRTE, LAVO,
ROMO N, ROMO S, and SHWR (Appendix 14). HMAR was moderate in terms of
connectivity with relatively few patches and regions connected by a few, key edges
(Appendix 14.4).

DISCUSSION
Our study provided three important new insights regarding the vulnerability of a
fragmented montane species, the American pika, to climate change. Firstly, we
determined that functional connectivity for American pikas is influenced by climaterelated variables in consistent ways across multiple landscapes, but mediated by strong
variation in the relative potential for heat stress in those landscapes, as previously
established for pika occupancy on those landscapes (Jeffress et al. 2013). Secondly, we
determined that functional connectivity remains high on 6 of 8 study sites on federallyprotected lands across the western United States, although one of those sites (HMAR)
likely is vulnerable due to the small number of occupied patches and isolation at the
broader geographic scale. Thirdly, in sites with lower functional connectivity, we were
able to identify specific habitat patches and linkages of high importance for maintaining
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or improving connectivity, demonstrating that future management could be targeted to
efficiently protect functional connectivity. By establishing relationships between climate
and functional connectivity in this system, this study also demonstrates the potential
importance of considering functional connectivity when predicting the consequences of
climate change on species with fragmented distributions.
Many studies have described functional connectivity through resistance-based or
network-based approaches. However, few have combined these two approaches (e.g.,
Creech et al. 2014) despite the many advantages of doing so (Urban et al. 2009,
Moilanen 2011). We used an individual-based approach to model gene flow, thereby
identifying landscape and climate-related factors that influence pika dispersal within
eight different study sites, compared these factors across study sites to identify general
trends, and then applied our landscape resistance models to a patch-based, graphtheoretic analysis of functional connectivity within each site. This study is one of only a
few replicated landscape genetics studies (e.g., Short Bull et al. 2011) and the first for
American pikas.
Metapopulation persistence is a function of both within-patch factors that determine
patch occupancy and population density, such as climatic conditions and availability of
forage, as well as between-patch factors that influence dispersal ability and colonization
rates, such as distance and landscape barriers (Hanski and Gilpin 1997). Our study
demonstrates that aspect influences gene flow for American pikas across the majority of
our study sites (Table 2.3). That relationship establishes a mechanism by which
increasing temperatures could decrease dispersal ability for American pikas, reducing
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functional connectivity and, in turn, decreasing the resilience of these metapopulatio n
systems to environmental change. However, the high degree of functional connectivity
currently exhibited in the majority of our study sites, if still representative of current
conditions given the potential time lag in changes in genetic structure after a perturbation
(Landguth et al. 2010, Spear and Storfer 2008), suggests the potential for resilience of
pikas in these study sites. Ultimately, this study paves the way for evaluating how climate
change will interact with both structural connectivity (i.e., distribution of habitable
patches) and functional connectivity (the relationships described in this study) for
American pikas, and demonstrates a feasible approach for evaluating vulnerability of
other species where local metapopulation dynamics could influence persistence.
Landscape Resistance
Landscape resistance models differed across each of our study sites. This is not
surprising given the dramatic differences in landscape and habitat characteristics among
sites, as well as the varying relationships between pika occupancy and environmental
variables observed within these and other study sites (Jeffress et al. 2013). However, we
could draw some general conclusions as to the effect of landscape and climate related
variables on gene flow for American pikas. Among our nine study sites, including
ROMO as two separate sites, aspect was included most frequently (in five final resistance
models) and never had a south-facing optimum. In the northern hemisphere, southwestfacing slopes have a greater heat load than northeast-facing slopes (McCune and Keon
2002). Thus, we conclude that exposure to relatively high temperatures is a limiting
factor in pika dispersal.
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GRTE, a cold, wet, high elevation site, had a west-facing optimal aspect while the
other four sites which included aspect in their final model had north or east-facing
optima. Similarly, Jeffress et al. (2013) found a positive trend with pika occupancy and
measures of heat stress, suggesting cold stress or other cold related factors may restrict
pikas in such cold and wet locations as GRTE. Interestingly, a competing model for
ROMO N included elevation plus aspect with a southwest (225°) optimum; however, this
model was not significant when compared to the elevation only model (results not
shown). Pikas in GRTE and ROMO N belong to the O. p. princeps subspecies, therefore
these populations may display adaptation to cold, wet climates within the Northern
Rocky Mountain lineage. Pikas in CRMO also belong to O. p. princeps; however, this is
an atypical, low-elevation, lava site. More research is needed into how phylogeographic
history influences adaptations to local climate and in turn the ability to adapt to novel
climate in the face of rapid change (Henry and Russello 2013, Lemay et al 2013).
We considered elevation as a climate-related variable for our analyses, as
temperature tends to decrease with increased elevation (Körner 2007). Elevation was
included in the final model for CRMO, LAVO, and ROMO N. For all three of those
study sites, the optimum elevation closely matched the distribution of potential pika
habitat within the study area (Table 2.1). Therefore, the inclusion of elevation in those
sites may reflect the distribution of pika habitat rather than temperature, as was
occasionally observed in simulations of gene flow for CRLA where the underlying
resistance model was known (Castillo et al. 2014). However, in CRMO, elevation was
previously determined to be an important predictor of pika occupancy based on
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occupancy surveys throughout the National Monument (Rodhouse et al. 2010), not just
the 5km buffer around our genetic sample localities. Jeffress et al. (2013) also found that
elevation explained some of the observed variation in occupancy among all 8 national
parks. Therefore, we cannot exclude elevation as a potential climate-associated factor in
any of those three sites.
Land cover was included in three of nine study areas: GRTE, GRSA, and SHWR.
In GRTE and GRSA, landscape heterogeneity was highest and mean patch area and
extent were moderate compared to the other study areas. In those two sites, forested and
shrub/grassland cover types were slightly more resistant to gene flow than pika habitat,
while open areas such as bare rock and water posed high resistance. In SHWR, the land
cover model component consisted only of pika habitat versus non-habitat. SHWR was the
most homogenous landscape in that 96.5% of the landscape was shrub/grassland;
however, SHWR also had the most habitat patches (> 500 more than the next site,
GRTE), the second smallest habitat patches on average (after HMAR), and the shortest
mean nearest neighbor distance between patches. Therefore, in SHWR, the inclusion of
land cover in the model primarily reflects the influence of pika habitat configuration as
on gene flow rather than other land cover types acting as a barrier to gene flow (e.g., open
areas in GRTE and GRSA, and linear water features in CRLA and LAVO). This suggests
that 1) in sites where pika habitat was more contiguous (i.e., large patch size as well as
high clumpiness and proximity indices), land cover was not a limiting factor for gene
flow (e.g., ROMO and CRMO); 2) in sites where pika habitat was sparse but well
distributed (i.e., low clumpiness index) and close in proximity (i.e., low nearest neighbor
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distance), gene flow was strongly influenced by habitat configuration; and 3) in sites
where land cover was only moderately heterogeneous (e.g., LAVO and CRLA), either we
could not detect the effects of land cover due to lack of heterogeneity, or other landscape
variables such as linear water features were more influential. Finally, when there were
only a few, small, isolated habitat patches in a homogenous landscape as in HMAR,
geographic distance alone was a good predictor of genetic distance. Landscape
heterogeneity affects detectability of variables as limiting factors for gene flow (Cushman
et al. 2011), underscoring the importance of replication across multiple study sites (Short
Bull et al. 2011).
Our study provided additional insight on the effects of habitat configuration on
pika dispersal patterns. Interestingly, sites with the most contiguous habitat did not have
the largest genetic neighborhood size (Tables 2 & 4). In scenarios where there were
relatively smaller, isolated patches, pikas were forced to travel longer distances more
often to find open territories. Thus, genetic neighborhood size was highest in LAVO and
SHWR, where habitat patches were most widely dispersed. This pattern was first
described by Peacock and Smith (1997) within man-made habitat patches consisting of
mine ore dumps in Bodie, California. It is consistent with observed patterns of natal
philopatry, a density-dependent competition-for-resources model of dispersal, and rare
long-distance dispersal events for pikas (Smith 1974a, Smith and Ivins 1983, Peacock
1997, Peacock and Smith 1997). Our results suggest these patterns are robust to
replication across multiple study areas and dispersal abilities as influenced by landscape
resistance.
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Previous research has also shown that when unable to behaviorally
thermoregulate (i.e., retreat into the talus), pikas expire at only a few degrees of ambient
temperature increase, and this physiological limitation may also pose a significant
limitation to dispersal ability (Smith 1974a, d). Through long-term monitoring of a pika
metapopulation in Bodie, California over more than 40 years, researchers observed a
population collapse in the southern half of the study area that was likely the result of
demographic stochasticity rather than climate warming (Smith and Nagy 2015). They
suggested that while there was no evidence that warming temperatures increased the
frequency of extinctions of populations on habitat patches, warm temperatures could have
impeded the dispersal of individuals from the northern region reaching the southern
region, thereby prevented recolonization (Smith and Nagy 2015). Our results lend
support to Smith and Nagy’s hypothesis and we further emphasize that incorporating
functional connectivity in predicting future species distributions is of critical importance
in metapopulation systems. The resistance to gene flow posed by exposure to high
temperatures is expected to increase with increased climate warming, further limiting
pika dispersal ability, and potentially resulting in a breakdown of metapopulation
dynamics prior to predicted loss of suitable habitat area based on climate alone.
Patch Network
For species with fragmented distributions, natural or otherwise, managing
connectivity is an important conservation strategy in the face of other threats (Rudnick et
al. 2012). Identifying key linkages can inform management by prioritizing focus on
potentially vulnerable areas and/or those that may have the greatest overall impact
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(Creech et al. 2014). Using network models allowed us to describe connectedness of pika
habitat, identify key linkages and habitat patches, and identify regions that are likely
disconnected or at risk of becoming increasingly isolated. For American pikas,
management actions may include maintaining, improving, or creating pika habitat (Hobbs
et al. 2009). Pikas are known to readily colonize artificial rock talus such as those created
by road cuts and riprap (Manning and Hagar 2010, Nichols 2010). Network models such
as those developed here can be used to test the effects of adding or removing specific
habitat patches and/or connections and can be used to evaluate alternate management
strategies (Creech et al. 2014), as in the case of proposed road construction, trail
maintenance, or other alterations to the landscape, or explore impacts of climate change.
Our findings also illustrate the importance of incorporating habitat configuration,
landscape resistance (between-patch) and occupancy (within-patch) in explaining patterns
of population connectivity. This is particularly important for understanding
metapopulation dynamics and risks to population extinction for species found in naturally
fragmented landscapes (Lopez and Pfister 2001, Murphy et al. 2010).
Considerations
Combining multiple methodologies (landscape resistance modeling, habitatspecific occupancy modeling, and graph-theoretic approaches) replicated on multiple
landscapes allowed us to systematically describe functional connectivity in American
pikas. However, these approaches are not without limitations. Estimating resistance
distance for habitat patches (as opposed to point locations) over an entire landscape is
computationally impossible with the current version of Circuitscape. Our overlapping tile
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approach does not allow all possible pathways on the landscape to be considered in the
estimation of cumulative resistance, but it still provides a reasonable estimate of
resistance distance between patches. Additionally, our potential pika habitat maps include
anything that appear talus-like, and therefore, likely over-predict potential habitat in most
cases and underpredict habitat in parks with high amounts of forested talus such as
GRTE. Functional connectivity was likely overestimated in SHWR and HMAR due to an
overestimate of available habitat. Using genetic neighborhood distance to prune our
network models provided an empirical approach to extrapolate from individual-based
models of gene flow to patch-based network models when maximum dispersal distance
was unknown and sampling from every habitat patch was impossible. However, this
threshold may be greater than dispersal distance in most sites and as a result functional
connectivity likely was overestimated. Despite these limitations, these network models
reflect a more realistic representation of functional connectivity for American pikas than
previously considered, and this method on inferring maximum effective dispersal based
on landscape resistance can improve estimates of functional connectivity within other
metapopulation systems.
Conclusions
This study represents the most comprehensive analysis of functional connectivity
for American pikas to date and has implications for other species found in similar habitats
(e.g., marmots and woodrats), as well as those characterized by metapopulation dynamics
or similarly restricted to fragmented habitats in other systems. We found that connectivity
in American pikas is influenced by climate-related variables and habitat configuration,

72

and temperature sensitivity may limit dispersal in pikas. Negative effects of temperature
may be mediated through behavioral thermoregulation (Smith 1974d), but only if enough
potential habitat refugia below some exposure threshold are present on the landscape and
accessible to pikas. The rocky habitat used by pikas reduces exposure to extreme
temperatures as well as predators (Smith and Weston 1990, Holmes 1991). Therefore,
maintaining and/or supplementing existing pika habitat may be an important conservation
strategy in the face of climate change. We also concluded that pika populations on most
of the landscapes in this study are still functionally connected. However, we likewise
established that determining whether those landscapes will remain connected as climate
changes will necessitate considering both changes in patch occupancy and changes in
functional connectivity. These results lend support to previous hypotheses about
American pikas (Smith and Nagy 2015), and more broadly imply that reduction in
functional connectivity may lead to metapopulation collapse before habitat patches are
predicted to become unsuitable. Populations most at risk from adverse effects of climate
change are likely low elevation sites with relatively few, isolated habitat patches (Millar
et al. 2014b), such as HMAR. Many Great Basin populations follow this description and
in fact most local extinctions to date have occurred within the Great Basin (Beever et al.
2003, Wilkening et al. 2011). Conservation and management of this, and other species,
should focus efforts on areas that have potential for maintaining functional connectivity
at multiple scales, and combining landscape genetics, graph networks and ecological
niche models of future occupancy can be a powerful approach to accomplish this goal.
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Table 2.1: Study site characteristics for each site including biogeographic region, dominant rock landform type of pika habitat, and
elevation ranges for the whole study area as well as only areas characterized as potential pika habitat. Rock landform types include 1)
talus, 2) lava flow, 3) and inselbergs (isolated, rocky exposures).
Study Site
CRLA
CRMO
GRSA
GRTE
HMAR
LAVO
ROMO
SHWR

Geographic
Region
Cascades
N Rockies
S Rockies
N Rockies
Great Basin
Cascades
S Rockies
Great Basin

Rock
Landform
1
2
1
1
1, 3
1, 2
1
1, 3

Min. Elev.
1119
1606
2389
1872
1358
1340
2223
1357

Max. Elev.
2722
2467
4361
4201
2443
3187
4347
2222

Mean Elev.
1792
1723
3157
2427
1697
1948
3060
1869

SD of
Elev.
191
128
417
389
288
244
377
101

Pika Habitat
Min. Elev.
1409
1616
2627
1932
1378
1390
2394
1659

Pika Habitat
Max. Elev.
2709
1984
4080
3739
2374
3156
4347
2221

Pika Habitat
Mean Elev.
2068
1697
3421
2925
1849
2096
3520
1916

Pika Habitat
SD of Elev.
190
47
336
255
223
278
215
91
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Table 2.2. Landscape configuration metrics for each site, including percent of the landscape comprised of potential pika habitat, areaweighted mean patch area in hectares (AREA), area-weighted mean radius of gyration in meters (GYRATE, larger values indicate
larger patch extent), mean proximity index (PROX, larger values indicate lower degree of fragmentation), mean Euclidean nearest
neighbor distance in meters (ENN, larger values indicate greater distance between patches), and clumpiness index (CLUMPY, larger
values indicate less even distribution of patches). Values in parentheses are the coefficient of variation.
Site

% Pika Habitat

AREA (ha)

GYRATE (m)

PROX

ENN (m)

CLUMPY

CRLA

2.0

15.8 (216.4)

193.1 (101.4)

62.3 (211.9)

127.6 (305.2)

0.91

CRMO

75.5

10387.73 (421.9)

4837.9 (346.1)

67182.7 (117.5)

65.9 (121.5)

0.99

GRSA

6.0

172.8 (539.3)

548.1 (137.5)

586.6 (375.4)

108.8 (185.2)

0.92

GRTE

14.9

396.7 (876.4)

896.2 (179.9)

963.3 (411.8)

75.4 (124.1)

0.92

HMAR

1.9

5.3 (275.6)

122.1 (125.5)

19.0 (229.6)

78.1 (224.6)

0.84

LAVO

6.1

299.6 (1064.5)

628.7 (140.1)

191.9 (715.3)

99.6 (136.2)

0.92

ROMO N

14.6

1003.1 (1187.2)

1493.2 (255.8)

2262.7 (321.5)

86.5 (211.1)

0.95

ROMO S

18.8

5774.6 (2540.6)

3320.6 (289.7)

12924.3 (373.8)

83.2 (156.2)

0.96

SHWR

3.1

5.7 (2824)

135.6 (115.1)

22.1 (289.5)

64.1 (151.7)

0.77
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Table 2.3: Optimized resistance models for each study site.
Topographic
Complexity

Water

Land Cover

Rmax

RS|IBD

Sample
Size

Radius=20, x=4,
Rmax=501

Rmax=100

-

702

0.22

106

Radius=10, x=4,
Rmax=101

-

-

202

0.63

53

-

-

-

x=10, Rmax=10

10

0.55

47

-

-

-

x=10,
Rmax=1000

1101

0.28

189

-

-

-

3

0.06

43

-

Rmax=1000

-

1003

0.36

81

-

2250m,
SD=300,
Rmax=3
3500m,
SD=300,
Rmax=11

11

0.41

61

ROMO S

45, x=10,
Rmax=11

-

-

-

-

11

0.17

132

SHWR

0, x=1,
Rmax=11

-

-

-

PH =1, other=2

13

0.36

47

Site

Aspect

Elevation

CRLA

90, x=4,
Rmax=101

CRMO

-

1750m,
SD=200,
Rmax=101

GRSA

-

GRTE

270, x=10,
Rmax=101

HMAR

90, x=0.5,
Rmax=3

LAVO

-

ROMO N
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Table 2.4. Network model metrics for each study site of American pikas, including: genetic neighborhood size estimates in terms of
geographic distance (GN GeoD) and resistance distance (GN RD); total number of patches (nodes) in the network, not including pruned
patches; number of clusters in the pruned network; proportion of nodes in the largest and second largest clusters in the network; and
mean percentage of connected patches. The largest cluster size reflects the proportion of patches that are connected to each other,
while the mean percentage of connected patches reflects the average proportion of patches any single patch is connected to.

Site
CRLA
CRMO
GRSA
GRTE
HMAR
LAVO
ROMO N
ROMO S
SHWR

GNGeoD (m)
2500
1200
1000
4000
2250
4500
2500
2500
4250

GNRD
20
7.7
0.8
24
1.8
4
4.5
4
7

# of
Patches
126
17
109
846
190
567
403
514
1383

# of
Clusters
26
3
28
46
9
10
24
10
16

Largest
Cluster Size
0.56
0.88
0.47
0.94
0.95
0.98
0.94
0.98
0.99

2nd Largest
Cluster Size
0.19
0.06
0.10
0.01
0.02
0.004
0.01
0.002
0.001

Mean % of
Connected Patches
0.34
0.73
0.12
0.88
0.89
0.96
0.89
0.96
0.98
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FIGURES

Figure 2.1. Map of the western United States showing elevation in grayscale (dark = low
elevation, light = high elevation), predicted pika distribution in gray stippling (redrawn
from Hafner and Sullivan 1995), and study sites in thick black outline with hashed
shading.
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Figure 2.2. Proportion of study area characterized by each land cover type for each study
site.
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Figure 2.3. Modified Simpson’s evenness index values for each study site, ranked from
lowest to highest. A value of 0 reflects complete dominance by one cover type and a
value of 1 reflects completely even representation of each cover type. SHWR and HMAR
are the most homogenous landscapes, while GRTE is the most heterogeneous.
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Figure 2.4. Distribution of cluster sizes for network models for each site. For all sites, the
two largest clusters contained the majority of the nodes in the network. The largest
cluster for each of GRTE, HAMR, LAVO, ROMO N, ROMO S, and SHWR contained
more than 90% of the nodes. Nodes pruned from the network were not included in the
calculation.

89

Figure 2.5a

90

Figure 2.5b
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Figure 2.5. Maps of the landscape resistance model and network graphs for CRLA (a)
and GRSA (b). The network represents nodes pruned by 40% occupancy probability and
edges pruned by a study site-specific resistance distance threshold (see Table 4 for GN RD
estimates for each site) subject to a 4.5 km maximum geographical dispersal distance.
Node size is proportional to node betweenness and edge color reflects edge betweenness,
such that higher betweenness is darker. Betweenness reflects the number of paths that go
through that node or edge, with high betweenness reflecting a lack of alternate pathways.
Gray circles represent pruned (removed) nodes. Node placement on the map corresponds
to the patch centroid, therefore, edge length on the map does not reflect actual distance
between patches. In CRLA (a), the dotted outline A shows a current gap in patch
connectivity, dotted outline B shows an area of low resistance where a gap in
connectivity might be reconnected through construction of artificial habitat, and arrow C
points to a region where loss of patch occupancy could result in the network fragmenting
into more isolated clusters. Figures for all other study sites are presented in Appendix 14.
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ABSTRACT
Understanding the factors that influence genetic diversity and population
differentiation is a critical component of conservation genetics. This is especially true for
species experiencing or predicted to experience population loss or declines as a result of
rapid, anthropogenic- induced environmental change. We compared genetic diversity and
differentiation across thirteen study sites throughout much of the range of the American
pika (Ochotona princeps). Our goal was to disentangle the factors that contribute to the
loss or maintenance of genetic diversity for a species that is predicted to experience a
significant range contraction as a result of rapid, contemporary climate change. In
addition to habitat area and connectivity, of which the impacts on genetic diversity are
well understood in a general context, we determined that mean annual precipitation was a
significant predictor of genetic diversity, with sites experiencing moderate levels of
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precipitation having highest allelic richness. Thus, predicting future impacts of climate
change on American pikas based solely on temperature may not be appropriate. We also
determined that the two study sites in the Great Basin are more genetically distinct and
have lower genetic diversity than other sites, further supporting suggestions that the Great
Basin hydrographic region is an area of conservation priority for American pikas. Finally,
in the course of this study, we identified a previously undescribed contact zone between
the northern and southern Rocky Mountain subspecies (O. p. princeps and O. p. saxatilis,
respectively) within the management boundary of Rocky Mountain National Park. This
presents some interesting, yet complex implications for management of this species
within this park and elsewhere.

INTRODUCTION
Intraspecific genetic diversity is the most fundamental element of biodiversity,
and provides the basis for natural selection to yield evolutionary change (Fisher 1930,
Hughes et al. 2008, Pauls et al. 2013). For species at risk from rapid, contemporary
climate change, understanding patterns of genetic diversity and population structure is
essential for developing and implementing effective conservation and management
strategies (Eckert et al. 2008, Hoffmann and Sgro 2011). Local, regional, and historical
processes all contribute to contemporary patterns of genetic diversity and population
differentiation. By comparing populations experiencing a range of geographic and
environmental conditions, we can identify factors that shape genetic diversity and thereby
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improve our understanding of these processes as well as our ability to assess long-term
population vulnerability.
There are many hypotheses describing the distribution of intraspecific genetic
diversity. The abundant center hypothesis predicts that genetic diversity will be lower at
the range margins than in the center due to smaller effective population sizes and lower
migration rates (Eckert et al. 2008). However, observed patterns of genetic diversity are
frequently inconsistent with this hypothesis (Garner et al. 2004, Hampe and Petit 2005,
Eckert et al. 2008). For montane species, this may in part be the result of biogeographic
history, particularly climate and glaciation effects, such that rear edge (i.e., low latitude)
populations played a key role in maintaining diversity throughout the Quaternary (Hampe
and Petit 2005, Galbreath et al. 2009). Similarly, the elevation hypothesis for montane
species predicts that, particularly in low latitudes, high elevation populations should
represent relatively stable sky islands through periods of warming and cooling, thereby
maintaining higher levels of genetic diversity (Galbreath et al. 2009). During cooler
climatic conditions, previously fragmented populations within mountain systems merged
into regional units, increasing gene flow and potentially genetic diversity (Galbreath et al.
2009). However, some of the high elevation areas were glaciated and thereby unavailable
to most species. If these mountains are now effectively islands, then we would predict
loss of genetic variation as a result of isolation (Frankham 1997). Furthermore, mountains
represent environmental gradients that influence population size and persistence, local
adaptation, and genetic diversity (Ohsawa and Ide 2008). Therefore multiple factors at
different spatial and temporal scales have shaped contemporary patterns of genetic
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diversity. Identifying which factors are particularly important for sustaining genetic
diversity is critical when trying to manage for long-term maintenance of genetic diversity
within a single populations as well as across a species’ range.
The genetic makeup of populations is shaped largely by drift, selection, and
migration, with migration acting to counter the effects of drift and selection on
differentiation among populations (Slatkin 1987). In small, isolated populations with low
migration rates, genetic drift may overpower the strength of selection (Lacy 1987, Slatkin
1987). For species restricted to specialized habitats such as ponds, mountain tops, or
other patchily-distributed habitats, isolation can lead to loss of genetic diversity as a
result of genetic drift, unless functional connectivity among habitat patches is high (Epps
et al. 2005, 2006). Functional connectivity is the combination of the distribution of
resources on the landscape, and an organism’s ability to navigate through the
heterogeneous landscape (Stevens et al. 2006). A loss of functional connectivity can
therefore lead to reduced effective population size, which can in turn lead to a reduction
in ability to respond to disturbances, as well as a reduction in evolutionary potential as a
result of loss of genetic variation (Frankham 2005, Hughes et al. 2008). In contrast, low
gene flow among populations experiencing different environmental pressures can lead to
local adaptation (Funk et al. 2012). Populations at the extremes of a species’ range, either
geographic or climatic, may be most vulnerable to rapid, contemporary climate change.
However, they may also represent reservoirs of adaptive potential if there is local
adaptation to extreme environmental conditions which may soon come to be the norm
(Hampe and Petit 2005, Eckert et al. 2008, Hoffmann and Sgro 2011).
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In this study we set out to quantify genetic diversity and population differentiation
for American pikas (Ochotona princeps) within 13 diverse study sites across much of the
species’ range in order to better understand the factors contributing to maintenance and
loss of genetic diversity within this species. American pikas are small lagomorphs (121176 g) found throughout much of the intermountain western United Stated (Smith and
Weston 1990). They are restricted to fractured rock habitats, such as talus slopes and lava
flows, which provide refuge from predators and thermal buffering (Smith 1974, Ivins and
Smith 1983, Smith and Weston 1990, Holmes 1991, Millar et al. 2014). As a result of
sensitivity to heat, they cannot tolerate prolonged exposure to high temperatures and are
therefore typically found at high elevations, but may persist at lower elevations and in
hotter climates if there are suitable microclimatic refugia (Millar and Westfall 2010,
Collins and Bauman 2012, Millar et al. 2013, Varner and Dearing 2014). Estimates of
their maximum dispersal ability range from a few hundred meters (Smith 1974) to 20 km
(Hafner and Sullivan 1995), but most estimates suggest there is little or no gene flow
among populations separated by distances greater than a few kilometers (Peacock and
Smith 1997, Henry et al. 2012, Castillo et al CH 2). There have been numerous recent
extirpations of American pika populations in relatively hot, dry regions (Beever et al.
2003, Beever et al. 2013) and future predictions suggest widespread losses in the species’
distribution particularly in, but not limited to, low elevations (Calkins et al. 2012).
American pikas are therefore considered a climate indicator species (Hafner 1993) and
were petitioned to be listed under the Endangered Species Act (ESA) in 2007. In 2010 the
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United States Fish and Wildlife Service (USFWS) concluded that listing of the species, or
any portion of the species was not currently warranted due to lack of scientific
information (USFWS 2010). Thus, understanding the factors that shape genetic diversity,
and adaptive potential for American pikas is of immediate conservation concern.
We evaluated how landscape configuration, climate, and phylogeographic history
influence genetic diversity of American pika populations on 13 landscapes. American
pikas exhibit a naturally fragmented distribution, both at the local metapopulation scale,
as well as at the broader regional scale. Recent studies predict that in addition to loss of
suitable habitat (Calkins et al. 2012, Stewart et al. 2015, Schwalm et al. in review),
climate change is likely to impact functional connectivity for American pikas as well
(Castillo et al. CH 2). We evaluated whether habitat area and configuration, at multiple
spatial scales, influenced genetic diversity to attempt to disentangle the effects of local
versus regional-scale processes. We evaluated whether climate and primary productivity
(i.e., photosynthetic capacity) influenced genetic diversity, as these factors likely
influence population size and stability. Habitat area, configuration, and suitability all
likely interact and contribute to genetic diversity through multiple processes, including
population size and metapopulation connectivity. Finally, we measured differentiation
among populations to assess relative distinctiveness of populations. While there is
constant debate about whether to prioritize diversity or distinctness in populations when
making conservation decisions (Vane-Wright et al. 1991, Petit et al. 1998), there is
general consensus that maintaining genetic diversity and evolutionary potential should be
a conservation priority (Fraser and Bernatchez 2001, Moritz 2002, Hoffmann and Sgro
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2011). The current study broadens our understanding of the drivers of genetic diversity
within populations, both in general, as well as in the context of conservation of this
climate-sensitive species.

METHODS
Study Sites
The 13 sites included in this study represent four of the five major genetic
lineages (Figure 3.1). Craters of the Moon National Monument (CRMO), ID; SalmonChallis National Forest (SCNF), ID; Grand Teton National Park (GRTE), WY; Rocky
Mountain National Park north (ROMO N), CO; and Yellowstone National Park (YELL),
ID, MT and WY belong to the northern Rocky Mountain lineage, O. p. princeps. Rocky
Mountain National Park south (ROMO S), CO and Great Sand Dunes National Park and
Preserve (GRSA), CO belong to the southern Rocky Mountain lineage, O. p. saxatilis.
Hart Mountain National Antelope Refuge (HMAR), OR; Lava Beds National Monument
(LABE), CA; Lassen Volcanic National Park (LAVO), CA; Sheldon National Wildlife
Refuge (SHWR), NV; and Yosemite National Park (YOSE), CA belong to the Sierra
Nevada lineage, O. p. schisticeps. Crater Lake National Park (CRLA), OR belongs to the
Cascade Range lineage, O. p. fenisex. These sites range in mean elevation from 1226 m
(LABE) to 3335 m (ROMO N), are characterized by different pika habitat substrate
types, and have varying annual patterns of temperature and precipitation (Table 3.1).
Genetic Sampling Design and Laboratory Methods
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We collected fecal samples for genetic analyses in each of the 13 sites between
June 2010 and August 2014. In nine of 13 sites (CRLA, CRMO, GRSA, GRTE, LABE,
LAVO, ROMO N, ROMO S, and YELL), we collected fecal samples during occupancy
surveys (see Jeffress et al. 2013). Occupancy survey locations were determined according
to a generalized random stratified tessellation design (Stevens and Olsen 2004) within
potential pika habitat identified via remote sensing (Jeffress et al. 2013). The sample
frame was restricted to 1 km from roads and/or trails due to safety limitations. In addition
to random sampling, we collected fecal samples opportunistically while traveling
between survey locations, as well as through targeted searches of areas found to have
pikas. We avoided collecting old fecal pellets by preferentially collecting pellets with
green plant material inside. The color of the plant material fades from green to yellow
within a few weeks to months (Nichols 2010). We included additional fecal samples from
LAVO collected in 2009 prior to the beginning of this study, as well as tissue samples for
LAVO and YOSE obtained from the Museum of Vertebrate Zoology (Appendix 15).
We extracted genomic DNA from fecal samples using a modified AquaGenomic
DNA extraction protocol (MultiTarget Pharmaceuticals LLC, Salt Lake City, UT, USA).
We genotyped individuals at 24 microsatellite loci in four multiplex polymerase chain
reactions (PCR) using a Qiagen Multiplex PCR kit (Qiagen, Valencia, CA, USA).
Detailed PCR protocol, primer sequences, and methods for calling and screening
microsatellite genotypes are provided in Appendix 16. We screened for duplicate
individuals first by using CERVUS 3.0 (Kalinowski et al. 2007) to identify matching
genotypes, allowing fuzzy matching with up to 6 mismatching loci. We then used
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GIMLET (Valiere 2002) to calculate the probability of identity for a full-sibling
relationship (P(ID)sib ) (Waits et al. 2001) for each of the matching genotypes identified in
CERVUS. We identified duplicate individuals if P(ID)sib < 10-3 (Epps et al. 2005) and
removed all but one genotype for each of the sets of duplicates. We tested for linkage
disequilibrium and significant deviations from expected Hardy-Weinberg genotype
frequencies using GENEPOP (Raymond and Rousset 1995). Finally, we removed
individuals with incomplete genotypes from further analysis.
Genetic Structure within Rocky Mountain National Park
Exploratory analyses within Rocky Mountain National Park showed multiple
genetic markers were significantly out of Hardy-Weinberg equilibrium (results not
shown), suggesting a high degree of population structure within the national park.
Additionally, an analysis of individual genetic distance and geographic distance did not
indicate isolation by distance (results not shown). Therefore we performed a Bayesian
clustering analysis in program STRUCTURE (Pritchard et al. 2000) to infer population
structure. We ran 10 replicates for each inferred number of populations (K = 1 to 10),
with 100,000 MCMC replicates each of burnin and run steps. We used eight regions
within the national park, identified by geographic features, as sampling localities for
location prior information in the admixture model, as well as correlated allele frequencies
among populations as run parameters. We analyzed the model output using STRUCTURE
HARVESTER (Earl and vonHoldt 2012) according to the ΔK method proposed by Evanno
et al. (2005). We then used program CLUMPP (Jakobsson and Rosenberg 2007) to
determine the optimal assignment of individuals across the ten runs for the best supported
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value of K. Finally, we visualized the output from CLUMPP spatially using ArcMap 10.0
(ESRI, Redlands, California).
Phylogenetic Analysis
Previous work based on morphology, dialect, and both mtDNA and nuclear
genetic sequence data identified a potential contact zone between the northern and
southern Rocky Mountain lineages in the vicinity of Rocky Mountain National Park
(Somers 1973, Hafner and Sullivan 1995, Galbreath et al. 2010). The results of our
STRUCTURE analysis (see below) suggested a contemporary contact zone within the
national park itself; therefore, we conducted a phylogenetic analysis similar to that of
Galbreath et al. (2009, 2010) to test this hypothesis. We obtained sequence data covering
the cytochrome b (Cyt-B) and D-loop region of the mitochondrial genome (c. 1700 bp)
for 112 O. princeps individuals, plus one O. collaris, from GenBank (Appendix 16).
We used the two primer pairs described in Galbreath et al. (2009) to amplify the
same mtDNA region for a subset of our samples from ROMO, plus one from GRSA.
However, due to the low quality and quantity of fecal DNA template as compared to
fresh tissue, we designed an additional five primers to amplify smaller regions ranging
from 483 - 566 bp (Appendix 17). All fragments were amplified in 10.5 μl reactions with
final reagent concentrations of 2.25 mM MgCl2 , 0.1 nM primers, 0.16 mM each dNTPs,
0.7 U Taq polymerase, and 0.5 μl template DNA. All reactions included a 15 minute
(95°C) initial denaturation; 39 cycles of 30 sec. denaturation (95°C), 45 sec annealing
(60°C), and 30 sec (72°C) extension; and a final 5 minute (72°C) extension. We
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sequenced all DNA fragments in both directions and visually inspected sequence
alignments using GENEIOUS 6.1.2 (http://www.geneious.com, Kearse et al., 2012).
For Bayesian analysis, we selected the best data partitioning scheme and
substitution models for each partition using a greedy algorithm in PartitionFinder 1.1.0
(Lanfear et al., 2012) with four a priori partitions each codon of cytochrome b and one
for D-Loop. We implemented the Bayesian Information Criterion corrected for small
sample sizes (BIC) to identify the best substitution model scheme (Table 3.2). We
performed a Bayesian phylogenetic analysis of the partitioned matrix with MrBayes 3.1.2
(Ronquist et al., 2012) using the partitioning and models as detailed in Table 3.2. We
performed two runs of four independent Markov chain Monte Carlo (MCMC) chains
with 10M replicates each, sampling every 1000 generations or until the standard
deviation of split frequencies between the two runs was less than 0.01. The first 25% of
generations were discarded as burn-in for each run and then tree files were concatenated
in LogCombiner v.1.8.2 (Drummond et al., 2012). A maximum credibility tree (MCC),
the tree with the highest product of posteriors for all nodes, was found using
TreeAnnotator v1.8.2 (Drummond et al. 2012). The MCC tree was edited in FigTree
v.1.4.0 (http://tree.bio.ed.ac.uk/software/figtree/).
Population Differentiation
We quantified population differentiation among study sites as pairwise FST and
assessed significance of hierarchical structure on population differentiation using the
“hierfstat” package (Goudet 2005) in R (R Core Team 2014). From the pairwise FST, we
calculated linear FST and estimated Nm, the average number of migrants per generation
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(Allendorf et al. 2013). In addition to FST, we calculated D (Jost 2008), which is more
accurately a measure of population differentiation, rather than a measure of deviation
from panmixia based on Hardy-Weinberg proportions, such as FST (Whitlock 2011). We
calculated D using the “mmod” (Winter 2012) package in R. We also performed a
discriminate analysis of principal components (DAPC) (Jombart et al. 2010) using the
package “adegenet” (Jombart 2008) in R. DAPC maximizes variation between groups
while minimizing variation within groups and has the benefit of not relying on
assumptions of Hardy-Weinberg proportions (Jombart et al 2010).
Genetic Diversity
We evaluated the relationship between genetic diversity and environmental
variables at multiple spatial scales, with all samples from a single site considered a single
population for a total of 13 populations. We chose allelic richness (Ar) as our response
variable because it is highly dependent on effective population size, does not recover
from perturbation as quickly as heterozygosity, and is considered an important genetic
indicator for conservation (Petit et al. 1998, Leberg 2002). We estimated Ar corrected for
sample size using the “hierfstat” package (Goudet 2005) in R (R Core Team 2014). We
chose a suite of variables related to climate, primary productivity, as well as pika habitat
amount and configuration as explanatory variables. We quantified our environmental
variables at multiple spatial scales because we hypothesized that 1) different factors
should influence genetic diversity at different spatial scales and 2) the trend in the
response at different scales should vary among environmental variables. We quantified
climate and primary productivity variables using the polygon intersection tool
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(isectpolyrst) in Geospatial Modelling Environment (Beyer 2012), and habitat
configuration metrics in FRAGSTATS V4.2 (McGarigal et al. 2002). We quantified our
environmental variables within circular buffers around the centroid of our genetic
samples at 50 and 100 km.
In addition to the specified radii above, we quantified elevation within a 5 km
buffer surrounding our genetic samples for each site, from 1/3 arc-second digital
elevation models (DEM) from the National Elevation Dataset of the U.S. Geological
Survey (Gesch 2007). We quantified mean elevation of 1) all area within the study site,
2) area classified as potential pika habitat only, 3) residual elevation for all area within
the study site, and 4) residual elevation of potential pika habitat only. Residual elevation
is defined as observed elevation minus the minimum expected elevation for pikas, after
adjusting for latitude and longitude, E(m) (Jeffress et al. 2013, Stewart et al. 2015). E(m)
is defined as 14087-(56.6)°N-(82.9) °W (Hafner 1993). We hypothesized that genetic
diversity would be positively correlated with elevation because pikas are heat sensitive
and temperature decreases with increasing elevation (Körner 2007).
We quantified temperature and precipitation from WorldClim Global Climate
Data (Hijmans et al. 2005) at 30 second resolution. We quantified annual mean
temperature (BIO1), mean temperature of the warmest quarter (BIO10), mean
temperature of the coldest quarter (BIO11), and annual precipitation (BIO12). We
included temperature and precipitation variables because previous studies have shown
that in addition to heat stress, pikas may also experience cold stress in cold, wet areas
(Jeffress et al. 2013). We hypothesized that Ar should be negatively correlated with

105

temperature, and sites with moderate precipitation should have higher Ar than sites with
extreme precipitation. While we expected both temperature and precipitation to influence
Ar, we predicted temperature would better explain differences in Ar among sites because
of the well-established relationship between site occupancy and temperature (Beever et
al. 2003, Jeffress et al. 2013, Schwalm et al. in review). We calculated primary
productivity from western U.S. 250 m eMODIS Phenology Data (USGS EROS)
normalized difference vegetation index (NDVI) metrics, averaged over the years 2001 to
2012. We quantified photosynthetic activity across the entire growing season (TIN),
maximum level of photosynthetic activity (MAXN), and length in days of the growing
season (DUR). We hypothesized the genetic diversity would be positively correlated with
NDVI metrics because greater forage availability should result in larger population sizes.
We calculated coarse scale pika habitat metrics from the predicted American pika
distribution (Hafner and Sullivan 1995) and fine-scale pika habitat metrics from maps of
remotely-sensed potential pika habitat (Jeffress et al. 2013, Castillo et al. CH 2) in the
program FRAGSTATS (McGarigal et al. 2002). Coarse-scale habitat reflects the area
predicted to be suitable for pikas, based on elevation and vegetation classes (Hafner and
Sullivan 1995), whereas fine-scale habitat reflects area determined to be talus, lava, or
other suitable rocky substrate. In addition to the radii specified above, we quantified
coarse habitat metrics at 150, 200, and 250 km radii to evaluate the effects of habitat
configuration at the regional scale. We quantified percent habitat cover (PLAND) within
each study site as well as total habitat area (CA) and mean patch area (AREA) within
each specified radius. We also estimated the clumpiness index (CLUMPY), which is a
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metric of habitat fragmentation where values of -1 signify maximum disaggregation and
values of 1 signify maximum aggregation; and radius of gyration, which is a measure of
patch length, or extent (GYRATE). We calculated mean Euclidean nearest neighbor
distance between habitat patches within each study site. We hypothesized that genetic
diversity would be positively correlated with habitat area and negatively correlated with
habitat fragmentation.
We evaluated our hypotheses using simple linear regression first with univariate
models to evaluate variable significance and trend in spatial scale, then combined select
variables into multivariate models. We also included subspecies as an explanatory
variable to account for shared phylogeographic history among study sites. Significant
models (i.e., p ≤ 0.05) were ranked according to Akaike’s Information Criterion corrected
for small sample size (AIC c; Hurvich et al. 1989, Akaike 1998). We considered models
within two AICc units of the top model (lowest AICc value) to have comparable
explanatory value (Burnham and Anderson 2002).

RESULTS
Genetic Data
Our final dataset included 1045 genotyped individuals, ranging from 9 individuals
(SCNF) to 194 (GRTE), with a mean of 80 individuals per site (Table 3.1). After
removing loci that either failed to amplify consistently in one or more populations, or
which were missing a large amount of data, we included 22 loci. Total number of
observed alleles per locus ranged from 10 to 27 (Appendix 18).
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Genetic Structure within Rocky Mountain National Park
There was overwhelming support for two genetic clusters within ROMO (K = 2,
Figure 3.2). Geographically, the two genetic clusters were roughly segregated into a
northern and southern cluster. The northern cluster included individuals found north of
Mt. Chapin or west of the Colorado (Figure 3.2). However, the two clusters appear to be
partly admixed (Figure 3.2). There was some support for further population substructure
at K = 7, indicating that while the individuals west of the Colorado River strongly group
with the northern individuals, there has been significant genetic differentiation likely as a
result of local geographic isolation associated with the Colorado River and/or topography
(Appendix 19).
Phylogenetic Analysis
After removing individuals that failed to produce reliable sequences, we included
a total of 21 individuals from within ROMO and one from GRSA with the 113
individuals from Galbreath et al. (2009). PartitionFinder supported the a priori scheme
with substitution models summarized in Table 3.2. The MrBayes runs achieved
convergences within the first 10M generations. We recovered a MCC phylogeny with
strong support (posterior probability > 0.9) for each of the five previously identified
clades of O. princeps (Figure 3.3). Ten individuals were grouped within the northern
Rocky Mountain lineage and 11 individuals were grouped within the southern Rocky
Mountain lineage (Figure 3.3). The results were consistent with the STRUCTURE analysis
based on microsatellite genotypes (Figure 3.2).
Population Differentiation
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Pairwise FST between study sites ranged from 0.09 (YELL - GRTE) to 0.5
(HMAR - CRLA, Table 3.3). Both study site (g = 34117.9, p = 0.001) and subspecies (g
= 51933.4, p = 0.001) were significant in explaining hierarchical genetic differentiation.
Pairwise D between study sites ranged from 0.09 (HMAR - SHWR) to 0.89 (HMAR CRMO). Linearized FST (estimated from nuclear microsatellites) for within- lineage
estimates was higher in estimates involving CRMO, HMAR, or SHWR across all
distances, with the exception of the HMAR - SHWR (ca 75 km) and CRMO - SCNF
(ca100 km) pairs (Figure 3.4). Linearized FST between ROMO N and ROMO S was
relatively low compared to other between-lineage comparisons (Figure 3.4).
The first five principal components accounted for roughly 75% of the observed
variance among individual genotypes and were retained for further analysis. The
discriminant analysis of principal components resulted in relatively distinct clusters for
the Sierra Nevada lineage and southern Rocky Mountain lineage, and an overlapping
cluster of northern Rocky Mountain and Cascade lineages (Figure 3.5). Furthermore,
HMAR and SHWR form a cluster separated from the rest of the Sierra Nevada study sites
(Figure 3.5). Visual inspection of the first two principal components illustrates a clear
separation of HMAR and SHWR from the rest of the Sierra Nevada lineage, as well as
the Sierra Nevada lineage from the rest of the study sites.
Genetic Diversity
Mean Ar ranged from 2.5 (HMAR) to 6.6 (SCNF, Table 3.1). We found support
that subspecies, as defined by Hafner and Smith (2010), explained some of the variability
within Ar (F[3,9] = 2.94, p = 0.09), but not sufficiently on its own. Therefore we included
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subspecies in our set of candidate multivariate linear regression models. However, none
of the best-supported models included subspecies. We considered elevation, temperature,
precipitation, and NDVI metrics indicative of climate and primary productivity, and
identified which of these metrics best explained genetic diversity, independent of habitat
configuration metrics. Mean elevation within site was a significant predictor of Ar, with
both all area and pika habitat only equally well supported (Table 3.4); however, residual
elevation was not a significant predictor of Ar. All temperature variables showed a
significant, negative correlation with Ar, with mean temperature of the warmest quarter
(BIO10) receiving the greatest support (Table 3.4). Annual precipitation (BIO12) had a
significant, quadratic relationship, with intermediate levels of precipitation resulting in
higher Ar (Table 3.4, Figure 3.6). As predicted, mean temperature of the warmest quarter
was a significant predictor of Ar, but surprisingly, not as strongly as precipitation (Table
3.4). Plotting Ar against temperature of the warmest quarter and precipitation suggested
cool sites with moderate precipitation have higher Ar (Figure 3.7); however, the model
including both temperature of the warmest quarter and precipitation only slightly
improved model fit (ΔR2 = 0.01) and decreased model support (ΔAICc = 4.77) as
compared to the precipitation only model (Table 3.4). Decreased model support likely
reflects the increase in model parameters with such a small dataset. Of the three primary
productivity metrics, only photosynthetic activity across the entire growing season (TIN)
was a significant predictor of Ar (Table 3.4). Of all the climate and productivity-related
variables, annual precipitation was the best predictor (Table 3.4).
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Next, we considered habitat configuration metrics as possible predictors of Ar. Of
the six coarse-scale habitat configuration metrics, mean patch size (AREA), radius of
gyration (GYRATE), total habitat area (CA), and clumpiness index (CLUMPY) were
significant predictors of Ar (Table 3.4); however, the trend in support with spatial-scale
varied among these variables (Appendix 20). Habitat patches in these analyses refer to
coarse-scale predicted pika habitat (grey area in Figure 3.1). Habitat patch characteristics
were more strongly correlated at the smaller radii (Table 3.4) and only significant up to
50 km (AREA) or 100 km (GYRATE; Appendix 20). In contrast, habitat configuration
metrics (CA and CLUMPY) were more strongly correlated with Ar at intermediate
spatial scales of 100 km (CLUMPY) and 150km (CA; Table 3.4, Appendix 20),
suggesting that habitat area and fragmentation at the regional scale, in addition to patch
size at the local scale, influenced Ar. CA at 150 km was the best coarse-scale habitat
configuration metric (Table 3.4). Of the fine-scale habitat configuration metrics (i.e.,
talus or lava habitat identified within the study area boundary), only CLUMPY had a
significant, positive relationship with Ar, but not as strongly as at the coarse-scale metrics
(Table 3.4).
Percent habitat cover within site (PLAND) was not a significant predictor of Ar
(R2 = 0.01, p = 0.69) unless CRMO was removed (R2 = 0.49, p = 0.01; Table 3.5).
CRMO is characterized by a large lava flow that comprises nearly all of the study site
(high PLAND), however the lava flow is isolated from the nearest mountain range
containing pikas by >10 km (low CA). Including both PLAND and CA in the model for
the full dataset did not affect model fit, but reduced model support (Table 3.5). However,
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this model improved fit and performed comparably well when CRMO was removed, and
greatly improved both model fit and support when both CRMO and YELL were removed
(Table 3.5, Figure 3.8). YELL, in contrast to CRMO, is characterized by low habitat area
within site, but high regional habitat area and high Ar. PLAND and CA reflect the
importance of habitat area at different scales.
The best overall predictors of Ar were CA at 150 km and mean annual
precipitation (BIO12) at 50 km with a quadratic relationship. The model fit was stronger
for BIO12, but model support was greater for CA (Table 3.4), likely due to the greater
number of model parameters for BIO12 and low sample size overall. Likewise,
combining the two variables resulted in a better model fit, but lower model support. The
precipitation terms were both significant (p = 0.03 and 0.04) while CA was not (p = 0.1)
in the combined model. Therefore, both CA and BIO12 appeared to influence genetic
diversity, and there is some evidence that BIO12 is a better predictor than CA.

DISCUSSION
Genetic diversity across 13 American pika populations was strongly influenced by
habitat configuration and climate. Sites with greater habitat area as well as those with
moderate precipitation had higher Ar. These factors contribute to population size and
stability. Populations with low local- and regional-scale habitat area, extreme
precipitation, and hotter temperatures are therefore most vulnerable to rapid
environmental change because we expect reduced adaptive potential in these sites as a
result of low genetic diversity. As expected, we observed greater genetic differentiation
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among populations that were geographically, and therefore genetically isolated. The
populations that were most genetically distinct were the two Great Basin sites. In addition
to being the most geographically isolated, pikas in these populations are experiencing
dramatically different environmental pressures than pikas elsewhere in the species’ range.
We therefore argue that pika populations in the Great Basin should be considered a
conservation priority despite belonging to the same genetic lineage, and therefore
subspecies, as the mainland Sierra Nevada populations. Moreover, pikas within Rocky
Mountain National Park represent two distinct subspecies, further illustrating the
incongruity between local-scale management and broad-scale conservation decisions
based on taxonomic units.
Genetic Diversity
The main objectives of this study were to identify factors influencing genetic
diversity, as well as to characterize patterns of genetic differentiation among study sites
throughout much of the range of American pikas, in order to enhance our understanding
of these processes and inform future conservation decisions. In accordance with our
initial hypotheses, we identified a strong, positive relationship between habitat area at the
coarse, regional scale and genetic diversity, measured as Ar (Table 3.4). Coarse-scale
habitat area reflects regional connectivity, rather than metapopulation-scale connectivity.
The erosion of genetic diversity as a result of increased genetic drift and decreased gene
flow associated with habitat fragmentation is well documented (Keyghobadi 2007 and
citations within). Likewise, many other studies have demonstrated that connectedness to
other populations is a main factor affecting levels of genetic diversity, such as in desert
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bighorn sheep (Ovis canadensis) in California where Ar was strongly predicted by
isolation among populations (Epps at al. 2006), as well as a study on brown bears (Ursus
arctos) in North America where genetic diversity was reduced in isolated populations
despite long-term population stability (Paetkau et al. 1998). American pikas are found in
naturally- fragmented metapopulation systems throughout the mountain ranges of western
North America (Smith and Weston 1990). In the current study, we demonstrated the
importance of habitat area and connectivity at both the local, within-site scale (PLAND),
as well as the broader geographic scale (CA), in maintaining genetic diversity (Figure
3.8). Habitat area at 150 km was significantly correlated with genetic lineage, however
subspecies was not a strong predictor of genetic diversity. Galbreath et al. (2009) found
that both haplotype and nucleotide diversity within genetic lineages of American pikas
reflected climate-driven range fluctuations during the Pleistocene, suggesting modern
genetic diversity in part reflects phylogeographic history and historical demography.
Coarse-scale habitat area likely reflects longer-term connectivity as there is potential for
gene flow among areas over the course of many generations, as well as increased
historical connectivity during cooler climatic periods (Hafner 1994, Galbreath et al.
2009). In contrast, fine-scale habitat reflects more current connectivity, particularly in
sites where habitat area and configuration has been affected by recent processes including
volcanic eruption (e.g., Lassen Peak in 1915) and rapidly receding glaciers.
CRMO exemplifies the need to consider multiple spatial scales of isolation.
CRMO is unique among our study sites in that it is a massive series of lava flows
encompassing 1,025 km2 , although pikas are restricted to approximately 250 km2 in the
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northern portion of the national monument (Rodhouse et al. 2010). Our fine-scale habitat
maps may overestimate available habitat because we are unable to characterize
subsurface microhabitat. Nonetheless, this area represents a relatively large, contiguous
area with potentially high patch connectivity (Castillo et al. CH 2). Based solely on
within-site habitat area, we would predict high genetic diversity in CRMO. However, Ar
is better predicted by coarse habitat area, which is moderate for CRMO (Table 3.1).
Removing CRMO as an outlier resulted in the model including both coarse-scale and
within-site habitat area outperforming either the coarse-scale or within-site habitat area
models (Table 3.5). CRMO can potentially support a large population of pikas; however,
the low Ar observed may reflect a founder effect from individuals colonizing the lava
flow from nearby mountains, and/or genetic drift as a result of geographic isolation from
nearby populations (>10 km away). In contrast, YELL has relatively low within-site
habitat area, but very high coarse-scale habitat area, and high Ar (Figure 3.8A). As
predicted, the sites with the lowest habitat area at both spatial scales (HMAR and SHWR)
have the lowest Ar (Figure 3.8). Furthermore, while both HMAR and SHWR have low
habitat area at both spatial scales, the configuration of habitat patches within SHWR is
more evenly distributed, such that functional connectivity is likely higher within SHWR
than HMAR (Castillo et al. CH 2), contributing to higher Ar in SHWR.
We also identified a strong, negative relationship between Ar and temperature, as
predicted according to our understanding of pika occupancy (Jeffress et al. 2013,
Schwalm et al. in review). However, and somewhat surprisingly, mean annual
precipitation (BIO12; Table 3.4) best explained the differences in Ar among sites.
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Precipitation had a significant quadratic relationship with time-integrated mean primary
productivity (TIN, results not shown), however TIN was not as strong of a predictor of
Ar as precipitation. Therefore, mean annual precipitation may represent a combination of
forage availability (extreme low and high precipitation results in less food for
consumption as well as haying) and other climate-related factors such as temperature or
duration of the growing season. Furthermore, plotting Ar against temperature of the
warmest quarter and precipitation suggested cool sites with moderate precipitation have
higher genetic diversity (Figure 3.7), but this relationship is primarily driven by
precipitation. This is contrary to what we might expect given our understanding of the
thermal physiology of American pikas and their sensitivity to high temperatures (Smith
1974, Beever et al. 2003). Our results support more recent studies indicating
precipitation, specifically maximum snowpack and growing-season precipitation,
strongly influence occupancy and population density (Beever et al. 2013, Jeffress et al.
2013, Schwalm et al. in review). These results further suggest that modelling the future
distribution of American pikas based solely on temperature predictions may not be
appropriate.
Multiple subspecies in Rocky Mountain National Park
In the process of characterizing genetic diversity and structure across study sites,
we identified a previously undescribed contact zone between the northern and southern
Rocky Mountain lineages within Rocky Mountain National Park. Through a Bayesian
clustering analysis in program S TRUCTURE, we determined there was contemporary gene
flow among individuals of the two lineages (Figure 3.2). Galbreath et al. (2010)
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identified shared alleles among northern and southern Rocky Mountain populations in
sequences of two nuclear introns (protein kinase C iota and mast cell growth factor) and
determined that this was the result of gene flow since the last glacial when receding
montane glaciers were no longer barriers to dispersal. However, based on more-rapidly
mutating mtDNA loci, they determined, that the Colorado River represents a relatively
recent barrier preventing contemporary gene flow between the two lineages (Galbreath et
al. 2010). The microsatellite markers used in this study have a considerably higher
mutation rate than mtDNA, reflecting evolutionary processes within a few tens of
generations (Spear and Storfer 2008, Landguth et al. 2010, Wang 2011), as compared to
many hundreds to thousands of generations for mtDNA (Wang 2011). We determined
that the Colorado River is not an adequate delineation of the geographic boundary
between the two subspecies, as we detected gene flow to the east of the river’s
headwaters (Figure 3.2). However, the river does appear to be a barrier to gene flow
(Appendix 19). Previous research identified hybrid vocalizations at the headwaters of the
Colorado River along the continental divide (Somers 1973), <5 kilometers from where
we identified admixture of individuals. That study suggested that vocalizations were
indicative of ancestry; and a subsequent study revealed that hybrid individuals reared in
captivity do in fact produce hybrid vocalizations (Somers, personal communication).
Additional observations of hybrid vocalizations outside ROMO suggest that further
investigation should be made into the geographic extent and degree of admixture between
these two genetic lineages. The presence of two distinct genetic lineages, as well as
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hybrid zones, within a single park boundary presents some interesting, and potentially
complicated, implications for management of this species within ROMO and elsewhere.
Population Differentiation
The analysis of population structure among study sites indicated higher
differentiation in comparisons involving sites in the Great Basin (HMAR and SHWR)
and CRMO than all other within-lineage comparisons (Figure 3.4). Great Basin sites were
more differentiated from the “mainland” Sierra Nevada sites than mainland sites were to
each other, regardless of geographic distance. Likewise, there was greater differentiation
between CRMO and other northern Rocky Mountain sites than would be predicted based
on geographic distance (Figure 3.4), indicating that these sites are genetically, as well as
geographically isolated. Estimates of FST are strongly influenced by genetic diversity and
assumptions of Hardy-Weinberg proportions (Jost 2008). However, the discriminant
analysis of principal components which does not rely on these assumptions (Jombart et
al. 2010) produced similar results, particularly for the two Great Basin sites (Figure 3.5).
Galbreath et al (2010) determined, based on two mtDNA and two nuclear loci, that there
was weak substructure within the Sierra Nevada lineage. They did note some evidence of
mtDNA subclades, yet no signature of isolation among populations based on the nuclear
markers (Galbreath et al. 2010). Their findings contributed to the USFWS decision to not
list the American pika (USFWS 2010). In contrast, our study which utilized markers that
are more strongly influenced by contemporary gene flow identified a strong signal of
isolation within the Great Basin sites.
Conclusion
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This study made two significant contributions to our understanding of American
pikas, both of which have important implications for the conservation of this species. The
first major finding was the identification of a contact zone between two distinct genetic
lineages, as well as admixture among individuals, within a single federal management
unit, Rocky Mountain National Park. The second contribution was the comparison of
genetic diversity and differentiation among study sites throughout much of the species’
range, and an increased understanding of the factors that contribute to loss and
maintenance of genetic diversity. Habitat area and patch connectivity are expected to
have a positive relationship with genetic diversity (Frankham 1997, Keyghobadi 2007).
However, the scale at which those metrics are quantified must reflect the natural history
of the species of interest. For example, an analogous study of yellow-bellied marmots
(Marmota flaviventris) in the Great Basin, which occupy similar rocky habitats in
montane regions, determined that low-elevation desert basins were not complete barriers
to dispersal (Floyd et al. 2005). As a result, differentiation among populations on
different mountain tops followed a stepping-stone model, and genetic diversity within
these sites was comparable to populations in the Rocky Mountains where habitat is much
more continuous (Floyd et al. 2005). While marmots and pikas have similar habitat
requirements and are both sensitive to high temperatures (Armitage 2013), marmots are
known to disperse up to 15 km (Van Vuren and Armitage 1994) whereas pikas rarely
disperse distances greater than 2 km (Peacock and Smith 1997). Furthermore, we
demonstrated that habitat area and connectivity at multiple scales (i.e., within single
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populations as well as among multiple populations) influenced genetic diversity, which
may be especially true for metapopulation species.
Previous research demonstrated that there are five major American pika genetic
lineages, each with independent evolutionary trajectories (Galbreath et al. 2009). They
further suggest that these lineages should be considered distinct evolutionarily significant
units (Moritz 1994) for management purposes. The 2010 decision by the USFWS to not
list the American pika, or any subpopulations, under the ESA was based largely on
subspecies revisions (Hafner and Smith 2010) according to these five independent
lineages (USFWS 2010). Specifically, the USFWS concluded that while the Great Basin
“subpopulation” meets the Discreteness qualification under the Distinct Vertebrate
Population Segment (DPS) policy (USFWS 1996) due to lack of connectivity with the
Sierra Nevada populations, there was not sufficient evidence to demonstrate Significance
(USFWS 2010). In order to meet the Significance criterion, one of four conditions must
be met; one of which is evidence that the population segment differs markedly from other
populations of the species in its genetic characteristics (USFWS 1996). In this study, we
provide further evidence that the Great Basin populations are both discrete and markedly
different from other populations within the Sierra Nevada lineage (O. p. schisticeps). Our
results indicated climate has strongly influenced genetic diversity within pika
populations, providing further support that climate likely represents a strong selective
pressure. Scenarios that are more likely to lead to adaptive divergence among populations
include low migration rates and significant environmental variation among habitat
patches (Funk et al. 2012). Other studies have suggested that there is likely strong
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selection along elevational and climatic gradients in American pikas (Henry and Russello
2013, Lemay et al. 2013). Therefore, we argue there is high potential that the Great Basin
populations are both discrete and significant, although further research is required to
determine definitively whether these differences are of biological and ecological
importance.
The Rocky Mountain National Park and Sierra Nevada - Great Basin scenarios
provide an interesting contrast when it comes to management implications for species
with complex phylogeographic histories. In the first case, we have representatives from
two groups that could, in theory, be subject to different federal regulations, coexisting
within a single management unit. To further complicate this scenario, there are not clear
guidelines under the Endangered Species Act for treatment of hybrid individuals (Haig
and Allendorf 2006). In the second case, isolated populations throughout a large
geographic extent, some experiencing considerably different environmental pressures, are
currently considered and treated the same under the federal law. While the ESA is a
powerful management tool, the American pika illustrates how challenging it often is to
reconcile complex ecological and evolutionary processes with structured legal decisions.

ACKNOWLEDGEMENTS
We thank all the National Parks Service and USFWS staff and field technicians
who contributed. We particularly thank R. Anthony, C.S. Baker, M. Baldner, G. Collins,
T. Creech, S. Cushman, A. Davis, L. Garrett, E. Jackson, M. Jeffress, D. Madison, C.
Millar, A. Moffett, J. Perrine, C. Peterson, T. Rodhouse, D. Schwalm, W. Schweiger, S.

121

Wolff, and W. Woolen. This project was funded by the National Parks Service Climate
Change Response Program, the US Geological Survey Park-Oriented Biological Support
(POBS) Program (grant # G11AC20397), US Fish and Wildlife Service cooperative
agreement, and the National Science Foundation Graduate Research Fellowship Program
(J. Castillo). Publication fees were supported by the Oregon State University Fisheries
and Wildlife Thomas G. Scott Fund.

AUTHOR CONTRIBUTIONS
Study design (J. Castillo, C. Epps, C. Ray), field work (J. Castillo, C. Epps, C. Ray), data
collection and analysis (J. Castillo, C. Epps, B. Frable), and manuscript preparation (all
authors).

REFERENCES
Akaike, H. 1998. Information Theory and an Extension of the Maximum Likelihood
Principle. Pages 199-213 in E. Parzen, K. Tanabe, and G. Kitagawa, editors.
Selected Papers of Hirotugu Akaike. Springer New York.
Allendorf, F., G. Luikart, and S. Atiken. 2013. Conservation and the Genetics of
Populations. Blackwell Publishing.
Armitage, K. B. 2013. Climate change and the conservation of marmots. Natural Science
5:36-43.
Beever, E. A., P. E. Brussard, and J. Berger. 2003. Patterns of apparent extirpation among
isolated populations of pikas (Ochotona princeps) in the Great Basin. Journal of
Mammalogy 84:37-54.
Beever, E. A., S. Z. Dobrowski, J. Long, A. R. Mynsberge, and N. B. Piekielek. 2013.
Understanding relationships among abundance, extirpation, and climate at
ecoregional scales. Ecology 94:1563-1571.
Beyer, H. L. 2012. Geospatial Modelling Environment (Version 0.7.2.0).

122

Burnham, K. P., and D. R. Anderson. 2002. Model selection and multimodel inference: a
practical information-theoretic approach. Springer Science & Business Media.
Calkins, M. T., E. A. Beever, K. G. Boykin, J. K. Frey, and M. C. Andersen. 2012. Notso-splendid isolation: modeling climate- mediated range collapse of a montane
mammal Ochotona princeps across numerous ecoregions. Ecography 35:780-791.
Collins, G. H., and B. T. Bauman. 2012. Distribution of Low-Elevation American Pika
Populations in the Northern Great Basin. Journal of Fish and Wildlife
Management 3:311-318.
Earl, D., and B. vonHoldt. 2012. STRUCTURE HARVESTER: a website and program
for visualizing STRUCTURE output and implementing the Evanno method.
Conservation Genetics Resources 4:359-361.
Eckert, C. G., K. E. Samis, and S. C. Lougheed. 2008. Genetic variation across species’
geographical ranges: the central–marginal hypothesis and beyond. Molecular
Ecology 17:1170-1188.
Epps, C. W., P. J. Palsboll, J. D. Wehausen, G. K. Roderick, and D. R. McCullough.
2006. Elevation and connectivity define genetic refugia for mountain sheep as
climate warms. Molecular Ecology 15:4295-4302.
Epps, C. W., P. J. Palsboll, J. D. Wehausen, G. K. Roderick, R. R. Ramey, and D. R.
McCullough. 2005. Highways block gene flow and cause a rapid decline in
genetic diversity of desert bighorn sheep. Ecology Letters 8:1029-1038.
Evanno, G., S. Regnaut, and J. Goudet. 2005. Detecting the number of clusters of
individuals using the software structure: a simulation study. Molecular Ecology
14:2611-2620.
Fisher, R. A. 1930. The genetical theory of natural selection. Clarendon Press, Oxford.
Floyd, C. H., D. H. Van Vuren, and B. May. 2005. Marmots on Great Basin
mountaintops: using genetics to test a biogeographic paradigm. Ecology 86:21452153.
Frankham, R. 1997. Do island populations have less genetic variation than mainland
populations? Heredity 78:311-327.
Frankham, R. 2005. Genetics and extinction. Biological Conservation 126:131-140.
Fraser, D. J., and L. Bernatchez. 2001. Adaptive evolutionary conservation: towards a
unified concept for defining conservation units. Molecular Ecology 10:27412752.
Funk, W. C., J. K. McKay, P. A. Hohenlohe, and F. W. Allendorf. 2012. Harnessing
genomics for delineating conservation units. Trends in Ecology & Evolution
27:489-496.
Galbreath, K. E., D. J. Hafner, K. R. Zamudio, and K. Agnew. 2009. Isolation and
introgression in the Intermountain West: contrasting gene genealogies reveal the
complex biogeographic history of the American pika (Ochotona princeps).
Journal of Biogeography 37:344-362.
Galbreath, K. E., D. J. Hafner, and K. R. Zamudio. 2010. When cold is better: Climatedriven elevation shifts yield complex patterns of diversification and demography

123

in an alpine specialist (American pika, Ochotona princeps). Evolution 63:28482863.
Garner, T. W. J., P. B. Pearman, and S. Angelone. 2004. Genetic diversity across a
vertebrate species’ range: a test of the central–peripheral hypothesis. Molecular
Ecology 13:1047-1053.
Gesch, D. B. 2007. The National Elevation Dataset. Pages 99-118 Digital Elevation
Model Technologies and Applications: The DEM Users Manual, 2nd Edition.
American Society for Photogrammetry and Remote Sensing, Bethesda, Maryland.
Goudet, J. 2005. Hierfstat, a package for r to compute and test hierarchical F-statistics.
Molecular Ecology Notes 5:184-186.
Hafner, D. J. 1993. North-American pika (Ochotona princeps) as a late Quaternary
biogeographic indicator species. Quaternary Research 39:373-380.
Hafner, D. J. 1994. Pikas and Permafrost: Post-Wisconsin Historical Zoogeography of
Ochotona in the Southern Rocky Mountains, USA. Arctic and Alpine Research
26:375-382.
Hafner, D. J., and A. T. Smith. 2010. Revision of the subspecies of the American pika,
Ochotona princeps (Lagomorpha: Ochotonidae). Journal of Mammalogy 91:401417.
Hafner, D. J., and R. M. Sullivan. 1995. Historical and ecological biogeography of
Nearctic pikas (Lagomorpha, Ochotonidae). Journal of Mammalogy 76:302-321.
Haig, S. M., and F. W. Allendorf. 2006. Hybrids in Policy. Pages 150-163 in J. M. Scott,
D. D. Goble, and F. Davis, editors. The Endangered Species Act at Thirty:
Conserving Biodiversity in Human-dominated Landscapes. Island Press,
Washington, DC.
Hampe, A., and R. J. Petit. 2005. Conserving biodiversity under climate change: the rear
edge matters. Ecology Letters 8:461-467.
Henry, P., and M. A. Russello. 2013. Adaptive divergence along environmental gradients
in a climate-change-sensitive mammal. Ecology and Evolution 3:3906-3917.
Henry, P., Z. J. Sim, and M. A. Russello. 2012. Genetic evidence for restricted dispersal
along continuous altitudinal gradients in a climate change-sensitive mammal: The
American pika. Plos One 7.
Hijmans, R. J., S. E. Cameron, J. L. Parra, P. G. Jones, and A. Jarvis. 2005. Very high
resolution interpolated climate surfaces for global land areas. International Journal
of Climatology 25:1965-1978.
Hoffmann, A. A., and C. M. Sgro. 2011. Climate change and evolutionary adaptation.
Nature 470:479-485.
Holmes, W. G. 1991. Predator risk affects foraging behavior of pikas- observational and
experimental evidence. Animal Behaviour 42:111-119.
Hughes, A. R., B. D. Inouye, M. T. J. Johnson, N. Underwood, and M. Vellend. 2008.
Ecological consequences of genetic diversity. Ecology Letters 11:609-623.
Hurvich, C. M., and C.-L. Tsai. 1989. Regression and time series model selection in
small samples. Biometrika 76:297-307.

124

Ivins, B. L., and A. T. Smith. 1983. Responses of pikas (Ochotona princeps,
Lagomorpha) to naturally-occurring terrestrial predators. Behavioral Ecology and
Sociobiology 13:277-285.
Jakobsson, M., and N. A. Rosenberg. 2007. CLUMPP: a cluster matching and
permutation program for dealing with label switching and multimodality in
analysis of population structure. Bioinformatics 23:1801-1806.
Jeffress, M. R., T. J. Rodhouse, C. Ray, S. Wolff, and C. W. Epps. 2013. The
idiosyncrasies of place: geographic variation in the climate-distribution
relationships of the American pika. Ecological Applications 23:864-878.
Jombart, T. 2008. adegenet: a R package for the multivariate analysis of genetic markers.
Bioinformatics 24:1403-1405.
Jombart, T., S. Devillard, and F. Balloux. 2010. Discriminant analysis of principal
components: a new method for the analysis of genetically structured populations.
BMC genetics 11:94.
Jost, L. 2008. GST and its relatives do not measure differentiation. Molecular Ecology
17:4015-4026.
Kalinowski, S. T., M. L. Taper, and T. C. Marshall. 2007. Revising how the computer
program CERVUS accommodates genotyping error increases success in paternity
assignment. Molecular Ecology 16:1099-1106.
Kearse, M., R. Moir, A. Wilson, S. Stones-Havas, M. Cheung, S. Sturrock, S. Buxton, A.
Cooper, S. Markowitz, and C. Duran. 2012. Geneious Basic: an integrated and
extendable desktop software platform for the organization and analysis of
sequence data. Bioinformatics 28:1647-1649.
Keyghobadi, N. 2007. The genetic implications of habitat fragmentation for animalsThis
review is one of a series dealing with some aspects of the impact of habitat
fragmentation on animals and plants. This series is one of several virtual
symposia focussing on ecological topics that will be published in the Journal from
time to time. Canadian Journal of Zoology 85:1049-1064.
Körner, C. 2007. The use of ‘altitude’ in ecological research. Trends in Ecology &
Evolution 22:569-574.
Lacy, R. C. 1987. Loss of Genetic Diversity from Managed Populations: Interacting
Effects of Drift, Mutation, Immigration, Selection, and Population Subdivision.
Conservation Biology 1:143-158.
Landguth, E. L., S. A. Cushman, M. K. Schwartz, K. S. McKelvey, M. Murphy, and G.
Luikart. 2010. Quantifying the lag time to detect barriers in landscape genetics.
Molecular Ecology 19:4179-4191.
Lanfear, R., B. Calcott, S. Y. Ho, and S. Guindon. 2012. PartitionFinder: combined
selection of partitioning schemes and substitution models for phylogenetic
analyses. Molecular Biology and Evolution 29:1695-1701.
Leberg, P. 2002. Estimating allelic richness: effects of sample size and bottlenecks.
Molecular Ecology 11:2445-2449.

125

Lemay, M., P. Henry, C. Lamb, K. Robson, and M. Russello. 2013. Novel genomic
resources for a climate change sensitive mammal: characterization of the
American pika transcriptome. BMC Genomics 14:311.
McGarigal, K., S. A. Cushman, M. C. Neel, and E. Ene. 2002. FRAGSTATS: Spatial
pattern analysis program for categorical maps. Computer software program
produced by the authors at the University of Massachusetts, Amherst, available at
the following web site:
http://www.umass.edu/landeco/research/fragstats/fragstats.html.
Millar, C. I., R. D. Westfall, and D. L. Delany. 2014. Thermal regimes and snowpack
relations of periglacial talus slopes, Sierra Nevada, California, U.S.A. Arctic,
Antarctic, and Alpine Research 46:483-504.
Millar, C. I., and R. D. Westfall. 2010. Distribution and climatic relationships of the
American pika (Ochotona princeps) in the Sierra Nevada and western Great
Basin, USA; periglacial landforms as refugia in warming climates. Arctic
Antarctic and Alpine Research 42:76-88.
Millar, C. I., R. D. Westfall, and D. L. Delany. 2013. New records of marginal locations
for American pika (Ochotona princeps) in the western Great Basin. Western
North American Naturalist 73:457-476.
Moritz, C. 1994. Defining ‘Evolutionarily Significant Units’ for conservation. Trends in
Ecology & Evolution 9:373-375.
Moritz, C. 2002. Strategies to Protect Biological Diversity and the Evolutionary
Processes That Sustain It. Systematic Biology 51:238-254.
Nichols, L. B. 2010. Fecal pellets of American pikas (Ochotona princeps) provide a
crude chronometer for dating patch occupancy. Western North American
Naturalist 70:500-507.
Ohsawa, T., and Y. Ide. 2008. Global patterns of genetic variation in plant species along
vertical and horizontal gradients on mountains. Global Ecology and Biogeography
17:152-163.
Paetkau, D., L. P. Waits, P. L. Clarkson, L. Craighead, E. Vyse, R. Ward, and C.
Strobeck. 1998. Variation in Genetic Diversity across the Range of North
American Brown Bears. Conservation Biology 12:418-429.
Pauls, S. U., C. Nowak, M. Bálint, and M. Pfenninger. 2013. The impact of global
climate change on genetic diversity within populations and species. Molecular
Ecology 22:925-946.
Peacock, M. M., and A. T. Smith. 1997. The effect of habitat fragmentation on dispersal
patterns, mating behavior, and genetic variation in a pika (Ochotona princeps)
metapopulation. Oecologia 112:524-533.
Petit, R. J., A. El Mousadik, and O. Pons. 1998. Identifying Populations for Conservation
on the Basis of Genetic Markers. Conservation Biology 12:844-855.
Pritchard, J. K., M. Stephens, and P. Donnelly. 2000. Inference of Population Structure
Using Multilocus Genotype Data. Genetics 155:945-959.
Raymond, M., and F. Rousset. 1995. GENEPOP (Version-1.2) - Poulation-genetics
software for exact tests and ecumenicism. Journal of Heredity 86:248-249.

126

Rodhouse, T. J., E. A. Beever, L. K. Garrett, K. M. Irvine, M. R. Jeffress, M. Munts, and
C. Ray. 2010. Distribution of American pikas in a low-elevation lava landscape:
conservation implications from the range periphery. Journal of Mammalogy
91:1287-1299.
Ronquist, F., M. Teslenko, P. van der Mark, D. L. Ayres, A. Darling, S. Höhna, B.
Larget, L. Liu, M. A. Suchard, and J. P. Huelsenbeck. 2012. MrBayes 3.2:
Efficient Bayesian Phylogenetic Inference and Model Choice Across a Large
Model Space. Systematic Biology 61:539-542.
Schwalm, D., C. W. Epps, T. J. Rodhouse, W. B. Monahan, J. A. Castillo, and C. Ray. in
review. Characterizing the American pika’s bioclimatic niche with habitat and
gene flow metrics indicates divergent future population trajectories. Global
Change Biology.
Slatkin, M. 1987. Gene Flow and the geographic structure of natural populations. Science
236:787-792.
Smith, A. T. 1974. Distribution and dispersal of pikas: influences of behavior and
climate. Ecology 55:1368-1376.
Smith, A. T., and M. L. Weston. 1990. Ochotona Princeps. Mammalian Species 352:1-8.
Somers, P. 1973. Dialects in southern Rocky Mountain pikas, Ochotona princeps
(Lagomorpha). Animal Behaviour 21:124-137.
Spear, S. F., and A. Storfer. 2008. Landscape genetic structure of coastal tailed frogs
(Ascaphus truei) in protected vs. managed forests. Molecular Ecology 17:46424656.
Stevens, D. L., and A. R. Olsen. 2004. Spatially balanced sampling of natural resources.
Journal of the American Statistical Association 99:262-278.
Stevens, V. M., C. Verkenne, S. Vandewoestijne, R. A. Wesselingh, and M. Baguette.
2006. Gene flow and functional connectivity in the natterjack toad. Molecular
Ecology 15:2333-2344.
Stewart, J. A. E., J. D. Perrine, L. B. Nichols, J. H. Thorne, C. I. Millar, K. E. Goehring,
C. P. Massing, and D. H. Wright. 2015. Revisiting the past to foretell the future:
summer temperature and habitat area predict pika extirpations in California.
Journal of Biogeography 42:880-890.
Team, R. C. 2014. R: A language and environment for statistical computing. R
Foundation for Statistical Computing, Vienna, Austria.
USFWS. 1996. Policy Regarding the Recognition of Distinct Vertebrate Population
Segments Under the Endangered Species Act. Pages 4721-4725, Federal Register.
USFWS. 2010. 12-month Finding on a Petition to List the American Pika as Threatened
or Endangered. Pages 6437-6471, Federal Register.
Valiere, N. 2002. GIMLET: a computer program for analysing genetic individual
identification data. Molecular Ecology Notes 2:377-379.
Van Vuren, D., and K. B. Armitage. 1994. Survival of dispersing and philopatric yellowbellied marmots: what is the cost of dispersal? Oikos:179-181.
Vane-Wright, R. I., C. J. Humphries, and P. H. Williams. 1991. What to protect?—
Systematics and the agony of choice. Biological Conservation 55:235-254.

127

Varner, J., and M. D. Dearing. 2014. Dietary plasticity in pikas as a strategy for atypical
resource landscapes. Journal of Mammalogy 95:72-81.
Waits, L. P., G. Luikart, and P. Taberlet. 2001. Estimating the probability of identity
among genotypes in natural populations: cautions and guidelines. Molecular
Ecology 10:249-256.
Wang, I. J. 2011. Choosing appropriate genetic markers and analytical methods for
testing landscape genetic hypotheses. Molecular Ecology 20:2480-2482.
Whitlock, M. C. 2011. and D do not replace FST. Molecular Ecology 20:1083-1091.
Winter, D. J. 2012. MMOD: an R library for the calculation of population differentiation
statistics. Molecular Ecology Resources 12:1158-1160.

TABLES

128

Table 3.1. Sample size, allelic richness adjusted for sample size (Ar), pika habitat substrate, elevation, and selected habitat and climate
variables for each study site. Rock landforms include 1) talus, 2) lava flow, 3) and inselbergs (isolated, rocky exposures). Elevation
metrics include mean elevation within the study site, mean elevation of pika habitat only, and mean site elevation adjusted to the
predicted minimum elevation for pikas (Residual Elevation). Negative values indicate elevations below the predicted minimum pika
elevation for that latitude and longitude.
Pika
Habitat
Elevation
(m)

Residual
Elevation

% Habitat
(PLAND)

Habitat
Area†
(CA, Ha)

Annual Mean
Temp.*
(BIO1MN, °C)

Annual
Precipitation*
(BIO12MN,
mm)

Study Site

Subspecies

Sample
Size

Ar

Rock
Landforms

Site
Elevation
(m)

CRLA

fenisex

122

3.66

1

1792

2068

259.7

2.0

805500

6.9

1109.5

CRMO

princeps

60

4.08

2

1723

1697

-498.9

75.5

1182900

5.5

333.9

GRTE

princeps

194

5.30

1

2427

2925

5.1

14.9

1574300

2.7

873.1

ROMO N

princeps

66

5.43

1

3336

3540

305.2

14.6

2326900

3.0

623.8

SCNF

princeps

9

6.59

1

2859

3160

700.0

29.4

1751900

3.2

549.3

YELL

princeps

26

5.82

1

2387

2604

22.6

1.3

2211500

1.5

832.2

GRSA

saxatilis

54

5.41

1

3157

3421

-38.6

6.0

1757200

5.3

444.7

ROMO S

saxatilis

155

5.74

1

3277

3540

234.5

18.8

2413400

3.3

636.3

HMAR

schisticeps

45

2.52

1,3

1697

1849

-59.0

1.9

53100

7.5

304.9

LABE

schisticeps

51

4.31

2

1413

1444

-236.5

10.0

270600

8.1

502.1

LAVO

schisticeps

125

4.48

1,2

1948

2096

218.3

6.1

264300

9.1

1058.0

SHWR

schisticeps

54

3.23

1,3

1869

1916

42.7

3.1

0

6.8

279.6

YOSE

schisticeps

82

5.30

1

2692

3164

652.1

11.9

1920300

5.9

1001.7

†Calculated within a 150 km radius of the centroid of genetic samples. *Calculated within a 50 km radius of the centroid of genetic
samples.
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Table 3.2: Partitioning scheme and nucleotide substitution models used in Bayesian (MrBayes) phylogenetic analysis of two genes.
Partition

Substitution Model

CytB codon position 1

GTR + I

CytB codon position 2

HKY + I

CytB codon position 3

GTR + I + Γ

D-loop

HKY + I + Γ
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Table 3.3. Pairwise population D (Jost 2008, above diagonal) and F ST (below diagonal) between 13 study sites across the western US
for American pikas. Shaded cells indicate comparisons within major genetic lineages.

SCNF

SCNF
-

CRLA

CRMO

GRSA

GRTE

HMAR

LABE

LAVO

ROMO N

ROMO S

SHWR

YELL

YOSE

CRLA

0.33

0.61
-

0.25

CRMO

0.14

0.37

0.70
-

0.52

0.44

0.85

0.75

0.74

0.45

0.61

0.82

0.38

0.70

0.68

0.52

0.88

0.79

0.81

0.52

0.60

0.82

0.48

0.77

GRSA

0.18

0.31

0.26

0.66
-

0.64

0.89

0.81

0.79

0.63

0.63

0.86

0.59

0.77

GRTE

0.17

0.25

0.26

0.21

0.63
-

0.87

0.69

0.70

0.56

0.38

0.82

0.56

0.66

HMAR

0.49

0.50

0.48

0.40

0.38

0.83
-

0.64

LABE

0.29

0.38

0.34

0.24

0.24

0.37

0.62
-

0.67

0.33

0.62

0.78

0.24

0.68

0.46

0.77

0.85

0.09

0.85

0.57

0.31
-

0.70

0.71

0.55

0.66

0.39

LAVO

0.28

0.37

0.33

0.25

0.25

0.28

0.15

0.65

0.39

0.69

0.34

0.75

0.27

0.71

0.51

0.70
0.51

0.74
-

ROMO N

0.18

0.27

0.27

0.19

0.13

0.39

0.26

0.27

ROMO S

0.20

0.26

0.24

0.12

0.20

0.37

0.24

0.23

0.16

0.48

SHWR

0.40

0.44

0.42

0.34

0.33

0.10

0.29

0.22

0.34

0.31

0.80
-

YELL

0.13

0.25

0.24

0.17

0.09

0.42

0.23

0.24

0.10

0.16

0.34

0.79
-

YOSE

0.23

0.33

0.29

0.20

0.22

0.30

0.15

0.14

0.23

0.21

0.24

0.20

-

0.67
-
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Table 3.4. Top performing models for each category of variables. Total habitat area at the regional scale and mean annual precipitation
best predicted allelic richness (Ar). R2 value, F-statistic, and p value for the regression models, as well as Δ AICc are given for each
model.
Category

Coarse-scale habitat

Precipitation*
Elevation

Temperature

Model

R2

F-statistic

p value

Δ AICc

Total area (CA, 150 km)

0.71

26.78

0.00

0.00

GYRATE (50km)

0.49

10.67

0.01

7.22

Patch area (AREA, 50 km)

0.30

4.73

0.05

11.39

CLUMPY (100 km)

0.50

11.06

0.01

6.99

Annual precipitation (BIO12)

0.77

16.34

0.00

1.51

Elevation (all area)

0.58

15.47

0.00

4.62

Elevation (pika habitat)

0.60

16.49

0.00

4.14

Annual temp (BIO1)

0.53

12.21

0.01

6.33

Warmest quarter temp (BIO10)

0.55

13.68

0.00

5.54

Coldest quarted temp (BIO11)

0.42

8.07

0.02

8.88

NDVI

Growing season productivity (TIN)

0.42

7.88

0.02

9.01

Fine-scale habitat

CLUMPY

0.42

7.93

0.02

8.98

BIO12 + CA

0.83

14.68

0.00

2.89

BIO12 + BIO1

0.79

11.46

0.00

5.50

BIO12 + BIO10

0.78

10.62

0.00

6.28

Multivariate**

F statistics and p values reflect [1,11] degrees of freedom, unless otherwise noted by *[2,10] or **[3,9].
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Table 3.5. Model comparisons for coarse habitat area (CA) and within-site % habitat (PLAND), for datasets including all study sites,
as well as two reduced datasets. PLAND is a significant predictor of Ar, and CA + PLAND is the top performing model when CRMO
is removed.
Dataset
All

no CRMO

no CRMO or YELL

Model
CA
CA + PLAND
PLAND
CA + PLAND
CA
PLAND
CA + PLAND
CA
PLAND

R2
0.71
0.71
0.01
0.83
0.72
0.49
0.87
0.74
0.70

F-statistic
26.78
12.21
0.16
21.22
26.07
9.52
25.88
25.34
21.19

p value
0.00
0.00
0.69
0.00
0.00
0.01
0.00
0.00
0.00

Δ AICc
0.00
4.30
15.85
0.00
0.81
8.18
0.00
2.15
3.57

df
1,11
2,10
1,11
2,9
1,10
1,10
2,8
1,9
1,9
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FIGURES

Figure 3.1. Map showing study sites (black circles), major mitochondrial lineages (black
outlines) reproduced from Galbreath et al. 2010, and the predicted distribution of
American pikas (gray shading) reproduced from Hafner and Sullivan 1995. Numbers
refer to localities from Galbreath et al. 2009 (see Appendix 16) and are consistent with
number in parentheses in Figure 3.3. Letters refer to sites for this study as follows: A)
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Craters of the Moon National Monument, B) Salmon-Challis National Forest, C) Grand
Teton National Park, D) Rocky Mountain National Park north, E) Yellowstone National
Park, F) Rocky Mountain National Park south, G) Great Sand Dunes National Preserve,
H) Hart Mountain National Antelope Refuge, I) Lava Beds National Monument, J)
Lassen Volcanic National Park, K) Sheldon National Wildlife Refuge, L) Yosemite
National Park, and M) Crater Lake National Park.
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Figure 3.2. Population genetic structure within Rocky Mountain National Park.
Individuals are shown as bar plots representing probability of assignment (q values) from
the STRUCTURE analysis for K = 2. Individuals cluster geographically as a northern and
southern population, separated by Mt. Chapin and the Colorado River. Concentric, black
squares and circles indicate the placement of sequenced individuals into the northern and
southern mtDNA lineages, respectively. Red shading indicates pika habitat. Inset Figure
3.shows ΔK values, indicating support for K = 2.
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Figure 3.3. Maximum clade credibility phylogeny for Ochotona princeps. Numbers
within the phylogeny are Bayesian posterior probabilities for the major clades. Samples
from ROMO appear in both the northern and southern Rocky Mountain lineages (black
arrows). Numbers and letters in parentheses refer to Figure 3.1 and are listed in Appendix
16.

139

Figure 3.4. Population differentiation (FST/(1- FST)), and geographic distance between
study sites. Shaded grey symbols represent within-lineage comparisons and open circles
represent between-lineage comparisons. The black circle is ROMO N and ROMO S.
Letters refer to sites, shown in Figure 3.1. All shaded squares above the dashed line are
comparisons between “mainland” Sierra Nevada sites and Great Basin sites. Likewise, all
shaded circles above the dashed line are comparisons between CRMO (A) and northern
Rocky Mountain (O. p. princeps) study sites, excluding SCNF (B). Shaded symbols
above the line represent greater differentiation than other within- lineage comparisons of
similar geographic distance.
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Figure 3.5. Discriminate analysis of the first five principal components (DAPC) among
individual genotypes. The Sierra Nevada (blues) and southern Rocky Mountain (greens)
lineages form relatively discrete clusters, while the northern Rocky Mountain (reds) and
Cascade (gold) lineages group together. Inset is a plot of the 1 st (x-axis) and 2nd (y-axis)
principal components (PC). The Rocky Mountain and Cascade lineages align along the
2nd PC axis, while the Sierra Nevada separates along the 1 st PC axis. HMAR and SHWR
are clearly distinct (black arrows).
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Figure 3.6. Relationship between allelic richness (Ar) and mean annual precipitation at
the 50 km scale. Ar is highest at moderate levels of precipitation.
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Figure 3.7. Plot of mean allelic richness (z axis), mean temperature of the warmest
quarter (x axis), and annual mean precipitation (y axis). Sites with cooler temperatures
during the warmest quarter and moderate precipitation have higher Ar. Warmer colored
circles indicate higher Ar.

143

Figure 3.8. Plot of mean allelic richness (z axis), % habitat within site (x axis), and coarse-scale habitat area (y axis). After removing
CRMO and YELL, allelic richness (Ar, z axis) was strongly predicted by percent habitat within site (PLAND, x axis) and habitat area
within a 150 km radius (CA, y axis). Point colors reflect Ar (cool colors, low to warm colors, high). Figures show the effects of
removing CRMO (8A) and both CRMO and YELL (8B).
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ABSTRACT
Many studies have documented changes in distributions of plant and animal
species as a result of recent climate change. Few, however, have investigated associated
changes in genetic diversity and population structure. Genetic diversity provides the basis
for evolutionary change, while gene flow contributes to patterns of genetic diversity
spatially and temporally. We compared genetic diversity and structure within two
populations of a climate sensitive species, the American pika (Ochotona princeps), using
datasets from modern and historic sampling periods separated by approximately a
century. We found no significant changes in genetic diversity within either Yosemite
National Park, or Lassen Volcanic National Park. We did observe some evidence that
genetic differentiation has increased in some areas, suggesting that while habitat patch
suitability may remain suitable, landscape permeability and therefore gene flow may have
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decreased. This study contributes important insight into shifting population structure,
serves as an important baseline for future genetic monitoring of these populations, and
provides a basis for comparison with similar studies in other parts of the species’ range.

INTRODUCTION
Rapid, contemporary climate change is one of the single greatest conservation
challenges of our time (Thuiller 2007, Barnard and Thuiller 2008). Recent climate change
already has caused significant shifts in distribution for many species (Parmesan and Yohe
2003) and even more are predicted to occur in the coming century (Guisan and Thuiller
2005, Dawson et al. 2011). Observed changes in distribution are typically based on
resurveys of historical localities (e.g., Tingley et al. 2009, Rowe et al. 2015), whereas
future species distribution models (SDMs) are based on species associations in the
present (e.g., Thuiller 2004), or, less frequently, a combination of past and present data,
including historic (e.g., Stewart et al. 2015) or prehistoric associations (e.g., Galbreath et
al. 2009). While predicting future species distributions is critical for making informed
conservation decisions, it is also necessary to study the effects of climate change on
genetic diversity within populations and species in order to fully comprehend the longterm evolutionary consequences of climate change (Pauls et al. 2013). This area of
research has, until recently, been relatively neglected (Pauls et al. 2013).
Climate change may disproportionately impact montane species (La Sorte and
Jetz 2010), which are predicted to experience range reductions as the lower elevation
limits of their distribution contract upward in elevation with increasing temperature
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(Moritz et al. 2008, La Sorte and Jetz 2010). Range contractions may lead to a variety of
species-specific and locality-specific effects on vulnerability. If, for example,
significantly less land area exists at higher elevations, as in diamond or pyramid shaped
mountains (sensu Elsen and Tingley 2015), contractions upward may lead to loss of
habitat area in conjunction with loss of connectivity among mountain tops. In contrast, if
land area is high at higher elevations, as in hourglass or inverse pyramid shaped
mountains (sensu Elsen and Tingley 2015), there may be loss of habitat area, but the
persisting habitat may remain relatively well connected. Alternately, instead of a
significant shift upward in the lower elevational range limit, habitat quality and landscape
permeability may erode generally. The threshold at which loss of connectivity is
predicted to occur depends on the dispersal ability of a particular species (Opdam and
Wascher 2004), therefore, the effects of a range contraction, reduction in habitat quality,
and or decrease in connectivity may vary depending on whether we consider population,
mountain range, or species range-scale processes. Furthermore, the effects on genetic
diversity and genetic structure will be different among these scenarios and at different
spatial scales.
Genetic diversity is critical for long term population persistence because of the
contribution to individual fitness and evolutionary potential (Frankham 2005, Hughes et
al. 2008). Population connectivity, particularly in species with naturally fragmented
distributions, contributes to maintenance of genetic diversity through increasing effective
population size (Slatkin 1987). The important of incorporating genetic metrics in
vulnerability assessments, predictions, and management plans is well recognized (Fraser
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and Bernatchez 2001, Hughes et al. 2008), but few studies have empirically evaluated the
effects of climate, and climate change in particular, on genetic diversity (Pauls et al.
2013). Genetic metrics from studies of contemporary populations can be used to improve
predictions of vulnerability to climate change based on possible future scenarios.
However, in order to empirically test hypotheses about genetic changes as a result of
contemporary, or past climate change, genetic time series are needed (Habel et al. 2014).
Museum specimens, particularly those collected before the period of accelerated,
contemporary climate change, provide an opportunity to develop such genetic time series
and test hypotheses about climate- induced changes. Museum collections are
indispensable in conservation research and becoming even more effective as technologies
enable us to gather more sophisticated data from specimens (Wandeler et al. 2007, Pyke
and Ehrlich 2010). This is particularly true in the context of rapid, contemporary climate
change where collections have recently been used to track shifts in species distributions
(e.g., Moritz et al. 2008, Tingley et al. 2009, Rubidge et al. 2011, Morelli et al. 2012,
Rowe et al. 2015), morphological changes (e.g., Gardner et al. 2009, Eastman et al.
2012), and increasingly genetic changes (e.g., Farrington and Petren 2011, Rubidge et al.
2012, Bi et al. 2013). Much of the focus of climate change research in ecology has been
on predicting future species distributions (Parmesan and Yohe 2003), with relatively little
devoted to predicting future genetic structure and diversity (Kramer et al. 2010, Pauls et
al. 2013). Time series that utilize historic museum specimens are particularly powerful
for empirical assessment of the effects of environmental change on genetic structure of
populations, as compared to studies with only a single temporal sample, and can therefore

148

improve evaluation and prediction of population vulnerability to further change (Habel et
al. 2014).
In this study we quantify genetic diversity and structure within two populations of
American pikas (Ochotona princeps) at two sampling periods separated by approximately
a century. American pikas are a model species for climate change research primarily
because documented extirpations or upslope range contractions of historically occupied
sites (Beever et al. 2003) may be a harbinger of more widespread declines for pikas as
well as other montane species. Most of the recorded local extinctions for pikas have
occurred within the Great Basin ecoregion (Beever et al. 2011). Resurveys of historic
localities from the beginning of the 20 th century within the Sierra Nevada and Cascade
ranges of California documented elevational range shifts for a number of species,
including pika; however, observed local extirpations in pika were minimal and or nonsignificant (Moritz et al. 2008, Rowe et al. 2015). Similar studies across California
suggest climate- mediated extirpations in some areas and relative stability in others
(Stewart and Wright 2012, Stewart et al. 2015). Furthermore, research throughout the
species range suggests that factors contributing to pika occupancy are complex and vary
from region to region (Jeffress et al. 2013, Schwalm et al. in review). Recent studies
highlight the role of functional connectivity in long-term persistence of pika
metapoulations (Millar et al. 2013, Smith and Nagy 2015, Castillo et al. CH 2, Schwalm
et al. in review). Moreover, increasing summer temperatures may erode functional
connectivity through increasing resistance to dispersal (Smith 1974, Castillo et al. 2014,
Smith and Nagy 2015, Castillo et al. CH 2) prior to and potentially contributing to loss of
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occupancy. We compared genetic diversity and population structure between two
sampling periods in Lassen Volcanic National Park (LAVO) and Yosemite National Park
(YOSE). Within both these parks, occupancy over the past century appears stable, with
some loss of sites in peripheral and/or low elevation habitat in LAVO (Rowe et al. 2015,
Stewart et al. 2015). Stewart et al. (2015) predicted significant to near complete loss of
site occupancy within LAVO by 2070 (but see Schwalm et al. in review), but minimal to
moderate loss within YOSE based on a combination of observed changes in occupancy
over the past century and future climate projections.
We test hypotheses about climate-related changes to patch suitability and
population connectivity within these two populations that may be detectable through
genetic means, but not necessarily through patch occupancy at this time. Furthermore, we
ask whether observed patterns of genetic diversity and structure over the past century are
consistent with predictions for future population trajectories. If climate change is
impacting pika populations, then those impacts should be reflected in patch occupancy,
genetic diversity, and genetic structure; however, these metrics are likely to respond at
different rates (Keyghobadi et al. 2005). Genetic differentiation among subpopulations is
expected to be more strongly correlated with contemporary connectivity, whereas there is
a greater time lag between changes in landscape structure and genetic diversity
(Keyghobadi et al. 2005). Moreover, in American pikas we expect connectivity to erode
more quickly than occupancy because pikas are exposed to more extreme temperatures
and predators when dispersing than while within rocky microhabitats which provide
thermal buffering and cover (Castillo et al. CH 2). We predicted 1) little change in
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genetic diversity within either site because occupancy has not decreased significantly and
genetic diversity is slower to respond to changes in connectivity; and 2) evidence of
increased genetic structure and differentiation among subpopulations, particularly in
LAVO where extirpation of peripheral habitat patches suggests some loss of connectivity
has occurred.

METHODS
Study Species
American pikas are small (120-180 g) lagomorphs restricted to rocky habitats in
western North America (Smith and Weston 1990). These habitats, which include a
variety of substrates such as talus, lava, and anthropogenic rock piles, provide thermal
refugia which enable pikas to behaviorally thermoregulate (Macarthur and Wang 1974,
Smith 1974, Smith and Weston 1990). Unlike alpine rodents, pikas do not hibernate
during the winter. Adaptations to cold alpine climates, such as low thermal conductance
and high resting metabolic rate, help avoid hypothermia while active in winter, but make
pikas more sensitive to high summer temperatures (MacArthur and Wang 1973). Pikas
are diet generalists and feed on a variety of plant species throughout their range (Huntly
et al. 1986, Smith and Weston 1990, Varner and Dearing 2014). Additionally, American
pikas represent one of the best characterized mammalian metapopulation systems (e.g.,
Peacock and Smith 1997, Smith et al. 1997, Moilanen et al. 1998, Smith and Nagy 2015).
American pikas were petitioned to be listed under the Endangered Species Act in
2007(Wolf et al. 2007), but the United States Fish and Wildlife Service denied the
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petition citing lack of scientific evidence that the species will go extinct throughout a
significant portion of its range (USFWS 2010).
Study Sites
Our two study sites are Lassen Volcanic National Park (LAVO) and Yosemite
National Park (YOSE) in California (Figure 4.1). Our LAVO site, also includes a small
area outside the national park boundary (Figure 4.4). Geographically, LAVO is in the
southern-most extent of the Cascade Range. However, phylogenetically, the pikas within
both LAVO and YOSE belong to the Sierra Nevada lineage, O. p. schisticeps (Galbreath
et al. 2010, Hafner and Smith 2010). The geology within LAVO was shaped by a
combination of volcanic and glacial events, resulting in a variety of substrates that form
pika microhabitat, including: glacial moraines, lava flows, cinder cones, fractured domes,
and talus (Turrin et al. 1998, Clynne and Muffler 2010). In contrast, pika habitat within
YOSE is almost exclusively talus and moraines created by glacial processes acting on
granitic rock (Matthes 1930). YOSE is located within the central region of the Sierra
Nevada range.
LAVO is lower in elevation (Figure 4.2), warmer, and has higher precipitation
(Figure 4.3) than YOSE. We obtained elevation data from the USGS National Elevation
Dataset (Gesch 2007). We quantified mean elevation within each site for all area as well
as only areas identified as pika habitat. We also quantified mean residual elevation for
both all area and habitat only. Residual elevation is the observed elevation minus the
minimum predicted elevation for pika occurrence, adjusted for latitude and longitude
(Hafner 1993). We quantified contemporary (interpolations of observed data,

152

representative of 1950-2000) temperature and precipitation from the WorldClim Global
Climate Data (Hijmans et al. 2005) as the mean value within a 50 km radius area around
the centroid of our genetic sample. We similarly calculated temperature change as the
difference in contemporary and historic 1915 mean annual temperature, obtained from
the PRISM Climate Group (http://prism.oregonstate.edu). According to these data, mean
annual temperature increased approximately 1°C in LAVO and 1.5°C in YOSE over the
two time periods. Previous research reported an increase in minimum temperature of
3.7°C within the central Sierra Nevada (Millar et al. 2004) to 3.9°C, with little or no
increase in maximum temperatures within YOSE (Moritz et al. 2008) over the 20th
century. Precipitation has also increased in both the central Sierra Nevada (Millar et al.
2004) and LAVO region (Tingley et al. 2009). We assume insignificant land-use change
and no change in the amount of pika habitat over the past century (Stewart et al. 2015).
While the amount and configuration of rocky substrates is likely unchanged, other biotic
changes that may impact pikas include shifting plant communities such as through
invasion of meadows by conifers (Millar et al. 2004), as well as range shifts of other
mammalian species (Moritz et al. 2008).
Genetic Sample Collection, DNA Extraction, and Genotyping
All historic samples were from specimens collected in surveys of LAVO and
YOSE by the Museum of Vertebrate Zoology (MVZ) of the University of California
nearly a century ago. Specimens from LAVO were originally collected between 1923 and
1928 (Appendix 21). Specimens from YOSE were originally collected in 1915 (Appendix
21). We extracted DNA from an approximately 3x3 mm piece of skin removed from the
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ventral lip of each study skin. We sterilized forceps and scissors in a 10% bleach solution
followed by an alcohol rinse and flame sterilization in between each sample. The rest of
the DNA extraction process took place in an isolated laboratory at the MVZ dedicated to
ancient and historic DNA research, with no prior exposure to Ochotona DNA. Skin
samples were placed in 1.5 mL microcentrifuge tubes with 1 mL 95% EtOH, which was
replaced every three to eight hours for 24 hours to remove dirt and other contaminants
from the skin. We then followed a standard protocol for the Qiagen DNeasy Blood and
Tissue extraction kit with minor modifications for historic tissue samples, including
warming the Buffer AE to 70°C (Mullen et al. 2008, Rubidge et al. 2012). We included a
negative control with each batch of extractions by following the extraction protocol, but
omitting the tissue sample (i.e., placing sterilized forceps into extraction tubes with
buffer, etc.). Once we completed the extraction process, we genotyped individuals using
the same protocol as for our fecal DNA samples (see below), with the exception that we
included negative extraction controls in the initial polymerase chain reactions (PCR).
Our modern genetic samples included tissue samples from modern museum
specimens collected as part of the MVZ’s Grinnell Resurvey Project. Specimens from
LAVO (n = 2) and YOSE (n = 14) were collected in 2006-2007 and 2004-2007,
respectively (Appendix 21). We extracted DNA from modern tissue samples using a
Qiagen DNeasy Blood and Tissue kit, according to the manufacturers specifications.
However, the majority of the modern genetic samples were from fecal pellets collected
between 2010 and 2014. We extracted DNA from fecal samples using a modified
AquaGenomic (MultiTarget Pharmaceuticals LLC) protocol (Castillo et al. 2014).
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We generated multilocus microsatellite genotypes for our modern fecal samples
as part of a previously published study (Castillo et al. CH 2). We genotyped historic and
modern tissue samples at 24 microsatellite loci previously determined to be polymorphic
within O. p. schisticeps (Castillo et al. CH 2). We performed multiplexed PCRs using the
Qiagen Multiplex PCR kit, according to the manufacturer specifications, with four panels
of five to seven loci each (Castillo et al. 2014). We visualized PCR products using an
ABI 3730 capillary sequencer (Applied Biosystems) and GS500 Liz size standard
(Applied Biosystems), then scored genotypes using GENEMAPPER V4.1 (Applied
Biosystems). Initially, we genotyped three replicate PCRs for each sample and panel,
with a single replicate for both positive and negative controls in each PCR. Each allele
was considered confirmed if it was typed at least twice in independent amplifications. If
an allele was seen only once during the initial three replicates, we repeated PCR up to a
total of seven times to construct consensus genotypes. If a genotype could not be
confirmed after seven replicate PCRs, that locus was removed for that individual.
Likewise, we considered samples with more than two confirmed microsatellite peaks at
any locus contaminated and removed them from further analysis. We screened for
duplicate individuals first by using CERVUS 3.0 (Kalinowski et al. 2007) to identify
matching genotypes, allowing fuzzy matching with up to 6 mismatching loci. We then
used GIMLET (Valiere 2002) to calculate the probability of identity for a full-sibling
relationship (P(ID)sib ) (Waits et al. 2001) for each of the matching genotypes identified in
CERVUS. We identified duplicate individuals if P(ID)sib < 10-3 (Epps et al. 2005) and
removed all but one genotype for each of the sets of duplicates. We tested for linkage
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disequilibrium and significant deviations from expected Hardy–Weinberg genotype
frequencies using GENEPOP (Raymond and Rousset 1995). We checked for null alleles
and genotyping error using MICRO- CHECKER (Van Oosterhout et al. 2004).
Genetic Diversity
We compared genetic diversity between sample periods for each park (hereafter
referred to as populations), as well as for specific localities within each park (hereafter
referred to as sub-populations) where ≥5 individuals were genotyped for each sampling
period. We quantified genetic diversity as allelic richness (Ar) and gene diversity (Hs) for
each of our populations and subpopulations using the “hierfstat” package in R (Goudet
2005). Ar is strongly influenced by effective population size (N e) and is considered a
particularly important metric in conservation genetics (Petit et al. 1998). Hs reflects a
population’s potential to quickly respond to selection immediately following reductions
in N e, whereas Ar better reflects the long-term potential to recover from perturbations and
respond to selection (Allendorf 1986). In order to compare Ar across sampling localities
and sampling periods, we calculated rarefied estimates based on the minimum number of
samples for populations and then subpopulations (Leberg 2002). Ar estimates can be
directly compared among populations, as well as regardless of sampling period.
However, direct comparisons between populations and subpopulations are not
appropriate. We assessed whether there were changes in these metrics from historic to
modern sampling periods using a paired t-test.
Genetic Structure
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We investigated changes in genetic structure by performing three separate
Bayesian clustering analyses for each park in program STRUCTURE (Pritchard et al. 2000):
historic only, modern only, and historic plus modern. We ran 10 replicates for each
number of populations (K = 1 to 10 ), with 100,000 MCMC replicates each of burnin and
run steps. We used general sampling localities within the parks, identified by gaps ≥ 2 km
between samples and geographic features such as canyons, as location prior information
in the admixture model, as well as correlated allele frequencies among populations as run
parameters. We analyzed the model output using STRUCTURE HARVESTER (Earl and
vonHoldt 2012) according to the ΔK method proposed by Evanno et al. (2005). We then
used program CLUMPP (Jakobsson and Rosenberg 2007) to determine the optimal
assignment of individuals across the ten runs for the best supported value of K. Finally,
we visualized the output from CLUMPP spatially using ArcMap 10.0 (ESRI, Redlands,
California). We also investigated whether levels of population differentiation among
subpopulations have changed between sampling periods by assessing pairwise FST as
well as with a principal components analysis (PCA). Principal components analysis has
the benefit of not relying on assumptions of Hardy-Weinberg proportions as FST does
(Jombart et al. 2010, Jakobsson et al. 2013).

RESULTS
Genetic Sample Collection, DNA Extraction, and Genotyping
After removing individuals that failed to amplify consistently, our final dataset
contained 25 and 43 historic samples from LAVO (LAVO H, hereafter) and YOSE
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(YOSE H, hereafter), respectively (Figure 4.4, Figure 4.5, Table 4.1). Our modern dataset
contained 132 and 82 individuals from LAVO (LAVO M, hereafter) and YOSE (YOSE
M, hereafter), respectively (Figure 4.4, Figure 4.5, Table 4.1). We removed 5 loci that
failed to amplify consistently, for a total of 19 loci (Appendix 22). When analyzed as four
separate populations (historic and modern separate, for each park), a number of loci
showed evidence of homozygote excess. However, when each of the four populations
were broken into subpopulations by geographic region, none of the loci consistently
showed signs of being significantly out of Hardy Weinberg proportions. Therefore, the
observed homozygote excess at the population level was most likely the result of
population structure rather than presence of null alleles or other genotyping errors.
We identified five sub-populations based on sampling localities. Two sampling
localities within LAVO had ≥ 5 individuals in both sampling periods: Warner Creek and
Butte Lake (Table 4.1). Three sampling localities within YOSE had ≥ 5 individuals in
both sampling periods: Ten Lakes, Vogelsang Lake, and Lyell Canyon (Table 4.1).
Genetic Diversity
LAVO had significantly lower estimates of genetic diversity at both Ar and Hs
and for each time period than YOSE (Table 4.1). In both parks, we observed an increase
in genetic diversity between the historic and modern sampling periods (Tables 1 and 2),
however this difference was only significant for Ar within LAVO (Table 4.2). Of the five
sub-populations, two localities showed a slight but non-significant decrease in Ar, two
showed little change, and one showed significant increase in Ar (Table 4.2). Out of 19
loci, 5 – 11 showed a decrease in genetic diversity for both Ar and Hs (Table 4.2). There
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were no significant changes in Hs between the two sampling periods for any locality
(Table 4.2).
Genetic Structure
All six structure analyses resulted in K = 2 for each site, with populations
assorting geographically even across time periods. Within LAVO, individual assignment
to populations was predominantly divided between the east and west regions of the park
(Figure 4.4). This structure is maintained across all three analyses (Figure 4.4). Pairwise
FST increased between the two sampling periods and differentiation was greater between
the two sampling periods for Butte Lake than Warner Creek (Figure 4.6A). Likewise,
PCA revealed greater distance between modern samples than historic samples (Figure
4.7A).
The structure analysis in YOSE revealed that populations in the central-west
portion of the park (Ten Lakes, May Lake, and Tenaya Lake) form a genetic cluster
separate from the rest of the park (Figure 4.5A). Analysis of the historic samples only
showed support for two populations, with the central-west cluster assignment (yellow
bars in Figure 4.5) mainly present in a few individuals at Ten Lakes (Figure 4.5B). In the
modern-only analysis, the central-west cluster assignment is predominant in Ten Lakes,
May Lake, and Tenaya Lake (Figure 4.5C). Furthermore, the more admixed individuals
in the analysis with the combined sampling periods are historic samples (Figure 4.5A).
Overall, pairwise FST estimates among subpopulations were lower within YOSE
than LAVO (Figure 4.6), possibly the result of higher genetic diversity within YOSE
(Jakobsson et al. 2013). FST was greater between Ten Lakes modern and historic samples

159

than either Vogelsang Lake or Lyell Canyon, and was comparable to between-site FST for
modern Vogelsang Lake and Ten Lakes (Figure 4.6B). This result supports the findings
of the structure analysis suggesting that Ten Lakes has become more differentiated (i.e.,
shifted from blue to yellow in Figure 4.5). Furthermore the PCA shows high similarity
among Vogelsang Lake and Lyell Canyon, with differences in Ten Lakes increasing
between sampling periods (Figure 4.7B).

DISCUSSION
We observed minimal change in genetic diversity and some evidence for an
increase in genetic structure over the past century in both YOSE and LAVO. The time lag
for detecting genetic consequences of increased patch isolation is greater for genetic
diversity metrics (e.g., Ar and Hs) than measures of subpopulation divergence
(Keyghobadi et al. 2005). The observed lack of change in genetic diversity may reflect
demographic stability, consistent with resurveys of historic localities within LAVO and
YOSE reported by other studies (Stewart et al. 2015, Rowe et al. 2015), as well as a time
lag. Our results suggest the impacts of environmental change over the past century are
only now starting to be felt and that functional connectivity may erode more quickly than
occupancy for pikas, likely due to the microclimatic refugia created by their specialized
rocky habitat. The slight changes in genetic structure we observed suggest a reduction in
functional connectivity and may forecast further erosion of population connectivity.
We observed a slight increase in Ar in LAVO when treated as a single population
(Table 4.2), however this may be due to more sampling localities within the modern
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samples as compared to historic specimens, rather than an actual increase (Figure 4.4).
There was no significant change in either Ar or Hs in either of the LAVO subpopulations.
Likewise, modern population structure largely resembles historic structure, with
assignment to genetic clusters signifying some isolation between east and west regions of
the park (Figure 4.4). However, population differentiation has increased slightly (Figures
6 and 7). Two historic sampling localities within LAVO that were unoccupied during
modern surveys (Stewart et al. 2015) are relatively small patches on the periphery,
outside the park boundary to the southwest (Figure 4.4 A and B). Our results indicate that
extirpation at these two sites has not had a detectable impact on genetic diversity or
structure within LAVO. Network models of patch connectivity, based on a combination
of resistance distance and geographic distance between habitat patches, identified one of
the now extirpated sites (Battle Creek) as completely isolated and the other (Bluff Falls in
Stewart et al. 2015, 2 mi W Black Butte on Mt. Lassen Rd. in Appendix 21) as having
relatively little contribution to overall network connectivity (Castillo et al. CH 2). Battle
Creek is also the lowest in elevation (< 1500 m). This supports the hypothesis that they
were peripheral to the core habitat area and therefore gene flow among these sites
contributed little to overall genetic makeup of the population. Alternately, it is possible
that extirpations within LAVO have occurred in the very recent past and there has not
been sufficient time passed to detect the genetic consequences.
There was no detectable change in genetic diversity within YOSE, with the
exception of a slight and marginally significant increase in Ar within the Vogelsang Lake
sub-population (Table 4.2). We were unable to sample at the precise locality where the
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historic samples were collected, so this slight difference may reflect sampling differences
rather than actual genetic change. We did observe a shift in genetic structure within
YOSE such that the Ten Lakes sub-population appears more genetically isolated from the
rest of the population than it did a century ago. Previous research in other study areas
demonstrated that in general, extreme topography and exposure to high temperatures
limit dispersal for American pikas, while habitat configuration influences habitat patch
connectivity (Castillo et al. 2014, Castillo et al. CH 2). Furthermore, within Grand Teton
and Great Sand Dunes National Parks, we found that pika movement was impeded by
areas with bare rock along the tops and ridges of mountains (Castillo et al. CH 2). Ten
Lakes is geographically isolated by the Grand Canyon of the Tuolumne River directly to
the north and it is likely that a combination of complex topography, sparse pika habitat,
and expanses of south-west facing bare rock isolate the Ten Lakes, May Lake, and
Tenaya Lake area to the south (Figure 4.5). Increasing temperatures may have
exacerbated pre-existing isolation by further impeding dispersal, thereby facilitating
genetic drift; or gene flow may have always been negligible among these sites and we are
simply observing the impact of a century of drift on naturally small, isolated subpopulations.
A similar study in YOSE utilizing the same museum collections from the historic
surveys and contemporary resurveys, with another alpine species the alpine chipmunk
(Tamias alpinus), found a loss of genetic diversity and increased genetic subdivision as a
result of an elevational range retraction upslope (Rubidge et al. 2012). This genetic shift
was not seen in the closely related, more generalist species, Tamias speciosus, which
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remained stable (Rubidge et al. 2012). A subsequent study utilizing genomic data, as
compared to microsatellites in the Rubidge et al. study, showed a similar increase in
genetic subdivision, but no change in genetic diversity within the alpine chipmunk (Bi et
al. 2013), similar to our findings for pikas. Both studies concluded that the increased
genetic structure was likely the consequence of reduced gene flow due to a climate
change-induced range contraction (Rubidge et al. 2012, Bi et al. 2013). Given the
observed range contraction in T. alpinus and greater time lag for genetic diversity to be
affected, it is also possible that the impact on genetic diversity cannot yet be detected.
Similar increases in genetic structure in pikas within YOSE may be the result of a
reduction in landscape permeability and could be a forecast of distribution changes yet to
come, despite apparent stability over the past century. Characteristics of the pika’s
preferred habitat that enable them to shed heat during the summer (Smith 1974), their
generalist diet (Varner and Dearing 2014), as well as their ability to stay active during the
winter may make them more resilient than other alpine species such as the alpine
chipmunk, bushy-tailed woodrat (Neotoma cinerea), or Belding’s ground squirrel
(Urocitellus beldingi) which have experienced range contractions in YOSE (Moritz et al.
2008, Morelli et al. 2012).
Predicting future species distributions has largely relied on modeling the
organisms’ climate niche and projecting that niche space into the future through the use
of climate models (Pearson and Dawson 2003), and only rarely have incorporated factors
such as habitat configuration, natural history of the species, and other limits to functional
connectivity (Guisan and Thuiller 2005, Rapacciuolo et al. 2014). However, functional
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connectivity may be very important for predicting persistence of American pikas, as has
been underscored in recent studies throughout the species’ range (Smith and Nagy 2015,
Stewart et al. 2015, Schwalm et al. in review). Stewart et al (2015) found that habitat area
within one kilometer of the focal site was one of the strongest predictors of pika
persistence, in addition to mean summer temperature. They projected pika occupancy for
the year 2070 in LAVO and YOSE, among other sites, under six different climate
scenarios. Stewart et al. (2015) consistently predicted that the majority of historic
localities within LAVO, most of which are represented in our historic genetic dataset,
will become extirpated, while predictions within YOSE vary considerably based on the
climate model used. A similar study based on contemporary data only, including the
genetic sampling localities and gene flow estimates from the modern genetic dataset in
this study, projected relative stability within LAVO until the end of the 21 st century
(Schwalm et al. in review). One major difference between these two studies was the scale
at which habitat connectivity was assessed: 1 km in Stewart et al. versus 4.5 km in
Schwalm et al. Predictions from SMDs for a given species can vary widely depending on
the observed data, climate models, and modeling framework used (Thuiller 2004),
particularly when the analyses are conducted at different spatial scales or consider
different mechanisms through which climate change is predicted to have an impact
(Guisan and Thuiller 2005).
We observed low genetic diversity within historic and modern LAVO compared
to YOSE (Table 4.1). Castillo et al. (CH 2) compared modern genetic diversity across 13
study site throughout much of the western United States and found that habitat area, both
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at the within-site and regional scale, as well as precipitation influenced Ar. LAVO had
moderate Ar comparable to that of Lava Beds National Monument which has similar
patterns of habitat area, and greater than the two Great Basin sites that have low habitat
area (Castillo et al. CH 2). LAVO is warm and wet while YOSE is more moderate
(Figure 4.3), which further contributed to lower Ar in LAVO (Castillo et al. CH 2). Our
observation that genetic diversity has consistently been higher within YOSE despite
greater increase in temperature over the past century supports predictions that YOSE may
be more resilient to predicted increases in temperatures and precipitation than LAVO.
Furthermore, gene flow is limited by low elevations and water barriers within LAVO and
although functional connectivity is currently high (Castillo et al. CH 2), we provided
evidence that population differentiation has increased between east and west regions of
the park (Figure 4.7A). Reduction in functional connectivity can lead to a feedback loop
and ultimately metapopulation collapse even when within-patch quality remains suitable.
Therefore, future monitoring of populations should focus on documenting changes in
genetic connectivity in addition to patch occupancy.
These two sites are very different climatically and geologically. Pika habitat is
generally higher in YOSE, but also encompasses a greater range in elevation (Figure 4.2).
YOSE has a warmer and drier climate (Figure 4.3). Yet, both these populations have
exhibited relatively stable site occupancy over the past century as compared to other sites,
particularly east of the Sierra Nevada and in the Great Basin (Beever et al. 2003, Stewart
et al. 2015). Ideally, we could compare genetic metrics among multiple stable and
declining sites to further disentangle the interactions between climate change, within-
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patch occupancy, and between-patch connectivity, to ultimately improve our predictions
of future distributions. Unfortunately, we are limited to sites that have sufficient historic
samples and which are currently occupied if we want to empirically assess shifts from
historic to present populations. Future research should focus on sites where we have
historic genetic material, preserve modern genetic material for these sites, as well as
genetic data sets and repositories for long-term genetic monitoring of populations. Future
studies should also aim to identify temporal changes within functional genes that could
provide information on selective pressures and adaptive potential. While we focused on
American pikas, this study and others like it demonstrate the value of natural history
museum collections and genetic monitoring as a powerful tool in conservation biology,
and further emphasize the need to look beyond occupancy in assessing and predicting
impacts of climate change, particularly for species in naturally-fragmented habitats.
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TABLES

Table 4.1. Sample sizes and mean observed values for allelic richness (Ar) and gene
diversity (Hs) for each park and subpopulations within each park. Ar estimates were
corrected for sample size at the park level and subpopulation level separately. Ar can
therefore be directly compared among populations (e.g., LAVO vs. YOSE), as well as
subpopulations (e.g., Lyell Canyon vs. Butte Lake) regardless of sampling period.
However direct comparisons between populations and subpopulations (e.g., LAVO vs.
Butte Lake) are not appropriate.
Population
LAVO Historic
LAVO Modern
YOSE Historic
YOSE Modern
Lyell Canyon, YOSE H
Lyell Canyon, YOSE M
Ten Lakes, YOSE H
Ten Lakes, YOSE M
Vogelsang Lake, YOSE H
Vogelsang Lake, YOSE M
Warner Creek, LAVO H
Warner Creek, LAVO M
Butte Lake, LAVO H
Butte Lake, LAVO M

# Individuals
23
125
43
82
10
16
5
10
12
9
6
16
10
11

Mean Ar
4.25
4.74
5.57
5.69
4.24
4.09
3.74
3.79
4.02
4.37
3.79
3.39
3.09
3.15

Mean Hs
0.59
0.63
0.72
0.73
0.72
0.71
0.70
0.69
0.70
0.71
0.54
0.60
0.55
0.56
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Table 4.2. Change in allelic richness (Ar), and gene diversity (Hs) from historic to
modern sampling periods. Loss reflects the number of loci out of 19 for which we
observed a decrease in that particular metric. Change in mean is modern minus historic,
so positive values indicate increase. The t-statistics and p values are from the paired ttests between sampling periods for each metric, with 18 degrees of freedom. There has
been a trend toward increase in genetic diversity metrics since historic sampling, however
this difference in only significant for Ar in LAVO and Vogelsang Lake.

LAVO
YOSE
Lyell Canyon, YOSE
Ten Lakes, YOSE
Vogelsang Lake, YOSE
Warner Creek, LAVO
Butte Lake, LAVO

Metric
Ar

Loss

Δ mean

t statistic

p value

5

0.49

-2.37

0.03

Hs

5

0.04

-1.76

0.09

Ar

9

0.06

-0.43

0.67

Hs

6

0.01

-0.69

0.50

Ar

9

-0.15

0.61

0.55

Hs

8

0.00

0.05

0.96

Ar

8

0.05

-0.22

0.83

Hs

11

-0.01

0.15

0.89

Ar

6

0.35

-2.14

0.05

Hs

7

0.04

-1.94

0.07

Ar

11

-0.39

1.23

0.23

Hs

8

0.06

-1.51

0.15

Ar

8

0.06

-0.28

0.78

Hs

8

0.01

-0.09

0.93
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FIGURES

Figure 4.1. Location of Lassen Volcanic National Park (LAVO) and Yosemite National
Park (YOSE) within California. The predicted distribution of American pikas, reproduced
from Hafner 1994, is shown for California and Nevada (hatched area), as well as for the
western United States (inset, in black).
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Figure 4.2. Mean elevation and range for Lassen Volcanic National Park (LAVO) and
Yosemite National Park (YOSE), for the entire study area (dashed line, open circle) and
pika habitat only (solid line and filled circle). Circles represent the mean elevation.
Residual elevation (elevation – pika equivalent elevation, according to Hafner 1993) is
shown in blue.
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Figure 4.3. Contemporary temperature and precipitation in Lassen Volcanic National
Park (LAVO) and Yosemite National Park (YOSE), showing mean values for: annual
temperature (solid circle), temperature of the warmest quarter (open square), temperature
of the coldest quarter (plus), and annual precipitation (blue asterisk). Historic mean
annual temperature is also shown for each park (open circle). LAVO is warmer than
YOSE and has higher precipitation. Mean annual temperature has increased in both
parks.
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Figure 4.4. Map of genetic samples within Lassen Volcanic National Park (LAVO)
showing pika habitat (red) and genotypes individuals represented as bar plots of
proportion of population assignment (q) from STRUCTURE analyses for all samples (A),
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historic samples (B), and modern samples (C). Bar plots are placed to avoid overlap and
therefore may not represent precise sampling locations. LAVO boundary is shown in
each figure (grey dashed line) and inset (black outline), as well as extent box for figure A.
Subpopulations (white dashed ellipses) are Butte Lake (1) and Warner Creek (2).
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Figure 4.5. Map of genetic
samples within Yosemite
National Park (YOSE)
showing pika habitat (red)
and genotypes individuals
represented as bar plots of
proportion of population
assignment (q) from
STRUCTURE analyses for all
samples (A), historic
samples (B), and modern
samples (C). Bar plots are
placed to avoid overlap and
therefore may not represent
precise sampling locations. YOSE boundary is shown in each figure (grey dashed line) and inset (black outline), as well as extent box
for figure A. Subpopulations (white dashed ellipses) are Ten Lakes (1), Vogelsang Lake (2), and Lyell Canyon (3).
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Figure 4.6. Pairwise Fst estimates among sub-populations within LAVO (A) and YOSE
(B) showing modern (yellow arrows), historic (blue arrows) and historic to modern
(green arrows) comparisons.
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Figure 4.7. Results of the discriminant analysis of principal components analysis, showing genetic samples plotted along the first and
second principal components for LAVO (A) and YOSE (B). Colors correspond to sampling localities with lighter colors representing
historic sampling period (H) and darker colors representing modern sampling period (M).
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CHAPTER 5: SUMMARY AND DISCUSSION
Author: Jessica A. Castillo1
1 Department

of Fisheries and Wildlife, Oregon State University, Corvallis, OR 97331

Climate change is arguably the greatest conservation challenge of our time. In the
face of rapid environmental change, species must either shift their range to track their
climatic and environmental niche, or they must adapt in situ in order to not go extinct
(Hoffmann and Sgro 2011). The first response relies on 1) the presence of suitable habitat
and 2) the ability of individuals to get to that habitat. Tracking a cool climatic niche may
include shifts upward in elevation and/or latitude (Guralnick 2007). For montane species,
such as the American pika that already live at or near the tops of mountains, elevational
range shifts may not be possible, resulting in a contraction of the lower elevation limit
and subsequent range reduction (La Sorte and Jetz 2010). The second response,
adaptation in situ, relies on the presence of sufficient genetic variation upon which
evolution can act, as well as sufficient time (Hoffmann and Sgro 2011). Many researchers
suggest that the rate of climate change will likely be too rapid for species to keep up.
Some researchers have suggested that the American pika will go extinct, citing
recent extirpations of numerous populations, particularly within the relatively hot, dry,
and low elevation Great Basin (Calkins et al. 2012). However, populations in other parts
of the species’ range appear to be persisting and even thriving (Millar et al. 2014).
Numerous factors, in addition to habitat quality and climatic conditions, contribute to
population persistence. This is particularly true in metapopulation systems where
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movement of individuals among habitat patches is a main factor contributing to long-term
population viability. The research presented in this dissertation focused on functional
connectivity and genetic diversity as these are indicative of population resilience or
vulnerability to future perturbation. I identified landscape variables that influenced pika
movement within eight study sites representing a range of elevations and ecosystems. By
comparing among sites, I identified some common factors that likely inhibit pika
movement, including exposure to high temperatures posed by south-west facing aspects.
This finding suggests that increasing temperatures may reduce functional connectivity for
pikas. I also concluded that habitat configuration affected the degree to which other
landscape variables influenced gene flow, indicating that landscapes with large amounts
of relatively continuous habitat (i.e., high structural connectivity) are likely more resilient
to increased landscape resistance as a result of increasing temperatures and or other
landscape changes.
I then used the site-specific models of gene flow to build spatially-explicit
network models of patch connectivity, based on distance between habitat patches. From
these network models, I compared patch connectivity among study sites and identified,
within sites, habitat patches or connections between patches that represent either areas
that are particularly important for maintaining functional connectivity, areas that are
likely already isolated, as well as those that are at risk of becoming isolated in the future.
Pikas are known to readily colonize anthropogenic rock piles, such as mine ore dumps
and rip rap (Manning and Hagar 2010), therefore translocating individuals to artificially
created habitat may be a viable management strategy for improving functional

185

connectivity. Spatially explicit patch networks can inform these types of management
actions as well as identify areas that may warrant more intensive monitoring.
Functional connectivity is important as gene flow counteracts the effects of
genetic drift, thereby contributing to maintenance of genetic diversity. However, other
factors such as habitat quality and regional isolation also influence genetic diversity.
Genetic diversity, particularly allelic richness, reflects a populations’ long-term viability
and evolutionary potential (Pauls et al. 2013). For pikas, as expected, I determined that
sites with the lowest genetic diversity had less habitat area at both the local and regional
scale. Surprisingly, sites with cooler summer temperatures and moderate precipitation
had higher genetic diversity, suggesting that models predicting future species
distributions based only on temperature may be inappropriate for pikas. The results of
this study also indicate that the Great Basin populations are particularly at risk because
they are relatively hot, dry, and isolated both at the patch and population level. This is
consistent with observed patterns of extirpations. However, patterns of genetic
differentiation indicated that the Great Basin populations are distinct genetically.
Isolation and strong selective pressures posed by a hot, dry climate could lead to local
adaptation within these populations (Funk et al. 2012). Future research should therefore
investigate the ecological significance of genetic differences by identifying genes under
selection or through direct examination of functional genes.
Finally, I did not observe significant changes in genetic diversity for pikas over
the last century within either Yosemite or Lassen Volcanic National Parks. Yosemite had
higher genetic diversity overall, consistent with greater habitat area and a more moderate
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climate. Despite lower genetic diversity, populations are persisting within Lassen,
presumably due to relatively high functional connectivity. Historical sites that have gone
extinct were either isolated from, or peripheral to the patch network. I did observe
evidence for increasing genetic structure, suggesting some erosion of landscape
permeability may have already occurred. Therefore, future monitoring of these
populations should consider changes in patch connectivity, in addition to patch
occupancy, when assessing and or predicting effects of environmental change on
population persistence.
Through implementation of various genetic and analytical approaches, the studies
comprising this dissertation contribute to our understanding of population connectivity
and vulnerability in fragmented landscapes. Not only is the American pika an ideal study
species for investigating these processes; it is also a species of immediate conservation
concern. This research, and associated studies, represents a significant contribution to our
understanding of the contrasting patterns of vulnerability and apparent resilience among
populations throughout the range of American pikas.
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APPENDICES
Appendix 1: Landcape resistance as a function of elevation; Inverse Gaussian function:
−(𝐸𝑙𝑒𝑣.−𝐸𝑜𝑝𝑡 )

𝑅 = 𝑅𝑚𝑎𝑥 + 1 − 𝑅𝑚𝑎𝑥 ∗ 𝑒

2

2
2∗𝐸𝑆𝐷

where 𝑅𝑚𝑎𝑥 is the maximum resistance, 𝐸𝑜𝑝𝑡 is the optimal elevation, and 𝐸𝑆𝐷 is the
standard deviation about the optimal elevation. Parameter values tested are as follows:
𝑅𝑚𝑎𝑥 = 2, 10, 100, 500, and 1000; 𝐸𝑜𝑝𝑡 = 1950, 2050, 2150, 2250, 2350, 2450, and 2550
m; 𝐸𝑆𝐷 = 100, 200, 300 m.
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The above figure illustrates the resistance hypotheses with an optimal elevation of 2200
m and an 𝑅𝑚𝑎𝑥 of 100. Series names are 𝐸𝑆𝐷 values. Higher values of 𝐸𝑆𝐷 represent lower
contrast.
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Appendix 2: Landcape resistance as a function of aspect; Modified heat load index
𝑥

1 − cos(𝜃 − 𝜃𝑜𝑝𝑡 )
𝑅=[
] 𝑅𝑚𝑎𝑥 + 1
2
where 𝜃𝑜𝑝𝑡 is the hypothesized optimal aspect such that resistance increases toward 𝑅𝑚𝑎𝑥
(at 𝜃𝑜𝑝𝑡 + 180°) according to a curve governed by 𝑥. We tested aspects in 45° increments
from 0° to 315°, five values of 𝑥, and four values o𝑅𝑚𝑎𝑥 f. Parameter values tested are as
follows: 𝑥 = 0.5, 1, 2, 4, and 10; 𝑅𝑚𝑎𝑥 = 2, 10, 100, 500, and 1000. Flat areas, pixels with
a value of -1, were reclassified as 𝑅𝑚𝑎𝑥 ⁄2.
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The above figure illustrates the resistance hypotheses with an optimal aspect of 0° and an
𝑅𝑚𝑎𝑥 of 100. Series names are 𝑥 values. Higher values of 𝑥 represent higher contrast.
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Appendix 3: Landcape resistance as a function of topographic complexity
𝑅 = (𝑆𝑅𝑅 𝑥 )𝑅𝑚𝑎𝑥 + 1
We calculated surface relief ratio (SRR) within a radius of 3, 20, and 50 cells. Values
range from 0 for low topographic complexity to 1 for high topographic complexity.
Parameter values tested are as follows: 𝑥 = 0.5, 1, 2, 4, and 10; 𝑅𝑚𝑎𝑥 = 2, 10, 100, 500,
and 1000.
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The above figure illustrates the resistance hypotheses for topographic complexity with an
𝑅𝑚𝑎𝑥 of 100. Series names are 𝑥 values. Higher values of 𝑥 represent higher contrast.
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Appendix 4. Landscape resistance as a function of land cover.
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Resistance Value
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The above figure illustrates resistance values for each land cover category ranked
according to cover, with lowest resistance assigned to land cover types that provide
greater cover. The figure shows hypotheses with an 𝑅𝑚𝑎𝑥 = 10 and series names that
correspond to a particular power function (𝑥 values). Open water (e.g., lakes and ponds)
were considered a barrier and given a resistance value of 10,000.
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Appendix 4, Table 1. Land cover classes and original National Land Cover Dataset
(NLCD) definitions and values.
Land Cover Class

NLCD Definition

NLCD Value

Water

Open Water

11

Open

Developed, Open Space

21

Open

Developed, Low Intensity

22

Open

Developed, Medium Intensity

23

Open

Developed, High Intensity

24

Open

Barren Land (rock/sand/clay)

31

Forest

Deciduous Forest

41

Forest

Evergreen Forest

42

Forest

Mixed Forest

43

Shrub/Grassland

Shrub/Scrub

52

Shrub/Grassland

Grassland/Herbaceous

71

Shrub/Grassland

Pasture/Hay

81

Shrub/Grassland

Cultivated Crops

82

Forest

Woody Wetlands

90

Shrub/Grassland

Emergent Herbaceous Wetlands

95
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Appendix 5. Details for each microsatellite locus, including original source. Primer
sequences and GenBank accession numbers are given for those loci that were designed
from published clone sequences only. PCR product sizes are provided for Crater Lake
National Park as well as those observed across multiple study sites. Multiplex panel ID
and PCR conditions are consistent across all study sites†. Number of Alleles and expected
heterozygosity are provided for Crater Lake only.
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Locus
OCC03
OCC04
OCP04
OCP07
OCP20
OCP03
OCC09
OCP14
OCP21
OCP01
OCP02
OCP08
P7
OCP05
OCP12
OCP17
OCP18
OCC02
OCP27
OCP06

Primer sequence (5'-3')
F-TGTGCTAA GATGCTA GA CACTCCA
R-CTAACTGCCAAACCCA GGACT
F-GCCA GAATGATGTA CACA CACA C
R-CGATTGGCCTTTCAAATGA GT
Peacock et al. 2002
Peacock et al. 2002
F-GACAGA GGGATGGGAAGA CA
R-ATGTGGGA GATCCA GCA GA G
F- CAGCCATCTGGA CAATGAAAC
R- TGACAGTTTGA CA GA GGGAA GTAA
F-CAGTGATTCGCATAA GGTAAAGAT
R-Zgurski et al. 2009
F-TCTCTCCATAAACCTGA CTTTCCAA
R-CCAAGGGATCCTGGA GCGTTA
F-TCACTCCTTGGCACATCTCA
R-TCTGTTGGATGAATGGGGTTA
Peacock et al. 2002
Peacock et al. 2002
Peacock et al. 2002
Li et al. 2009
F-TGAACCAGCA GTCA GAA GA CA
R-Peacock et al. 2002
F-GCAGGTCTTTGGGGAATAAAA
R-CCTGCTCTA CAACCATCTGGA
F-TGAGGGA GA GCCAAAGA CCAA
R-GCTTCA GGA GA CTGACCCAACC
F-TGACTTCCATA GTGGCTGCA C
R-AAATCCCAGGGGCTGTGGAA
Zgurski et al. 2009
F-AGGGA CAATGGGAAAACTTGT
R-TCTGGGCTCCTA GCTTCA GAT
F-Peacock et al. 2002
R-CCCAAAAACTGACA CACA GGT

GenBank
Accn #
EU665185

Repeat
sequence
AC

Product
size†
(bp)
140-168

CRLA
Product
size (bp)
150-168

Multiplex
panel
1

Cycles
35

𝑇(𝑎 )
(℃)
58

CRLA
Alleles
8

CRLA
He
0.79

EU665186

AC

158-192

170-178

1

35

58

5

0.70

GQ461715

ATAG
AC
AG

193-249
268-304
120-164

205-237
278-292
136-156

1
1
1

35
35
35

58
58
58

8
7
9

0.64
0.63
0.77

AF487494

CTAT

126-174

134

1

35

58

1

0.00

EU665189

AC

137-165

143-153

2

35

62

5

0.63

GQ461709

TATC

132-178

150-170

2

35

62

6

0.78

GQ461716

TATC

142-174

146-170

2

35

62

6

0.78

286-342
379-435
209-261
139-185
156-196

308-310
391-415
219-223

AF487496

AG
GATA
AG
AC
TATC

172-192

2
2
2
2
3

35
35
35
35
32

62
62
62
62
58

2
7
3
0
6

0.05
0.65
0.54
0.00
0.77

GQ461707

TAGA

184-248

208-232

3

32

58

6

0.68

GQ461712

GA

182-232

198-206

3

32

58

2

0.02

GQ461713

TCA

112-148

121-139

3

32

58

2

0.05

GQ461721

AC
AG

128-160
171-223

128-144
171-175

3
3

32
32

58
58

2
3

0.02
0.66

AF487497

TAGA

181-252

213-229

4

35

58

5

0.76

195

Appendix 5 continued.

Locus
OCP11
OCP09
OCP16
OCP24

Primer sequence (5'-3')
F-TTGCCTGTTTACCATGCTTT G
R-TGGCTATCTGA CGA GTGAA CC
Peacock et al. 2002
F-GCCATTTGGGGAATGAA GCA
R- GGCATGTCTGGCAAAAGCTG
F-ACGTTGTATCTGTCTA GGAAACAAGTC
R-ACCAGATCGGGTTGCCA CA G

GenBank
Accn #
GQ461706

Repeat
sequence
TAGA

Product
size†
(bp)
152-192

CRLA
Product
size (bp)
164-184

Multiplex
panel
4

Cycles
35

𝑇(𝑎 )
(℃)
58

CRLA
Alleles
5

Hexp
0.66

GQ461711

TAGA
ATC

201-317
118-154

253-313
127

4
4

35
35

58
58

14
1

0.90
0.00

GQ461718

GATA

162-202

186-202

4

35

58

5

0.74

†PCR product sizes are for Crater Lake National Park (NP), Grand Teton NP, Rocky Mountain NP, Lassen Volcanic NP, Yosemite
NP, Craters of the Moon National Monument and Preserve, Yellowstone NP, Lava Beds National Monument, Great Sand Dunes NP
and Preserve, Sheldon National Wildlife Refuge, and Hart Mountain National Antelope Refuge (Castillo and Epps, unpublished data)
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Appendix 6. Final multivariate models from the optimization with partial Mantel
correlation after partialling out the 𝐼𝐵𝐷 model for (1) PCA and (2) Bray-Curtis percent
dissimilarity genetic distance metrics. Model parameters, partial mantel correlation, and p
values are shown. Model parameters for topographic complexity refer to equation S3.
The variable selection was the same, but variable parameters differed. As with the PCA
genetic distance, a similar model with the converse trend in 𝑅𝑚𝑎𝑥 , model 3, was equally
well supported for Bray-Curtis percent dissimilarity.

Model

Topographic
Complexity

Aspect

partial
Mantel r

Water

p

(1) T + W

low x = 2,
Rmax = 3

classified,
Rmax =100

-

0.22

0.00

(2) T + W

low x = 2,
Rmax = 1001

unclassified,
Rmax = 2

-

0.20

0.00

low x = 2,
Rmax = 101

classified,
Rmax =50

(3) T + W

-

0.20

0.00
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Appendix 7. Map of the analysis frame within Crater Lake National Park showing surface
relief ratio, a measure of topographic complexity. Values represent surface complexity
for each pixel calculated using a radius of 20 pixels.
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Appendix 8. Map of the analysis frame within Crater Lake National Park showing the
location of streams and simulated pikas.

199

Appendix 9. Map of Crater Lake National Park showing land cover categories from the
2006 National Land Cover Dataset.

200

Appendix 10. Population genetic structure of pikas at Crater Lake National Park. Results
from STRUCTURE suggest there are three genetic groups (ΔK method) with gene flow
among geographic clusters. Bar graphs represent individual pikas and colors represent the
proportion of assignment to each of the three populations identified by STRUCTURE (q
value). The best number of populations was determined using STRUCTUREHARVESTER to
analyze results for 20 runs each for K = 1-10. Q values were determined from all 20 runs
using CLUMPP.

201

202

Appendix 11. Correlation between genetic distance and geographic distance (open circle,
solid line), resistance distance (solid circle, dotted line), and resistance distance after
partialling out geographic distance (solid triangle, dashed line), averaged across all ten
MC replicates. Whiskers represent 95% confidence intervals. The correlation for all three
tests asymptotes around 250 generations. We considered the first 250-300 generations
“burn in”.
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Appendix 12. Maps of each study site showing land cover classes and genetic samples
(black dots)

204

Appendix 12.1. CRLA

205

Appendix 12.2. CRMO

206

Appendix 12.3. GRSA

207

Appendix 12.4. GRTE

208

Appendix 12.5. HMAR

209

Appendix 12.6. LAVO

210

Appendix 12.7. ROMO

211

Appendix 12.8. SHWR
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Appendix 13. PCR protocol. Each individual was genotyped a minimum of 3 times per
locus in independent, multiplexed PCRs. Each PCR was conducted using a Qiagen
Multiplex PCR kit (Qiagen, Valencia, CA, USA) according to Table 1, with 4 to 6 loci
per reaction, each with a fluorescently labeled forward primer and unlabeled reverse
primer (Table 3). Out PCR thermocycler protocol is presented in Table 2, with multiplex
panel-specific annealing temperatures and number of cycles in Appendix 4. PCR
products were cleaned using ethanol precipitation and then visualized using an ABI3730
capillary sequencer (Applied Biosystems) with GS500 Liz size standard. We scored
genotypes using GENEMAPPER V4.1 (Applied Biosystems). Each allele was considered
confirmed if it was typed at least twice in independent amplifications. If an allele was
seen only once during the initial three PCR replicates, we repeated PCR up to seven times
per individual per panel to construct consensus genotypes.
Appendix 13, Table 1. Multiplex PCR Recipe
Reagent

Initial Concentration

Volume/rxn (ul)

Qiagen Multiplex PCR Master Mix

2x

5

10x Primer mix

2uM each primer

1

Rnase-free water

3.1

BSA

0.02 mg/ul

0.5

Template DNA

variable

0.6

Total Volume

10.2
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Appendix 13, Table 2. PCR Protocol. Asterisks refer to multiplex panel-specific number
of cycles and annealing temperatures, presented in Table 3.
PCR Program

Temp (C)

Time (min)

# of Cycles

Initial Activiation

95

15:00

1

Denaturation

94

0:30

Annealing

*

1:30

Extension

72

1:00

Final Extension

60

30:00

*
1

214

Appendix 14. Maps of the landscape resistance model and network graphs. The network
represents nodes pruned by 40% occupancy probability, edges pruned by a 4.5 km
maximum dispersal threshold, and edges pruned by a park-specific resistance distance
threshold (see Table 4 for GN RD estimates for each site). Node size is proportional to
node betweenness and edge color reflects edge betweenness such that higher betweenness
is darker. Betweenness reflects the number of paths that go through that node or edge,
with high betweenness reflecting a lack of alternate pathways. Gray circles represent
pruned nodes. Node placement on the map corresponds to the patch centroid, therefore,
edge length on the map does not reflect actual distance between patches.
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Appendix 14.1. CRLA, with added node connecting the central and southwestern portion
of the study area. Adding artificial habitat in this area would increase functional
connectivity.

216

Appendix 14.2. CRMO. The main pahoehoe portion of the lava flow represents is single, dominant habitat patch in the network.

217

Appendix 14.3. GRTE, without and with the network model overlaid on the final
resistance model. The model predicts high functional connectivity.

218

Appendix 14.4. HMAR, without and with the network model overlaid on the final resistance model. Patch connectivity is likely
overpredicted in the eastern portion of the study area where patches are likely unoccupied. The northern group (dashed circle) of
habitat patches may currently be, or be at risk of becoming isolated from the southern region of the study area.
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Appendix 14.5. LAVO, without and with the network model overlaid on the final resistance model.

220

Appendix 14.6. ROMO N, without and with the network model overlaid on the final resistance model.

221

Appendix 14.7. ROMO S, without and with the network model overlaid on the final resistance model.

222

Appendix 14.8. SHWR, without and with the network model overlaid on the final resistance model. The network model likely greatly
overpredicts functional connectivity as we were unable to prune patches from the network.
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Appendix 15. Specimen data for genetic samples from the Museum of Vertebrate Zoology
(MVZ).
MVZ #
220244
218564
216683
216684
208251
208252
208253
208254
216685
220145
220146
202371
202372
202373
217257
216686

Site
LAVO
LAVO
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE

Locality
Butte Lake
Emerald Lake
Dorothy Lake
Dorothy Lake
E end Townsley lake
E end Townsley lake
E end Townsley lake
E end Townsley lake
Gardisky Lake trail
Lower Ottaway Lake
Lower Ottaway Lake
upper Lyell Canyon
upper Lyell Canyon
upper Lyell Canyon
upper Lyell Canyon
upper Lyell Canyon

Latitude
40.5619
40.4689
38.1691
38.1691
37.7913
37.7913
37.7913
37.7913
37.9548
37.6454
37.6454
37.7721
37.7721
37.7681
37.7681
37.7681

Longitude
-121.2992
-121.5179
-119.5951
-119.5951
-119.3281
-119.3281
-119.3281
-119.3281
-119.2621
-119.4198
-119.4198
-119.2583
-119.2583
-119.2551
-119.2551
-119.2551
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Appendix 16. Sample IDs, Genbank accession numbers, and sampling localities. Locality IDs refer to Figures 1, 3, and 4.
Sample Name
CUMV20735, 20741, 20742
CUMV20746, 20585, 20584
CUMV20715-20717
CUMV20770, 20772
CUMV20589, 20724
CUMV20591, 20696, 20698,
CUMV20284, 20287, 20288,
CUMV20302, 20304
CUMV20307, 20310
CUMV21152, 20630-20632
CUMV20637, 20642, 20576
CUMV20575, 20574, 20649
CUMV20062, 20278, 20282
CUMV20260, 20262, 20263,
CUMV20248, 20251, 20254
CUMV20244, 20246, 20247
CUMV20237-20240
CUMV20211, 20214, 20217
CUMV20223, 20224, 20226,
CUMV20180, 20181, 20186,
CUMV20194, 20199, 20201,
CUMV20165, 20169, 20177
CUMV20682
CUMV20683, 20684
CUMV20593, 20686, 20687
CUMV20312, 20315
CUMV20322
CUMV20689, 20692
CUMV20573, 20572, 20658

20699
20293, 20295

20268

20230, 20236
20189, 20190
20208

Genbank ID
EU591048, EU591049
EU591052, EU591054, EU591055
EU591038-EU591040
EU591058, EU591060
EU591042, EU591045
EU591031, EU591032, EU591034, EU591035
EU590991-EU590995
EU590997, EU590999
EU591000, EU591001
EU591061, EU591063-EU591065
EU591066, EU591069, EU591070
EU591072, EU591074, EU591075
EU590987-EU590990
EU590982-EU590985
EU590976, EU590978, EU590980
EU590973-EU590975
EU590967-EU590970
EU590958, EU590959, EU590960
EU590962-EU590966
EU590946-EU590950
EU590951, EU590953-EU590955
EU590940, EU590943, EU590945
EU591020
EU591022, EU591023
EU591025-EU591027
EU591002, EU591005
EU591012
EU591029, EU591030
EU591076, EU591079, EU591080

Locality
Hagensborg BC
Pemberton BC
McBride BC
Raft Mountain BC
Grande Cache AB
Landslide Lake AB
Washington Pass WA
Sunrise Peak WA
Indian Heaven WA
McKenzie Pass OR
Anthony Lakes OR
Wallowa Mtns OR
Roman Nose Lakes ID
Black Lake ID
Featherville ID
Doublespring Pass ID
Darby MT
Neihart MT
Red Lodge MT
Togwotee Pass WY
Duncum Mtn WY
Bridger Peak WY
Warren Peak CA
Ebbets Pass CA
Onion Valley CA
Arc Dome NV
Mt Jefferson NV
Ruby Mtns NV
Oakley UT

Locality
ID
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29

Published by
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009

225

Sample Name
CUMV20678,
CUMV20569,
CUMV20671,
CUMV20154,
CUMV20149,
CUMV20127,
CUMV20115,
CUMV20335
GRSA_001
ROMO_007
ROMO_008
ROMO_015
ROMO_018
ROMO_019
ROMO_023
ROMO_026
ROMO_028
ROMO_036
ROMO_037
ROMO_042
ROMO_048
ROMO_053
ROMO_062
ROMO_069
ROMO_089
ROMO_208
ROMO_353
ROMO_380
ROMO_383
ROMO_394
O. collaris

20571, 20660
20663, 20669
21156, 21157, 20677
20156-20158
20152
20128, 20131, 20137
20116, 20121, 20124

Genbank ID
EU591081, EU591082, EU591085
EU591086, EU591087, EU591090
EU591091-EU591094
EU590935, EU590937-EU590939
EU590933, EU590934
EU590926-EU590929
EU590921-EU590924
EU591017
Unpublished
Unpublished
Unpublished
Unpublished
Unpublished
Unpublished
Unpublished
Unpublished
Unpublished
Unpublished
Unpublished
Unpublished
Unpublished
Unpublished
Unpublished
Unpublished
Unpublished
Unpublished
Unpublished
Unpublished
Unpublished
Unpublished
AF348080

Locality
Gunnison UT
Flat Top Mtn UT
Beaver UT
Trappers Lake CO
Grand Mesa CO
Berthoud Pass CO
Twining NM
Lake Peak NM
GRSA
ROMO
ROMO
ROMO
ROMO
ROMO
ROMO
ROMO
ROMO
ROMO
ROMO
ROMO
ROMO
ROMO
ROMO
ROMO
ROMO
ROMO
ROMO
ROMO
ROMO
ROMO

Locality
ID
30
31
32
33
34
35
36
37
G
F
F
F
D
D
F
F
D
D
D
D
F
D
D
D
F
D
F
F
F
F

Published by
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Galbreath et al. 2009
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Castillo et al. in prep
Lin et al. 2002
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Appendix 17. Primer pairs, fragment lengths, and sequences for additional primers, used
to amplify cytochrome b and D-loop from fecal DNA.
Forward Primer
PIKA01: Galbreath et al. 2009

Reverse Primer
PIKA02: Galbreath et al. 2009

Length (bp)
797

PIKA01: Galbreath et al. 2009

PIKA_cytB_R2:
ACGGTTGCYCCTCA GAARGA
PIKA02: Galbreath et al. 2009

483

PIKA_Dloop_R4:
TGTCCTAGGAA GRRTTGCA C
PIKA_Dloop_R3:
TGCTGGTTTCA CGGA GGATG

566

PIKA_cytB_F2:
GGYGCATCCATATTCTTCAT
PIKA03: Galbreath et al. 2009
PIKA_Dloop_F3:
CTGCAGCYTRATCGA GAACA

493

555
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Appendix 18. Number of alleles observed per locus for each study site. First row is number of genotyped individuals in each site. Last
column is the total number of individuals genotyped and total number of unique alleles observed per locus.
SCNF

CRLA

CRMO

GRSA

GRTE

HMAR

LABE

LAVO

ROMO N

ROMO S

SHWR

YELL

YOSE

Total

Individuals

9

122

60

54

194

45

51

125

66

155

54

26

82

1045

OCC03

5

8

1

6

10

2

3

8

8

14

5

7

12

19

OCC04

6

6

7

8

11

2

6

9

10

14

5

13

9

18

OCP03

2

2

2

7

2

3

7

5

2

9

2

2

8

12

OCP04

6

7

7

9

8

3

6

8

9

7

4

8

9

16

OCP07

8

7

6

10

11

3

7

9

13

13

5

8

9

18

OCP20

2

9

3

6

14

4

6

8

10

9

5

7

4

19

OCC09

1

4

5

3

8

3

7

6

5

4

4

8

6

15

OPC01

4

2

5

6

6

2

4

5

14

22

3

8

10

27

OCP02

6

7

9

6

10

4

5

6

9

9

5

7

7

15

OCP08

6

4

6

16

13

1

11

11

15

12

1

13

12

24

OCP14

5

6

5

5

5

4

7

3

5

4

3

6

5

10

OCC02

3

2

5

5

8

3

3

2

5

5

2

5

7

11

OCP05

6

6

8

6

9

4

7

6

8

7

3

7

8

12

OCP12

5

8

6

6

13

4

6

9

8

10

6

7

7

17

OCP17

4

2

3

8

2

1

3

6

5

4

2

3

7

18

OCP18

2

3

3

6

8

2

4

5

8

8

4

6

4

13

OCP27

8

3

7

11

11

3

6

9

11

12

4

13

14

27

OCP06

4

5

5

13

15

4

6

7

11

12

4

14

8

18

OCP09

10

14

14

14

20

5

5

8

18

21

5

9

7

30

OCP11

4

5

3

6

7

5

5

7

7

8

6

7

6

10

OCP16

3

2

4

6

7

4

6

6

8

5

4

7

5

12

OCP24

4

5

6

5

7

2

3

7

7

8

3

5

9

10
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Appendix 19. Population genetic structure within Rocky Mountain National Park.
Individuals are shown as bar plots representing probability of assignment (q values) from
the STRUCTURE analysis for K = 7. Individuals cluster predominantly as a northern and
southern population. However, there is further substructure indicating some
differentiation of individuals west of the Colorado River from other northern samples, as
well as in the south below McHenrys Peak. Concentric, black squares and circles indicate
the placement of sequenced individuals into the northern and southern mtDNA lineages,
respectively. Red shading indicates pika habitat.
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Appendix 20. Relative support (ΔAICc) for the linear regression models predicting allelic
richness (Ar) as a function of coarse-scale habitat configuration metrics, at different
analysis radii. Closed circles indicate significant relationship with Ar (p values ≤ 0.05).
Models include mean patch size (AREA), total habitat area (CA), clumpiness index
(CLUMPY), connectance index (CONNECT), radius of gyration (GYRATE, similar to
mean patch length), and proximity index (PROXY). Total habitat area was most strongly
correlated with Ar at 150 km and was the best model overall, along with mean annual
precipitation (Table 3.3).
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Appendix 21. Museum of Vertebrate Zoology (MVZ) specimen data.
MVZ #
35279
34928
34929
34930
37616
35242
36879
36881
36882
36884
36885
36886
36887
36889
36890
36891
220244
34658
34931
34932
218564
39771
34933

Site
LAVO
LAVO
LAVO
LAVO
LAVO
LAVO
LAVO
LAVO
LAVO
LAVO
LAVO
LAVO
LAVO
LAVO
LAVO
LAVO
LAVO
LAVO
LAVO
LAVO
LAVO
LAVO
LAVO

Type
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Modern
Historic
Historic
Historic
Modern
Historic
Historic

39772
34152
34149
34150
22898

LAVO
LAVO
LAVO
LAVO
YOSE

Historic
Historic
Historic
Historic
Historic

Locality
2 mi E of SE end of Eagle Lake
2 mi W Black Butte on Mt. Lassen Rd.
2 mi W Black Butte on Mt. Lassen Rd.
2 mi W Black Butte on Mt. Lassen Rd.
2 mi W Mineral
4 mi SW McDonald Peak
Butte Lake
Butte Lake
Butte Lake
Butte Lake
Butte Lake
Butte Lake
Butte Lake
Butte Lake
Butte Lake
Butte Lake
Butte Lake
Emerald Lake
Emerald Lake
Emerald Lake
Emerald Lake
Heart Lake/Twin Meadows Trail
N slope Flatiron Mt., King's Creek Canyon, 1 mi NW
Kelly's, near Willow Lake
W end Battle Creek Meadows
Warner Creek
Warner Creek, Lassen Peak
Warner Creek, Lassen Peak
0.25 mi SE summit Mt. Hoffman

Latitude
40.5557
40.4147
40.4147
40.4147
40.3498
40.8915
40.5606
40.5606
40.5606
40.5606
40.5606
40.5606
40.5606
40.5606
40.5606
40.5606
40.5619
40.4639
40.4639
40.4639
40.4689
40.4123
40.4435

Longitude
-120.7377
-121.5319
-121.5319
-121.5319
-121.6335
-120.4564
-121.2876
-121.2876
-121.2876
-121.2876
-121.2876
-121.2876
-121.2876
-121.2876
-121.2876
-121.2876
-121.2992
-121.5185
-121.5185
-121.5185
-121.5179
-121.5688
-121.3690

Date
30-May-1925
30-Jun-1924
03-Jul-1924
08-Jul-1924
16-May-1927
10-Oct-1924
14-Jun-1926
14-Jun-1926
14-Jun-1926
15-Jun-1926
15-Jun-1926
15-Jun-1926
15-Jun-1926
16-Jun-1926
16-Jun-1926
16-Jun-1926
04-Aug-2007
17-May-1924
15-Jul-1924
15-Jul-1924
07-Sep-2006
08-Jun-1928
29-Jul-1924

40.3473
40.4635
40.4691
40.4691
37.8474

-121.6273
-121.4720
-121.4934
-121.4934
-119.5023

12-Jun-1928
15-Sep-1923
12-Sep-1923
13-Sep-1923
30-Jun-1915

232
MVZ #
22899
24145
216683
216684
208251
208252
208253
208254
216685
22906
22907
22908
22909
22911
22912
22914
22915
22916
22918
220145
220146
23475
22920
22921
23477
23478
23479
23481
23482
23483
22900
22901

Site
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE

Type
Historic
Historic
Modern
Modern
Modern
Modern
Modern
Modern
Modern
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Modern
Modern
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic

Locality
0.25 mi SE summit Mt. Hoffmann
Bloody Canyon, Mono Lake
Dorothy Lake
Dorothy Lake
E end Townsley lake
E end Townsley lake
E end Townsley lake
E end Townsley lake
Gardisky Lake trail
head of Lyell Canyon
head of Lyell Canyon
head of Lyell Canyon
head of Lyell Canyon
head of Lyell Canyon
head of Lyell Canyon
head of Lyell Canyon
head of Lyell Canyon
head of Lyell Canyon
head of Lyell Canyon
Lower Ottaway Lake
Lower Ottaway Lake
Mt. Parsons
near summit of Mt. Dana
near summit of Mt. Dana
near Tioga Rd. near Ellery Lake
Ten Lakes
Ten Lakes
Ten Lakes
Ten Lakes
Ten Lakes
Tenaya Lake
Tenaya Lake

Latitude
37.8444
37.8665
38.1691
38.1691
37.7913
37.7913
37.7913
37.7913
37.9548
37.7897
37.7770
37.7584
37.7637
37.7668
37.7770
37.7716
37.7716
37.7716
37.7770
37.6454
37.6454
37.7770
37.8986
37.8986
37.9381
37.9035
37.9035
37.9035
37.9035
37.9035
37.8436
37.8436

Longitude
-119.5056
-119.1811
-119.5951
-119.5951
-119.3281
-119.3281
-119.3281
-119.3281
-119.2621
-119.2610
-119.2609
-119.2588
-119.2526
-119.2562
-119.2609
-119.2572
-119.2572
-119.2572
-119.2609
-119.4198
-119.4198
-119.3066
-119.2222
-119.2222
-119.2359
-119.5275
-119.5275
-119.5275
-119.5275
-119.5275
-119.4443
-119.4443

Date
30-Jun-1915
24-Jun-1916
18-Aug-2005
19-Aug-2005
15-Jul-2004
15-Jul-2004
16-Jul-2004
16-Jul-2004
12-Jul-2005
14-Jul-1915
16-Jul-1915
16-Jul-1915
17-Jul-1915
17-Jul-1915
18-Jul-1915
21-Jul-1915
21-Jul-1915
22-Jul-1915
24-Jul-1915
06-Aug-2007
08-Aug-2007
06-Sep-1915
29-Jul-1915
29-Jul-1915
27-Sep-1915
09-Oct-1915
10-Oct-1915
12-Oct-1915
12-Oct-1915
11-Oct-1915
03-Jul-1915
11-Jul-1915
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MVZ #
22902
22903
22904
23476
22905
22922
22923
202371
202372
202373
217257
216686
23463
23465
23466
23467
23468
23469
23470
23471
23472
23473
23474
23462

Site
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE
YOSE

Type
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Modern
Modern
Modern
Modern
Modern
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic
Historic

Locality
Tenaya Lake
Tenaya Lake
Tenaya Lake
Tioga Lake
Tuolumne Meadows
Tuolumne Meadows
Tuolumne Meadows
upper Lyell Canyon
upper Lyell Canyon
upper Lyell Canyon
upper Lyell Canyon
upper Lyell Canyon
Vogelsang Lake
Vogelsang Lake
Vogelsang Lake
Vogelsang Lake
Vogelsang Lake
Vogelsang Lake
Vogelsang Lake
Vogelsang Lake
Vogelsang Lake
Vogelsang Lake
Vogelsang Lake
Washburn Lake

Latitude
37.8436
37.8436
37.8436
37.9213
37.8794
37.8794
37.8794
37.7721
37.7721
37.7681
37.7681
37.7681
37.7876
37.7876
37.7876
37.7876
37.7876
37.7876
37.7876
37.7876
37.7876
37.7876
37.7876
37.7180

Longitude
-119.4443
-119.4443
-119.4443
-119.2555
-119.3950
-119.3950
-119.3950
-119.2583
-119.2583
-119.2551
-119.2551
-119.2551
-119.3410
-119.3410
-119.3410
-119.3410
-119.3410
-119.3410
-119.3410
-119.3410
-119.3410
-119.3410
-119.3410
-119.3734

Date
11-Jul-1915
11-Jul-1915
11-Jul-1915
25-Sep-1915
12-Jul-1915
31-Jul-1915
31-Jul-1915
29-Jul-2003
31-Jul-2003
30-Jul-2003
12-Aug-2006
14-Aug-2005
30-Aug-1915
31-Aug-1915
31-Aug-1915
31-Aug-1915
01-Sep-1915
01-Sep-1915
02-Sep-1915
03-Sep-1915
04-Sep-1915
05-Sep-1915
07-Sep-1915
24-Aug-1915

234

Appendix 22. Number of alleles observed for each locus and population.
LAVO H

LAVO M

YOSE H

YOSE M

Sample Size

23

125

43

82

OCC02

1

2

7

7

OCC03

6

8

9

12

OCC04

8

9

9

9

OCC09

5

6

6

6

OCP03

5

5

7

8

OCP04

3

8

7

9

OCP05

5

6

7

8

OCP06

3

7

8

8

OCP08

6

11

8

12

OCP09

4

8

5

7

OCP11

5

7

5

6

OCP12

5

9

6

7

OCP14

3

3

5

5

OCP16

3

6

5

5

OCP17

1

6

4

7

OCP18

3

5

3

4

OCP20

6

8

4

4

OCP24

5

7

8

9

OCP27

9

9

12

14
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