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Abstract of the Dissertation

A tale of two rodents: Understanding past distribution of genetic diversity,
population structure, and areas of refugia

by
Robert A. Boria

Doctor of Philosophy, Quantitative Systems Biology
University of California, Merced 2021
Dr. Jessica L. Blois, Graduate Advisor
Dr. Michael N. Dawson, Chair

Forecasting how biodiversity will change in the future due to natural and
anthropogenic impacts is a primary focus of both ecology and evolutionary
biology. By understanding the historical processes influencing the current
geographic distribution of biodiversity, we can determine the relative importance
of different factors shaping biodiversity, now and in the future. The main
question that drove this dissertation: What historical processes led to the
current distribution of diversity across the landscape? One omnipresent
influence on the geographic distribution of diversity at multiple levels— e.g., genes
and species— is climate. Understanding the spatial distributions of intraspecific
genetic diversity and the role of climate and climate refugia in evolutionary and
ecological processes is important because it shapes species potential for
persistence in the face of future climate change. My dissertation focuses on how
populations have responded to past climate change, and how the historical
distributions and past areas of climate refugia will influence future climate change
responses, using mammals as the study system.

Studying population histories through time, we can uncover how different
populations with similar genetic reservoirs respond differently to the same
environmental stressor (climate). Determining how the distribution of intraspecific
diversity of North American taxa was directly influenced by climate and
landscape changes may illuminate broad-scale patterns of species’ responses to
other climatic events, or more generally, to barriers impeding or constraining
gene flow. My dissertation research utilized an interdisciplinary approach— next
generation sequencing; GIS data; ecological modeling; bioinformatics— to
understand how historical events have shaped the current distribution of genetic
diversity within mammals. My aim was to study how mammal populations
respond to climate change through time by determining the range dynamics and
potential areas of refugia (Chapter 2 and 3).
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Understanding the spatial distributions of intraspecific genetic diversity
and the role of climate refugia in the evolutionary and ecological processes of
populations is important because it may determine their potential for persistence
in the face of future climate change. My dissertation examined how two small
mammals responded to the glacial cycles of the Pleistocene in North America.
First, | determined Neotoma fuscipes has three historical populations in
California—two northern and one southern population (Chapter 2). The major
split between the northern and southern populations is older than 1.7 million
years and occurred in the San Francisco Bay-Delta region, a historically
significant region with high lineage diversification in mammals, amphibians, and
reptiles. | detected multiple refugia within the species, including several origins of
expansions and contractions (particularly with the northern populations).
Second, | examined two western lineages within Peromyscus maniculatus and
identified three main populations: 1) southern California; 2) a small population
nested within the broader Pacific Northwest; 3) the Pacific Northwest through
central California and across the Rocky Mountains (Chapter 3). These
populations diverged within the last 160,000 years with very little migration, and
evidence of recent population expansion. | found evidence for multiple areas of
refugia including southeastern Alaska, a known refugia for several mammal
species.

In order to connect patterns and processes observed in the past with
projections of change for the future, | pair my focus on generating empirical
genetic & genomic data with different modeling types. Specifically, ecological
niche models (ENM) are powerful tools for approximating the abiotically suitable
area of a species by comparing environmental conditions at localities where the
species occurs with the overall conditions available in the study region. Many
ENM studies struggle with small sample sizes, but modeling widely distributed
and well-sampled cosmopolitan species raises computational issues as well
(Chapter 1). | thus determined the number of localities needed to model the
distribution of a cosmopolitan species (Peromyscus maniculatus) with many
occurrence records. | discovered when modeling species with a large number of
occurrence records, it may not be necessary to use all localities for ENMs and
could potentially affect model performance negatively.
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Chapter 1: The effect of large sample sizes on Ecological
Niche Models: analysis using a North American rodent,
Peromyscus maniculatus

1.1 Abstract

Correlative ecological niche models (ENMs) aim to approximate the
environmentally suitable areas for a species. Recently, studies have explored the
minimum number of occurrence records needed to implement ENMs; however,
cosmopolitan species with many occurrence records have their own challenges
and the effects of larger sample sizes on ENM performance have yet to be
determined. To address this issue, we focused on a New World rodent,
Peromyscus maniculatus. We obtained locality data from GBIF (13,334 unique
records), and spatially filtered the localities. We then modeled suitable area for
the species using Maxent, two different environmental datasets (at different
spatial resolutions) and different numbers of occurrence records (with 25
replicates per sample size). We evaluated the models with k-fold cross-
validation, AUC, and two omission rates. Further, we calculated the variability
among predictions within and between datasets to indicate variation in
geography. Generally, the AUC and omission rate both decreased as sample
size increased. Lastly, as sample size increased, similarities in geography
increased within and between datasets. For P. maniculatus, we get similar
performing models, both in terms of geographic predictions and evaluation
statistics, with as few as 10% — 20% of the maximum number of localities for
each environmental dataset. Using a large number of occurrence records may
not be necessary for ENMs, and in fact may hinder model performance.

1.2 Introduction

Ecological niche models (ENMs; oft termed Species Distribution Models) are
correlative models that approximate the environmentally suitable areas for a
species. They do so by comparing the overall environmental conditions available
to the species with the conditions at localities where the species occurs
(Peterson et al., 2011). Because ENMs can be projected across time and space
they are frequently used in a wide range of ecological and evolutionary studies.
However, despite their relevance to many fields, several methodological issues
(such as, sample bias; correlation of variables; model evaluation) hinder their
implementation in many systems (Anderson, 2012; Merow et al., 2013). Here, we
study the effects of large numbers of occurrence records on ENMs.

Several studies have determined the minimum number of occurrence records
needed to implement ENMs for different algorithms



(Stockwell and Peterson, 2002; Papes and Gaubert, 2007; Wisz et al., 2008;
Proosdij et al., 2016), revealing that as few as five localities can produce
biologically meaningful models (Pearson et al., 2007; Shcheglovitova and
Anderson, 2013; Galante et al., 2018). However, cosmopolitan species with
many occurrence records present their own challenges and the effects of larger
sample sizes on models have yet to be determined. These species typically have
large geographic extents encompassing heterogeneous environments, which
could potentially pose problems when trying to estimate the environmental
suitability of areas. Using too few localities may not capture the species’ entire
niche; however, using too many occurrence records may not increase model
accuracy and could potentially hinder model performance (i.e., by limiting the
amount of available background localities and reducing discriminatory ability;
(Stockwell and Peterson, 2002; VanDerWal et al., 2009). Further, as sample size
increases so do associated issues of sampling bias and georeferencing errors,
which could potentially lead to overfit models (Boria et al., 2014; Bloom et al.,
2018).

In this study, we aim to determine how large sample sizes affect ENM
evaluations and predictions in geography. Specifically, using a widely distributed
species (Peromyscus maniculatus), we calibrated and evaluated our models
using a spatial partition method, two different environmental datasets (at different
spatial resolutions) — worldclim (Hijmans et al., 2005a) and Community Climate
Simulation Model 3 (CCSM3; (Lorenz et al., 2016) — and an increasing number of
localities. Further, we evaluated the predictions in geographic space to determine
differences between the different datasets when they are projected across space.
We explored if using smaller datasets would produce similar models to larger
datasets, without noticeable improvements in model performance and in
predictions. The results suggest that as sample size increases there isn’t
necessarily a noticeable increase in model performance. When modelling
species with a large number of occurrence records, it may not be necessary to
use all localities for ENMs and could potentially affect model performance
negatively.

1.3 Materials and Methods

1.3.1 Input data

We conducted analyses with a New World rodent, Peromyscus maniculatus
(North American deer mouse), which is indigenous to and distributed widely
across North America (Shorter et al., 2012). This species can be found in every
terrestrial ecosystem, and is the most diverse and widespread species of deer
mouse (Dewey and Dawson, 2001; Bedford and Hoekstra, 2015). This species
provides a good system because there are currently more than 100,000
occurrence records for P. maniculatus in the Global Biodiversity Information



Facility (GBIF). We downloaded all GBIF records that contained coordinates, a
preserved specimen, and didn’'t have any geospatial errors, using the R (v. 3.4.1,
R Development Core Team, 2016) package rgbif (Chamberlain, 2017). We then
removed all duplicate records, and all localities that were placed in the ocean and
outside the known geographic range (based on the NatureServe range estimate;
(Patterson et al., 2007). These steps led to a final set of 13,334 unique P.
maniculatus localities. Despite efforts to improve data quality, we acknowledge
errors associated with GBIF data (e.g., Beck et al., 2014); however, the main
goal of this study is the effects of large number of occurrence records on ENMs
and not determine P. maniculatus environmental suitability.

Generally, easily accessible roads are sampled more frequently, generating
issues with sampling bias (Hijmans et al., 2000; Reddy and Davalos, 2003;
Kadmon et al., 2004). Additionally, spatial biases within GBIF datasets have
been shown to negatively affect ENM performance (Beck et al., 2014). To reduce
sampling bias, we spatially filtered the occurrence dataset to ensure that no two
localities were within a pre-determined distance of one another (while retaining
the most localities possible) using the spThin package in R (Aiello-Lammens et
al., 2015). This method effectively reduces artificially induced spatial auto-
correlation (Kramer-schadt et al., 2013; Fourcade et al., 2014; Boria et al., 2014).
Because of the difference in resolution among our climate predictor datasets (see
below), we used a different distance for each climate dataset, based on their grid
cell size: 25km for the worldclim dataset and 75km for CCSM3. The worldclim
dataset was reduced to 3,334 localities after applying the spatial filter, and the
CCSM3 dataset was condensed to 990 occurrence records. From these ‘full’
datasets, we then randomly sampled different numbers of occurrence records,
with 25 replicates for each sample size. The worldclim sample sizes were: 25;
50; 100; 500; 1,000; 1,500; 2,000; 2,500; 3,000. For CCSM3 we used: 25; 50; 75;
100; 150; 200; 300; 400; 500; 600; 700; 800. These were the occurrence
datasets used in the modeling exercises described below.

We used two different climate simulations that include climate inferences for the
present day: worldclim (Hijmans et al., 2005a) and Community Climate
Simulation Model 3 (Liu et al., 2009; Lorenz et al., 2016). These two simulations
emphasize different tradeoffs: worldclim variables are downscaled to 1km x 1km
grid cells for the entire world for present day, as well as 7,000 and 21,000 years
ago, and thus have better spatial resolution. CCSM3 variables are downscaled to
0.5 x 0.5 degrees (~50km x 50km) grid cells for North America from 21,000 years
ago to the present day at 500-year intervals, and thus have better temporal
resolution. Although we do not consider paleoclimates in this paper (all ENMs are
based only on contemporary climate inferences), our ultimate research goal is to
infer P. maniculatus climate suitability and hindcast the ENMs to the past, which
motivated our inclusion of these two climate models. The worldclim dataset has
19 bioclimatic variables that reflect aspects of temperature and precipitation
(Hijmans et al., 2005b)). The worldclim variables are known to be correlated:;



however, MaxEnt is a machine-learning algorithm that uses regularization to
reduce complexity (especially regarding correlated variables), and thus not all
variables are necessarily included in the final model (Phillips and Dudik, 2008;
Elith et al., 2011). The CCSM3 environmental variables consist of 27 variables
that also reflect features of temperature and precipitation (Lorenz et al., 2016).
However, for the CCSM3 variables we followed the procedure of (Maguire et al.,
2016) and only used the six least correlated variables over the last 21,000 years
(minimum precipitation of the driest quarter, maximum temperature of the
warmest quarter, mean yearly potential evapotranspiration, maximum
precipitation of the wettest quarter, mean yearly water deficit index and mean
yearly actual evapotranspiration).

To approximate modeling assumptions regarding dispersal and biotic interactions
more closely, we delimited a custom study region for the full dataset (13,199
localities), specifically by drawing a minimum convex polygon around the
localities and adding a 0.5° buffer (Anderson and Raza, 2010; Barve et al.,
2011). Background localities for calibration (default number of 10,000) were
taken from within the delimited study region only.

1.3.2 Ecological Niche Modeling

We used a machine learning approach, Maxent (v 3.3.3k; (Phillips et al.,
2006; Phillips and Dudik, 2008), to generate the ENMs. This method is a
presence-background technique and has performed well in comparison with
other techniques (Elith et al., 2006; Wisz et al., 2008); but see (Royle et al., 2012;
Fitzpatrick et al., 2013). To simplify the current work, we employed the default
settings (feature class and regularization) in Maxent for each sample size.

We calibrated and evaluated the ENMSs using a spatial partition approach using
the R package ENMeval (Muscarella et al., 2014). The geographic range was
divided into four quadrants k=4, with approximately equal number of occurrence
records. We then built models using a jackknife approach (k — 1) and evaluated
models within the unused partition (Boria et al., 2014; Radosavljevic and
Anderson, 2014). Maxent sampled background data for the environmental
variables from only the regions corresponding to the quadrants used during
calibration (Phillips, 2008). We did this a total of four times for each dataset so
that each partition was used for evaluation once; we calculated evaluation
statistics (see below) for each quadrant and averaged across the four iterations.

We evaluated the models using threshold-independent and -dependent methods.
The threshold-independent measure, Area Under the Curve (AUC) of the
Receiver Operating Characteristic plot, is a rank-based measure of
discriminatory ability of the model. We calculated these two ways: 1) using all
localities for each dataset (according to the chosen sample size) projected



across the entire study region (Full model AUC), 2) calculating AUC for each
evaluation quadrant and averaging the four iterations (Mean AUC). The
threshold-dependent measures were based on different omission rate
thresholding rules: 1) Minimum Training Presence (MTP) and 2) 10% calibration
omission rate. Omission rate is the proportion of evaluation localities that are not
correctly predicted as present, and measures model overfitting. Overfit models
have omission rates higher than theoretical expectations. The MTP sets the
threshold at the smallest value of the prediction for any grid cell that contains a
calibration locality and has an expected omission rate of zero for evaluation
localities and is a more conservative measure of model fitness. Similarly, the
10% calibration omission rate rule sets the threshold at a value that excludes the
10% of calibration localities with lowest prediction and has an expected omission
rate of 0.10 (Pearson et al., 2007). We averaged the evaluation statistics across
all 25 replicates for each sample size and calculated standard deviation. Finally,
for each environmental dataset we ran models and calculated the evaluation
statistics using all filtered localities available (the “full” datasets).

To determine variability in geography among models, we measured the pairwise
similarity by calculating Schoener's D values using the R package ENMeval
(Warren et al., 2008; Muscarella et al., 2014). Schoener's D is a pixel-by-pixel
comparison between two predictions across the entire study region with scores
ranging from O (no overlap) to 1 (identical models) (Warren et al., 2008). We
calculated pairwise Schoener's D between all 25 replicate models within each
sample size to determine variability with each dataset size. Additionally, we
calculated the pairwise D values between each sample size and the maximum
sample size. This allowed us to determine how similar the models from each
sample size were compared with the datasets that contained the most
information (the largest sample of occurrence records). We averaged the
pairwise D values within and between samples sizes and calculated standard
deviations.

We evaluated the distribution of means for each sample size using two variables
for each environmental dataset. We extracted the climate data for every
occurrence record from the two variables that provided the largest percent
contribution for the full dataset maxent model. Then we calculated the mean
value for each dataset per sample size and plotted the density of the distribution
of means for each sample size. Lastly, we plotted the mean value for the full
dataset to determine how the distribution changes as we increase sample size.



1.4 Results

1.4.1 Model Evaluation

For the CCSM3 datasets, as sample size increased, AUC and omission rate
decreased (Fig. 1.1). When using the full dataset, the AUC was lower and the
omission rate was higher than samples sizes of similar magnitude (Fig. 1.1).
Additionally, as sample size increased, similarities in geography increased within
datasets and between each dataset and the maximum set (800 occurrence
records; Fig. 1.3). Lastly, as we increased the sample size the distribution of
means for each sample size narrowed around the mean value of the full dataset
(Appendix Fig. 1.8.1 A & B).

For the worldclim datasets, we recovered similar patterns for model performance
and geographic predictions as CCSM3. As we increased sample size, Full model
AUC decreased slightly; however, Mean AUC increased slightly initially (Fig. 1.2).
Again, both measures of omission rates decreased as we increased sample
sizes (Fig. 1.2). When using the full dataset, AUC values for both measures were
about the same and the omission rates were slightly higher than samples sizes
within a similar range (Fig. 1.2). Lastly, as sample size increased, similarities in
geography increased within datasets and between each dataset and the
maximum set (3,000 occurrence records; Fig. 1.3). Similarly, to the CCSM3
variables, as we increased the sample size the distribution of means for each
dataset narrowed around the mean value of the full dataset (Appendix Fig. 1.8.1
C &D).

1.5 Discussion
1.5.1 Comparisons among datasets

Several studies have documented the minimum number of occurrence
records needed for ENMs (Stockwell and Peterson, 2002; Papes and Gaubert,
2007; Wisz et al., 2008; Proosdij et al., 2016), with (Pearson et al., 2007)
developing a test of significance when modeling with a small number of localities.
However, there are almost no recommendations or guidelines for modeling
species with large distributions and many occurrence records. When using many
localities, users could be limiting the availability of background localities leading
to a hindrance in model performance and predictive accuracy (Stockwell and
Peterson, 2002). Additionally, issues with the input occurrence data (sampling
bias and georeferencing errors) may be amplified as sample size increases,
negatively affecting ENM results (Beck et al., 2014; Boria et al., 2014; Bloom et



al., 2018). Here we show that for a species with many occurrence records, using
a smaller dataset can produce very similar models (Fig. 1.1 & 1.2).

For Peromyscus maniculatus, we get similar performing models both in
geography and with evaluation statistics once a threshold number of localities
has been exceeded; while the exact number of optimal localities varies, in
general as few as 10% — 20% of the maximum number of localities for each
climate dataset seems sufficient (Fig. 1.1-1.3). Further, when using the full
spatially filtered dataset for both climate sets, model performance does not
increase and in most instances performs worse than similarly sized samples.
Interestingly, we generally see a slight decrease in both measures of AUC
(model discriminatory ability) as sample size increases (Fig. 1.1 & 1.2), which is
most likely due to the increased number of occurrence records making it more
difficult for the models to distinguish between presence and background localities
(Lobo et al., 2008; VanDerWal et al., 2009). For species with a large number of
localities, researchers may want to use a smaller number of georeferenced and
spatially-filtered occurrence records when fitting ENMs because, as shown here,
performance and predictions robustness does not substantially increase. Finally,
Maxent models with larger sample sizes are necessarily more complex, and
could potentially be more difficult to transfer across space and time (Boria et al.,
2017).

Whereas the maximum number of localities to employ generally goes
unaccounted for in ecological niche modeling, the current results support using a
smaller number of georeferenced localities (assuming the minimum standards
are met). Indeed, our results suggest that subsampling is ideal, since model
performance is generally worse for the full dataset with a large number of
localities. We recommend that researchers modeling broadly distributed species
use multiple occurrence datasets to determine if similar patterns occur within
their system. Researchers could also try experimenting with higher numbers of
background localities (if possible) to determine the effects on evaluation statistics
(VanDerWal et al., 2009). The ideal would be to use a minimum number of
occurrence records that can be correctly (and reasonably) georeferenced, one of
the often-overlooked aspects of ENMs (Bloom et al., 2018), while retaining the
species-specific niche signal.
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Figure 1.1 Evaluation statistics for Peromyscus maniculatus in North America
using the CCSM3 climate variables for: (top left) Full model AUC; (top right)
Mean AUC; (bottom left) Minimum training presence (MTP) omission rate; and,
(bottom right) 10% omission rate. Values represent the mean value (+ the
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standard deviation [SD]) across 25 replicates for each sample size. The red point
is the full dataset (990 localities) evaluation statistics, and it had the lowest AUC

values and an increased omission rate (relative to the most similar sample size,

N=800).
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Figure 1.2 Evaluation statistics for Peromyscus maniculatus in North America
using the worldclim climate variables for: (top left) Full model AUC; (top right)
Mean AUC; (bottom left) Minimum training presence (MTP) omission rate; and,
(bottom right) 10% omission rate. Values represent the mean value (+ the
standard deviation [SD]) across 25 replicates for each sample size. The red
points represent the full dataset (3,334 localities) evaluation statistics, and this
dataset had similar AUC values and a slightly increased omission rate (relative to
the most similar sample size, N=3000).
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Figure 1.3 Schoener’s D statistic for Peromyscus maniculatus in North America
for both sets of climate variables. This similarity index ranges from 0 (completely
different) — 1 (identical). We compared the predictions in geographic space, both
within (intraspecific) and between each sample size and the largest sampled
dataset (interspecific).
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Appendix Figure 1.8.1: Density distribution of means for each sample size of
Peromyscus maniculatus in North America using two variables each from
CCSM3 (A; Maximum temperature of the warmest quarter, B; Mean yearly water
deficit index) and worldclim (C; Isothermality, D; Annual mean temperature). The
mean value for the full dataset is shown with black line. Note that as we
increased the sample size the distribution of means for each sample size
narrowed around the mean value of the full dataset for all variables.
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Chapter 2: Genome-wide genetic variation coupled with demographic
and ecological niche modeling of the dusky-footed woodrat (Neotoma
fuscipes) reveal patterns of deep divergence and widespread
Holocene expansion across northern California

2.1 Abstract

Understanding how species have responded to past climate change may help
refine projections of how species and biotic communities will respond to future
change. Here, we integrate estimates of genome-wide genetic variation with
demographic and niche modeling to investigate the historical biogeography of an
important ecological engineer: the dusky-footed woodrat, Neofoma fuscipes. We
use RADseq to generate a genome-wide dataset for 71 individuals from across
the geographic distribution of the species in California. We estimate population
structure using several model-based methods and infer the demographic history
of regional populations using a site frequency spectrum-based approach.
Additionally, we use ecological niche modeling to infer current and past (Last
Glacial Maximum) environmental suitability across the species’ distribution.
Finally, we estimate the directionality and possible spatial origins of regional
population expansions. Our analyses indicate this species is subdivided into
three regionally distinct populations, with the deepest divergence occurring ~1.7
million years ago across the modern-day San Francisco-Bay Delta region; a
common biogeographic barrier for the flora and fauna of California. Our models
of environmental suitability through time coincide with our estimates of population
expansion, with relative long-term stability in the southern portion of the range,
and more recent expansion into the northern end of the range. Our study
illustrates how the integration of genome-wide data with spatial and demographic
modeling can reveal the timing and spatial extent of historic events that
determine patterns of biotic diversity and may help predict biotic response to
future change.

2.2 Introduction

The glacial-interglacial cycles of the Quaternary have long been
considered primary drivers of contemporary patterns of biodiversity (Hewitt 2000;
Peterson 2009). The dynamic climatic oscillations of this time period were
characterized by cooler glacials followed by warmer interglacials, and very short
transitions from cool to warm periods (Dansgaard et al. 1993). For example, in
North America during the Last Glacial Maximum (LGM) 22,000 to 18,000 years
before present, large ice sheets covered most of the northern portion of the
continent, and climatic conditions were generally cooler and drier than at present
(Hopkins et al. 2013), except in the southwest where it was wetter (Clark et al.
2012). These global climatic oscillations and associated landscape changes
likely influenced the current distribution of biodiversity through repeated
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reduction, isolation, and subsequent expansion of species across large
geographic areas (Hewitt 2004; Svenning and Skov 2004).

Paleoecological, distribution modeling, and genetic evidence support the
dynamic changes that species experienced with past climate change. During the
Quaternary, many plant and animal species retreated into areas of glacial climate
refugia (termed refugia hereafter)—local areas with the appropriate
environmental conditions to allow species to persist—and expanded their ranges
when environmental conditions were favorable once again (Jackson and
Overpeck 2000; Hewitt 2004; Nogués-Bravo et al. 2008). This pattern of range
shift is seen in North America during the most recent glacial-interglacial transition
from the LGM to the present (Graham et al. 1996; Jackson and Overpeck 2000;
Waltari et al. 2007). In addition to range shifts, many species in North America
experienced a reduction in habitat during the glacial periods (e.g., Knowles and
Massatti 2017; Reid et al. 2018) due to the spread of continental ice sheets
during the LGM and the reduction or fragmentation of species preferred habitat
(Hewitt 2004; Nogués-Bravo et al. 2008). These dramatic changes to species
ranges can leave distinct patterns on the present-day genetic structure of a
species (Waltari et al. 2007; Knowles and Massatti 2017; Reid et al. 2019). For
example, populations that recolonized areas that were previously covered by
glaciers or otherwise inhospitable should show signs of recent rapid genetic
expansion (Lessa et al. 2003; Burbrink et al. 2016).

California offers a unique opportunity to study how climate oscillations
influence patterns of diversity and differentiation in detail across a wide breadth
of ecologically distinct taxa. The California Floristic Province is a recognized
diversity hotspot due to the combination of high species endemism and
significant conservation threat (Myers et al. 2000). The high topographic
complexity of California leads to significant environmental gradients in
temperature, precipitation, and many other variables, across latitudes, meridians,
and elevations that contribute to the generation and maintenance of genetic and
biotic diversity (Parisi 2003; Davis et al. 2008). High topographic complexity has
magnified the ecological dynamics and climatic oscillations of the past 3-5 million
years (Badgley et al. 2017) leading to repeated broad-scale contractions and
expansions of species ranges resulting, in many cases, in concordant patterns of
diversity and differentiation across multiple species and taxonomic groups
(LaPointe and Rissler 2005; Rissler et al. 2006). In particular, concordant
phylogeographic breaks exist in many plant and animal taxa across the San
Francisco Bay-Delta, the Monterey Bay, between the northern Sierra Nevada
and southern Cascade Mountains, along the western slope of the Sierra Nevada,
and across the Tehachapi-Transverse Ranges (reviewed in Schierenbeck 2014).
These concordant phylogeographic patterns within California further support the
role of repeated climatic oscillations across the geographic landscape as drivers
of differentiation and diversity across species (Lessa et al. 2003; Grivet et al.
2006).
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Species that should be of particular interest for reconstructing
phylogeographic history are those that have numerous ecological connections to
their communities. Such ecological connections include predator-prey and host-
pathogen relationships, as well as species that are environmental engineers that
determine the presence of other community members (i.e. ‘strong interactors’;
Soulé et al. 2005). One such species in California is the dusky-footed woodrat
(Neotoma fuscipes; (Goldman 1910; Hooper 1938; Matocq 2002a,b)). This taxon
is well known for the large stick houses (commonly ~1 meter in height) that
individuals build (Carraway and Verts 1991). These structures provide a stable
microclimate in comparison to the outside environment (Brown 1968) not only for
the woodrat that occupies the house, but also for the many other small vertebrate
and invertebrate species that occupy these structures (Whitford and Steinberger
2010). In addition to their role as environmental engineers, woodrats are the
most common prey item of the northern spotted owl (Sakai and Noon 1993;
Thome et al. 1999), and one of the primary mammalian hosts of Borrelia
burdorferi, the causative agent of Lyme disease (Lane and Brown 1991) and
other tick-borne pathogens (Foley et al. 2016). Beyond their central role in the
communities they occupy, species of the genus Neofoma are also well known for
the rich paleorecord they have left behind. The contents of their complex, multi-
chambered houses (e.g. plant fragments, scat, raptor pellets) often become
fossilized and have provided a uniquely detailed view of ecological and
environmental change through time in western North America (Jackson et al.
2005). These “middens” can persist for thousands of years and have been used
to document change in body size (Smith et al. 1995) and community composition
across tens of thousands of years (Blois et al. 2010). By understanding the
evolutionary history and historical demography of woodrats, we can begin to
shed light on species-level dynamics that may have had community-level
consequences, and that can be uniquely tested given the existence of the high
resolution paleorecord generated by these animals.

The range of Neotoma fuscipes (sensu Matocq 2002a) extends from
western Oregon through the Coast Ranges of northern California, the San
Francisco Bay Area and south through the Inner Coast Range, and throughout
the northern Sierra Nevada foothills, Modoc Plateau and Cascade Range (Figure
1). Using mitochondrial data, Matocq (2002b) showed that N. fuscipes comprises
two lineages separated by the San Francisco Bay, and suggested that .
fuscipes had recently expanded into northern California, given relatively low
mMtDNA diversity across that region. Here, we revisit many of these original
collections and substantially augment them with newly available samples,
especially from northeastern California (courtesy of the Museum of Vertebrate
Zoology and the Grinnell Resurvey Project). In addition to augmented spatial
coverage, we also augment our genomic sampling by using high-throughput
sequencing across the nuclear genome. We integrate these genetic data with
both niche and demographic modeling to provide a temporally comprehensive
and spatially detailed view of the demographic and biogeographic history of this
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species across its distribution. Specifically, we ask 1) Does N. fuscipes exhibit
significant subdivision within its distribution that coincides with known
phylogeographic breaks in other species? 2) Did N. fuscipes experience range
contractions/expansions in the recent past despite occurring in largely
unglaciated areas, and if so, were there multiple refugial areas? 3) What is the
timing of major events in the history of this species including divergence,
contraction, and expansion? By integrating genome-wide estimates of genetic
variation with niche and demographic modeling, we provide a temporally and
spatially detailed view of the history of this taxon across its range.

2.3 Materials and Methods
2.3.1 ddRAD library preparation and sequencing

DNA was extracted from 71 individual Neotoma fuscipes and 8 N.
macrotis (to provide outgroup rooting; Figure 2.1; Appendix Table 2.9.1) using
the Qiagen DNeasy Blood and Tissue kit (Qiagen, Inc.). All samples used in this
study are housed in the Museum of Vertebrate Zoology, University of California,
Berkeley. We generated multilocus SNP datasets following the double-digest
RADSeq protocol (Peterson et al. 2012). Briefly, we used 500 ng of genomic
DNA per sample and digested them overnight with the common-cutting restriction
enzyme EcoR1 and the rare-cutting enzyme MSP1. We cleaned the digested
samples with Ampure (Invitrogen) beads and eluted the samples with water.
These products were tagged with a unique five base-pair (bp) barcode adaptor.
We pooled and purified the tagged samples (8-10 individuals per pool) and used
a pippin prep to size select for fragments between 300-500 bp long. Each library
was amplified via PCR with a second index primer to differentiate individuals.
Finally, the libraries were sequenced at the U.C. Berkeley QB3 Vincent J. Coates
Genomics Sequencing Laboratory on two lanes of an lllumina HiSeq 2500 to
produce 100 bp single end reads.

The lllumina HiSeq raw reads were cleaned using the Stacks pipeline (v.
1.21; (Catchen et al. 2013). The process_radtags script (from Stacks) was used
to filter out low quality reads and demultiplex the reads according to their unique
barcodes. The demultiplexed reads were imported into ipyrad (v. 0.7.17;
https://github.com/dereneaton/ipyrad/blob/master/docs/index.rst) pipeline to
cluster first within and then among individuals and de novo assemble the reads.
We ran several iterations of ipyrad because with next generation sequencing,
there can be large amounts of variation between loci due to missing data (Huang
and Knowles 2016). We ran ipyrad with all samples (both N. fuscipes and N.
macrotis) to include the outgroup for phylogenetic analyses. We then re-clustered
the N. fuscipes samples alone to be used in the population structure and
demographic analyses focused solely on this taxon. We used two different
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thresholds for the minimum number of individuals needed to retain a locus to
determine the effects of missing data: 50% and 85%, referred to hereafter as the
50% and 85% datasets, respectively (see Appendix S1 for program inputs). This
first filtering step controls for the amount of missing data across individuals.
Following read clustering, we used the --missing-indv tool in vcftools (v. 0.1.17;
Danecek et al. 2011) to calculate the amount of missing data within each
individual and removed three samples that had more than 70% missing data.
Once we explored the effect of missing data and determined it has little influence
on inference of population structure, we ran the range expansion and genetic
diversity analyses using a 67% threshold to strike a balance between missing
data from natural sequencing variation and the different number of individuals per
population. We subsequently re-ran ipyrad on each of the populations identified
in the population structure analyses using a 67% threshold.

2.3.2 Phylogenetic analyses

We inferred phylogenetic relationships among sequenced individuals with
N. macrotis as the outgroup using RAXML (v. 8.2.12; Stamatakis 2014) a
software program used for large datasets that employs a maximum likelihood
(ML) algorithm. Note, this analysis is not appropriate for many phylogenetic
questions involving intraspecific SNP data; however, we used this method to
understand how individuals grouped together, rather than to infer their specific
phylogenetic relationships (following Harrington et al. 2017). To understand the
effects of missing data, we ran the RAxML analysis on both the 50% and 85%
datasets. Further, we used the full concatenated sequence (invariant and variant
sites) to avoid acquisition bias (Leaché et al. 2015). We used rapid bootstrapping
(with an automatic stop under the autoMRE criterion), and searched for the best
tree under the GTRGAMMA model with final optimization of trees using GTR+TI".
We used Splitstree (V 4.14.8; Huson and Bryant 2006) with only the N. fuscipes
individuals to generate a phylogenetic network. We calculated distances between
all individuals using the Jukes Cantor model (Jukes and Cantor 1969) and used
the neighbornet method to build the network. Finally, we used these pairwise
distance estimates to compare genetic variation within and among clades.

2.3.3 Population structure and isolation by distance

To investigate population structure, we used two model-based and one
non-model-based approaches. All methods attempt to determine the optimal
number of populations present within the dataset. We used only one SNP per
locus for each population structure analysis. We ran STRUCTURE, a Bayesian-
clustering algorithm that identifies population structure (Pritchard et al. 2000),
using 50,000 burn-in generations, 1,000,000 generations, K = 1-5 populations,
using the admixture and allele frequencies correlated models, and for ten
iterations. We used the Evanno method (Evanno et al. 2005) in STRUCTURE
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HARVESTER (V. 0.6.94; Earl and vonHoldt 2012) to determine the optimal number
of populations. Because STRUCTURE HARVESTER may not accurately infer the
correct number of groups, typically inferring the upper most level of genetic
structure (often K = 2; Janes et al. 2017), we used a hierarchical approach, and
performed a second set of STRUCTURE analyses on each of the initial populations
identified (Pritchard et al. 2000). We used 50,000 burn-in generations, 200,000
generations, K = 1-5 populations, using the admixture and allele frequencies
correlated models, and for five iterations. We also used ADMIXTURE (v. 1.3), a
maximum likelihood approach to determine the optimal number of populations
(Alexander et al. 2009). We used cross-validation error values across different
values of K to determine the optimal number of populations. Finally, we used the
non-model based method DAPC (Discriminate analysis of principal components)
in the adegenet package (Jombart 2008; Jombart and Ahmed 2011) in R (v.
3.5.1; R core team 2106) to infer structure. For the DAPC analysis, we used
Bayesian information criterion to determine the optimal number of populations.
Once optimal populations were identified from each method, we estimated
population differentiation by calculating pairwise Fst using vcftools (v. 0.1.17;
Danecek et al. 2011). To understand the effects of missing data, we ran all of
these analyses on the 50% and 85% datasets.

We assessed whether there was a significant signal of isolation by
distance (IBD) within the entire species and each regional group identified by
STRUCTURE. A pattern of IBD is expected to arise at a regional scale once
populations reach an equilibrium between dispersal among populations and
genetic drift within populations (as shown in Hutchison and Templeton, 1999
[Case1]; van Strien et al. 2015). This specific pattern of IBD, showing increased
genetic differences with an increase in geographic distance across the whole
range, is generally expected to arise in regions that have been stably occupied
(Hutchison and Templeton 1999). We plotted the relationship between genetic
(Fst) and geographic distance among populations within regional genetic groups
and determined the significance of these relationships using a Mantel test and
10,000 permutations in the adegenet package (Jombart 2008; Jombart and
Ahmed 2011).

2.3.4 Demographic model testing

We used a coalescent-based approach to model the demographic history
of Neotoma fuscipes in a temporal framework, specifically with respect to
isolation and migration. We selected and parameterized the best-fit demographic
model using fastsimcoal2 (FSC2; v2.6.0.3; Excoffier et al. 2013), which estimates
demography from the site frequency spectrum (SFS). We followed guidance from
Hotaling et al. (2018) in setting up several of our input files. FSC2 allows users to
generate hypotheses with differing levels of complexity and uses simulations to
estimate the likelihood of competing hypotheses with different parameters.
Individuals were assigned using a 3-population model based on the population
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structure analyses (see above), with admixed individuals assigned to the majority
population. We generated the observed joint SFS using code developed by Isaac
Overcast (https://github.com/isaacovercast/easySFS).

We tested 17 different demographic scenarios (Fig. 2). Briefly, they
describe variations of a 3-population model that have two divergence events with
every possible topology and vary in the amounts of migration and timing in
divergence between populations, while
also estimating the effective population size (Ne) of every regional grouping.
Additionally, we modeled trifurcation scenarios with different levels of historical
and recent migration events. For Neotoma fuscipes, we used a nuclear mutation
rate of 2.5x10® mutations/site/generation based on estimates from human loci
(Nachman and Crowell 2000) and used one-year estimated generation time. For
each model we ran 75 replicate FSC2 analyses, each using 250,000 coalescent
simulations. We selected the best fit model by calculating AIC and AAIC scores
to account for number of parameters following the guideline of Excoffier et al.
(2013). Once the best model was obtained, we re-estimated parameter values by
simulating 100 SFS from the maxL.par file to obtain a mean parameter estimate
and 95% confidence intervals. We accounted for N. fuscipes being diploid by
dividing the FSC2 estimates in half. For migration rates, we multiplied the values
by population size, and then divided by two to account for ploidy.

2.3.5 Ecological niche models

We generated ecological niche models (EMNSs) to infer past areas of
refugia. For ENMs, we limited the scope of the analyses to only individuals for
which we had genetic data (Supplementary Table 1). Because of the deep
divergence between the two northern and the southern populations we modeled
each separately (combined north, south). To remove spatial biases, we spatially
filtered the dataset to ensure no two localities were within 5 km of one another
(Boria et al. 2014) using the R package spThin (Aiello-Lammens et al. 2015). For
environmental data, we used Community Climate Simulation Model 3 (CCSM3;
Liu et al. 2009). CCSM3 variables are downscaled to 50 x 50 km degree grid
cells for North America from 21,000 years ago to present day at 500-year
intervals (Lorenz et al. 2016). To approximate modeling assumptions regarding
dispersal and biotic interactions more closely, we delimited a custom study
region, specifically by drawing a minimum convex polygon around the localities
and adding a 3.0° buffer (Anderson and Raza 2010; Barve et al. 2011). We used
a machine learning algorithm, maxent (V3.4.1; Phillips et al. 2017; Phillips et al.
2006) to infer the ENMs. We calibrated and evaluated the models using a
jackknife approach (Pearson et al. 2007) in the ENMeval package in R
(Muscarella et al. 2014). To select species-specific model settings approximating
optimal levels of complexity, we tuned model settings by varying different
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combinations of feature class and regularization multiplier (RM; Shcheglovitova
and Anderson 2013). To identify the optimal parameter settings, we evaluated
model performance using sequential criteria, lowest average omission rate and
secondarily on the highest average AUC value (minimizing overfitting and then
maximizing discriminatory ability; Shcheglovitova and Anderson 2013;
Muscarella et al. 2014). We used the optimal settings to project the ENM for each
regional population into current climatic conditions and the LGM.

2.3.6 Range Expansion

We inferred origins of recent range expansion within the southern and
combined northern populations using the rangeExpansion package in R (Peter
and Slatkin 2013). Briefly, this method detects range expansion and gives an
estimated location of the origin of expansion. It does so by calculating a
directionality index (y), using the genetic data and spatial coordinates, based on
allele frequency clines found between multiple populations (Peter and Slatkin
2013). Populations at the expanding edge will tend to have lower genetic
diversity because of serial founder events and higher fixation rates due to small
effective population sizes (Peter and Slatkin 2015). For each population, we only
used loci that were present in at least two thirds of the individuals.

2.3.7 Genetic Diversity

We estimated the population genetic diversity parameter, 0, using
ThetaMeta (Adams et al. 2018). This program uses an infinite sites likelihood
model to estimate a posterior probability distribution of 6 for a given dataset. To
understand the population dynamics further, we used the population structure
results and calculated 6 for each of the three identified populations. For each
population, we only used loci that were present in at least two thirds of the
individuals. We used the ThetaMater.M1 simulation to generate a posterior
probability distribution of 6 with a burnin of 100,000 and a MCMC run of one
million generations.

2. 4 Results
2.4.1 ddRAD data

We obtained 216,373,426 raw single end reads from the Illumina HiSeq
run across all individuals. There were 140,817 loci present before ipyrad quality
filtering. After filtering, there were 15,334 loci (mean across individuals = 13,576)
for the 85% missing-data threshold and 57,860 loci (mean = 43,670) for the 50%
missing-data threshold. For the final 50% and 85% datasets, there were 34,434
(85%) and 122,636 (50%) total SNPs, respectively.
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2.4.2 Phylogenetic analyses

We obtained very similar tree topologies with RAXML with both the 50%
and 85% datasets (Fig 2.1; Appendix Figure 2.9.1A). Essentially, we recovered
one monophyletic group of individuals south of the San Francisco Bay-Delta
region, and one large monophyletic group of individuals north of the Bay-Delta
region (Fig. 2.1). The northern group is further split into two monophyletic groups,
one that comprises the majority of the northern range (North A hereafter), and a
second that is primarily restricted to the western slopes of the Sierra Nevada
(North B hereafter). The Splitstree results were very similar, clearly separating
the northern and southern populations (Appendix Figure 2.9.2), as well as
separating the North A and North B populations.

Inter-individual genetic distances were higher among individuals in the
southern clade than in either the North A or North B clades. On average,
southern individuals were differentiated from one another by a genetic distance
of 0.073 (min.-max.: 0.044 — 0.097), North A had average pairwise divergence of
0.04 (0.015 — 0.054) and North B had 0.033 (0.013 — 0.042; Appendix Table
2.9.2). These distinctions are visually evident (Fig. 2.1) in the deeper genetic
structure of the southern clade in contrast to the shallow, minimal pairwise
divergences that characterize both northern clades.

2.4.3 Population structure and isolation by distance

STRUCTURE initially gave a K = 2 model as the best fit for the data;
however, when we ran STRUCTURE on the two subpopulations, the northern
population was split further into two distinct populations (Fig. 2.1) and for the
southern population the optimal number of subpopulations was K = 4, though the
number of individuals sampled was low in each subpopulation (Appendix Figure
2.9.3). Although K = 2 was the optimal model in STRUCTURE, K = 3 inferred the
same northern split of samples we found by running the northern region alone
(Fig. 2.1). ADMIXTURE indicated K = 3 as the optimal number of populations based
on cross-validation (Fig. 2.1; Appendix Table 2.9.3 & Appendix Table 2.9.4)
regardless of the amount of missing data included. DAPC analysis identified K =
3 as the optimal number of populations for both datasets (Appendix Table 2.9.4,
Appendix Figure 2.9.1C). Both ADMIXTURE and STRUCTURE identified some
admixture between the two Northern populations. All methods assigned the same
individuals to the same population across analyses (and datasets), and
ADMIXTURE and STRUCTURE identified the same individuals in the northern group
as being admixed. Pairwise Fst showed strong differentiation between the
southern and northern groups (ave. Fst = 0.36) and moderate differentiation
between the North A and North B groups (Fst = 0.08; Appendix Figure 2.9.1D;
Appendix Table 2.9.5). We adjusted downstream analyses to reflect the
population structure results, generally relying on K = 3 except for the niche
modeling and range expansion analyses.
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The Mantel test showed significant isolation by distance for the overall
dataset (r= 0.605, p<0.001). However, we did not recover a distinct cline,
indicating lack of a clear IBD signature (Appendix Figure 2.9.5; Appendix Table
2.9.6). Each of the regional groups showed a significant relationship between
genetic and geographic distance, all following a similar pattern of increasing
genetic differentiation with increased geographic distance (Case 1 of Hutchison
and Templeton (1999); Fig. 2.3). The southern region showed a pronounced
pattern of IBD (r= 0.731, p < 0.001) and the North A group had a slight pattern of
IBD (r= 0.537, p < 0.001). The North B region showed an IBD pattern (r= 0.544, p
< 0.001) though the samples from this region occurred over a very small spatial
scale.

2.4.4 Demographic modeling

Using FSC2, the model that best fit the data according to AIC was
scenario 11 (Table 2.1; Appendix Table 2.9.7; Fig. 2.4). This consisted of the two
northern populations coalescing most recently, with an older coalescent event
between the north and south clusters and both historical and recent admixture
(Fig. 2.4; Appendix Table 2.9.8; see Appendix Table 2.9.9 for confidence
intervals). No other scenario had a reasonably good fit (Table 2.1; Appendix
Table 2.9.7).

Scenario 11 estimated the two northern populations coalesced about
76,000 ka (73,063 — 79,644) and the ancestral northern and southern lineages
coalesced approximately 1.72 million years ago (1.71 — 1.73; Fig. 4). The
southern population has the largest effective population size (over 800,000
individuals), North A population has the second largest population size (over
300,000), and North B has the smallest effective population size (approximately
4,000). The migration rates between most of the populations (historical and
recent) were all less than one individual per year (Fig. 2.4).

2.4.5 Ecological niche models

The optimal Maxent settings for the northern population was the Hinge
feature with a RM = 1.0 (Appendix Table 2.9.10). This model had an AUC of 0.83
and an omission rate of 0.045. The optimal model for the southern population
used the Linear and Quadratic features and a RM = 1.5 and had an AUC of 0.88
and an omission rate of 0.091. ENMs for the northern population inferred suitable
environment present throughout the entire known range of N. fuscipes for current
conditions, and a severe reduction of habitat at the LGM relative to the
contemporary range (Fig. 2.5). For the southern population, ENMs inferred
suitable conditions in the southern part of the N. fuscipes range for contemporary
climatic conditions, matching the current distribution of the population. The
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distribution of the southern population was inferred to occur even further south
during the LGM (Fig. 2.5).

2.4.6 Range expansion

The range expansion analyses indicated that both population expansion
origins were close to the middle of the contemporary Neotoma fuscipes range in
California, near the San Francisco Bay-Delta area (Fig. 2.5; Appendix Figure
2.9.6). The north origin of expansion located at a slightly higher latitude and
closer to the Sierra Nevada (p < 0.001), while the southern origin was located
closer to coastal California (not significant; p > 0.1), just east of the San
Francisco Bay.

2.4.7 Genetic Diversity

Results from ThetaMater showed the southern population had the highest
median posterior 6, indicating it holds the highest levels of genetic diversity (Fig.
2.6), followed by North A and then North B.

2.5 Discussion

Quaternary climate oscillations across California’s landscape had dramatic
effects on patterns of biological and genetic diversity (Rissler et al. 2006). Here,
we show that the dusky-footed woodrat responded to past climatic shifts through
widespread contraction and expansion of its range, which led to lineage
divergence and a spatial distribution of genetic variation that remains evident
today. By integrating genomic data with demographic and ecological niche
modeling, we were able to reconstruct the dynamic history of this species across
its range.

2.5.1 Deep divergence and the distribution of suitable environmental
conditions

Matocq (2002b) proposed that Neotoma fuscipes, and its sister species
Neotoma macrotis diverged from one another approximately 2 million years ago
in the foothills of the central Sierra Nevada, likely between Auburn and
Placerville, the current distributional limits of each species (Matocq and Murphy
2007). Under this scenario, within a short window of time, early N. fuscipes would
have expanded to the north and west around a partly inundated northern Central
Valley and experienced a major divergence event leading to the northern and
southern N. fuscipes groups (referred to as the northern and west central groups
by Matocq 2002b). Our estimates of this early divergence within N. fuscipes
using genome-wide SNPs dates to approximately 1.7 million years ago, largely
consistent with the original mtDNA-based estimate of 1.8 mya (Matocq 2002b).
This genetic divergence is mirrored by morphological differentiation within N.



27

fuscipes (Hooper 1940), supporting not only the depth of this divergence but also
its potential functional significance.

Fossil evidence of the history of N. fuscipes is sparse but not inconsistent
with the genetic data. Neotoma fossils are widespread throughout the more
southerly parts of California and the west by the Pliocene (Paleobiology DB
search for “Neotoma” on 17 April 2020, paleobiodb.org), perhaps mirroring the
more stable habitat available in the southern parts of the state. The earliest
Neotoma fossils in the central and northern parts of the state are not found until
the Irvingtonian 1.8 - 0.3 Ma, around the same time as or after the initial
divergence events among species and between clades within N. fuscipes
inferred from the genetic data. These earliest fossils are found in the San
Francisco Bay Area (Alameda County; Savage 1951) and the San Joaquin Valley
(Fairmead Landfill, Madera County; Dundas et al. 1996), and thus within the
overall region identified as key origins of expansion for both lineages within N.
fuscipes. These early fossils are not identified to individual species within
Neotoma, so additional collections focused on the potential regions of divergence
and subsequent expansion, aided by new methods for species-level
identifications of specimens, would be extremely useful.

The central portion of California was particularly dynamic in the mid to late
Pleistocene (Bartow 1991), and many factors could have contributed to the
generation and maintenance of early divergence within N. fuscipes. These
processes include continued and repeated glaciations extending down the
western slopes of the Sierra Nevada (Richmond and Fullerton 1986), large
(Sacramento River) and shifting freshwater drainages (Lock et al. 2006),
extensive volcanic activity including the emergence of the Sutter Buttes in the
northern Central Valley at ~1.6 mya (Prothero 2017), the inundation of the
Central Valley by Corcoran Lake from ~700-600 ka (Bartow 1991), and the
sudden establishment of the outflow of Corcoran Lake through the Carquinez
Strait and what would become the modern San Francisco Bay-Delta ~600 ka
(Sarna-Wojcicki et al. 1985; Bartow 1991). This historic landscape dynamism
coupled with the fact that the modern San Francisco Bay-Delta presents a strong
contemporary barrier to north-south movement for terrestrial species has led to
this region being a concordant phylogeographic break among many taxa
(Rodriguez-Robles et al. 2001; Feldman and Spicer 2006; Martinez-Solano et al.
2007; Phuong et al. 2014; Lavin et al. 2018; reviewed by Rissler et al. 2006 and
Gottscho, 2016).

Following initial divergence of the northern and southern lineages of N.
fuscipes, our demographic modeling shows there was little admixture between
the two groups, with one group largely isolated to the north of the modern day
San Francisco Bay-Sacramento-San Joaquin Delta, and the other largely
restricted to the south, but primarily in the Coast Ranges on the western side of
the Central Valley. Our niche modeling of present and LGM distributions of
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suitable environmental conditions for the northern and southern lineages can be
viewed as rough proxies of conditions during repeated glacial (LGM) and
interglacial (present) conditions of the mid to late Pleistocene (Millar and
Woolfenden 2016). These models suggest that the southern lineage would have
had fairly continuous access to suitable conditions in the South Coast Ranges
through both glacial and interglacial times, while the northern lineage would likely
have experienced much greater shifts in suitable conditions, likely leading to
repeated episodes of range expansion and contraction. Our estimates of the
location of lineage coalescence, or the source area for subsequent expansion,
for the northern lineage is located at a central point in the Central Valley, while
the source point of the southern lineage is at the northern end of the South Coast
Ranges near the modern San Francisco Bay-Delta.

2.5.2 The northern range

The dynamic history of the northern range of N. fuscipes makes it possible
that there were multiple episodes of range expansion and contraction. One or
more of these episodes led to a significant divergence within the northern lineage
approximately 76 ka where the northern Sierra Nevada meet the southern
Cascade Range. This timing is potentially consistent with an early Wisconsin
glaciation where there is glacial evidence (Tahoe till) in the east-central Sierra
Nevada that is younger than 118 - 119 ka and a till from Crater Lake National
Park, Oregon that is older than 67 and 72 ka (Richmond and Fullerton 1986). In
addition to repeated glaciations of the northern Sierra Nevada and southern
Cascades, the southern Cascades have been particularly volcanically active
(Sarna-Wojcicki et al. 1985). In California, Mount Shasta and Mount Lassen
along with lava flows across the Modoc Plateau have likely repeatedly influenced
local to regional habitat suitability for woodrats throughout the Pleistocene and
Holocene. Spatially concordant with the genetic subdivision we found at the
Sierra Nevada-Cascades transition, Hooper (1940) found a morphological
subdivision between the subspecies N. f. fuscipes and N. f. streatori, suggesting
the potential ecological significance of this subdivision. Matocq’s (2002b) limited
sampling in the northern Sierra Nevada and mtDNA analysis led to a failure to
detect the distinction of the North A and North B clades.

In addition to woodrats, many other species show genetic discontinuities
between the northern Sierra Nevada and southern Cascades (e.g., Rodriguez-
Robles et al. 2001; Barrowclough et al. 2005; Kuchta et al. 2009; Phuong et al.
2014; Lavin et al. 2018). As in other parts of California, these common
phylogeographic breaks are characterized by different depths of divergence
across taxa depending on which particular glacial or volcanic event impacted a
taxon in that region (Matocq 2002b). Of particular note is that spotted owls, an
important predator of woodrats, have a similar distribution to N. fuscipes in
northern California and share a similar spatial genetic disjunction at the boundary
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of the northern Sierra Nevada and southern Cascades (Barrowclough et al.
2005).

2.5.3 Range expansion and secondary contact

Our niche modeling suggests that the southern lineage has occupied a
part of the range that potentially had suitable environmental conditions through
both glacial and interglacial periods of the Quaternary. Our range expansion
analysis suggests that sometime after the initial divergence with the northern
lineage, the southern lineage expanded into the South Coast Range region from
the modern San Francisco Bay region. The possible north to south colonization
of the Inner Coast Range by this lineage of N. fuscipes is also reflected in mtDNA
data, with more northern haplotypes of the Inner Coast Range ancestral to
haplotypes at the southern end of the range (Matocq 2002b). Using our SNP
data, our estimates of relatively large effective population size, high genetic
diversity, deeper divergences among genotypes (Figure 1; Figure 4; Figure 6),
and a relatively pronounced pattern of isolation by distance (Figure 3) suggest
relative stability in this portion of the range in comparison to the northern lineage.
This is consistent with mtDNA data that also showed greater diversity and clade
structure in the southern (west central) range in comparison to the north (Matocq
2002b). Regions inferred to be climatically stable through time are typically
characterized by the accumulation of higher levels of genetic diversity and
deeper genetic structure (Lessa et al. 2003; Carnaval et al. 2009; Jezkova et al.
2015, 2016 ; but see Hewitt 2004; Excoffier and Ray 2008), as seen here in the
southern portion of the N. fuscipes range.

In contrast to the relative stability of the southern range, the northern
range was likely characterized by repeated expansions and contractions of N.
fuscipes, based on the known history of the region and our ENM'’s for this portion
of the range (Fig. 2.5). The relatively small effective population size (Fig. 2.4),
low genetic diversity (Fig. 2.6), shallow-star-like clade structure (Fig. 2.1; Slatkin
and Hudson 1991; Avise 2000) and weak pattern of isolation by distance (Fig.
2.3) suggest that modern patterns of genetic variation in northern N. fuscipes are
the result of relatively recent expansion (re-expansion) into northern California. It
is likely that clades North A and North B re-expanded separately into their current
distributions, but our lack of thorough sampling of the North B range precludes
robust modeling of this process. Additionally, these methods assume populations
are in a continuous and homogenous landscape and incorporating fragmented
landscapes should be explored in future studies. Nonetheless, we were able to
identify an area of lineage admixture just west of the Mount Lassen area.
Interestingly, here too, there is striking concordance with an important predator of
N. fuscipes, the spotted owl. This is the region in which northern and California
spotted owl meet, and these two lineages admix in the area near Mount Lassen,
just like N. fuscipes (Barrowclough et al. 2005). These authors suggest that this
area of admixture between spotted owl lineages is due to a density trough related
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to unsuitable habitat. In particular, much of the area is characterized by open
understory pine forest, whereas owls prefer habitat with a more well-developed
understory (Gutiérrez and Barrowclough 2005). Likewise, woodrats typically only
occupy forested areas that have a well-developed understory in which they can
build their houses (Sakai and Noon 1993; Innes et al. 2007). Interestingly, then,
both predator and prey are characterized by a shared regional phylogeographic
break and a concordant area of subsequent secondary contact and admixture.
Space use (Carey et al. 1992; Zabel et al. 1995) and fitness (Thome et al. 1999)
of spotted owls are correlated to woodrat abundance, so while both species may
be responding independently to habitat structure in the area of admixture, owls
are also likely responding to woodrat availability. This intriguing pattern suggests
that building community-wide genomic, ENM and demographic modeling
datasets may shed light on the ecological interactions and evolutionary
processes that underlie patterns of phylogeographic and population genetic
concordance among taxa.

2.5.4 Future directions

One limitation of our work, as with most efforts to hindcast species
distributions, is the use of only climatic variables in our estimations. Ideally, future
modeling efforts would incorporate biotic interactions, including those with
vegetation and predators, and for these woodrats in particular—their interactions
with congeners. The range of N. fuscipes today and through time has been
strongly influenced by the distribution of closely related congeners with which
they often compete or even hybridize (Matocq 2002a; Matocq and Murphy 2007;
Matocq et al. 2012; Coyner et al. 2015; Dochtermann and Matocq 2016; Hunter
et al. 2017). Woodrat species often compete for resources such as optimal nest
sites and food resources (Dial 1988), leading to minimal overlap of species
ranges and fine-scale parapatry (Matocq and Murphy 2007; Coyner et al. 2015;
Shurtliff et al. 2014). The notion that differentially-adapted woodrat species
replace each other in response to changing climate conditions is evident in the
paleorecord (Smith et al. 1995, 2009) and even on a multi-annual scale (Gillespie
et al. 2008; Hunter et al. 2017). In northern California, we suspect the
distributional response of N. fuscipes has been influenced in part by the changing
distributions of its relatively cold-adapted congener, the bushy-tailed woodrat N.
cinerea (Hornsby and Matocq 2012) and the relatively arid-adapted N. lepida
(Gillespie et al. 2008). As stated previously, most specimens are not
distinguished at the species level in the fossil record of northern California
[though both N. cinerea and N. fuscipes have been identified from cave deposits
in northern California (Furlong 1904; Sinclair 1907; Stock 1917)], so morphology-
based work on the genus would be useful, and genetic distinction of these
species and reconstruction of their changing occupancy through time could be
reconstructed using ancient DNA methods (reviewed in Shapiro and Hofreiter
2014). Ecological niche modeling for N. fuscipes, like many species, will be
improved with integration of ecologically and physiologically-relevant parameters.
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Our demographic analyses would also be improved with greater sampling,
especially in the range of the North B clade and in the southern portion of the
distribution. Another limitation to our study is the relatively small number of
demographic scenarios we explored, given that the history and demography of N.
fuscipes are certainly much more complex. For example, it is likely that these
taxa, like many others, experienced asymmetric gene flow in their history. We
only explored four asymmetric gene flow scenarios as a subset of scenario 11
(Appendix Figure 2.9.7). Our results suggest that while asymmetric models may
be better (Appendix Table 2.9.11), parameter estimates are consistent between
symmetric and asymmetric models (Appendix Table 2.9.7). Finally, the
assumptions of mutation rate and generation time used in this study directly
affect parameter estimates. For example, having a longer generation time or a
slower mutation rate would shift the estimates of population subdivision further
back in time. Nonetheless, genome-wide datasets and the potential to exploit
SFS patterns is a huge advance in the field of population genetics and these data
and methods will continue to be refined and integrated with even more
sophisticated simulation and spatial modeling approaches that promise improved
insight into complex biogeographic histories.
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2.7 Tables

2.7.1: Top five demographic scenarios using fastsimcoal2 according to AlIC
scores for Neotoma fuscipes in California. Scenario 11 was indicated as the
model that best fit the data.

Scenarios | Parameters AIC AAIC AlCw
S11 15| 117943.029 0 .99
S14 11| 117947.791 4.762 4.508 x 10°
S12 15| 118037.638 94.609 1.393 x 1024
S8 15| 118193.532 250.503 1.959 x 1058
S10 15| 118237.327 294.298 6.053 x 1058
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2.8 Figures
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2.1 The geographic structure of Neotoma fuscipes across its range in California
based on the 85% missing-data threshold ddRAD matrix. Maximum likelihood
tree, ADMIXTURE, and STRUCTURE results showing three distinct clusters (K = 3):
one southern and two northern populations. Colors on the branch tips correspond
to the ADMIXTURE/ STRUCTURE population individuals were placed within, and the
colored circles on map indicate the proportion of ancestry each individual has to
a population. The black circles at nodes indicate bootstrap support > 70%.
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2.2 The 17 phylogeographic hypotheses used to simulate demographic history
for Neotoma fuscipes in California. The parameters included contemporary
population size for the three populations, their ancestral population sizes,
migration rates between the populations, and the timing of divergence.
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2.3 Plots of genetic distance by geographic distance for all populations of
Neotoma fuscipes in California: A) North A (r= 0.537, p < 0.001); B) North B (r=
0.544, p < 0.001); C) South (r=0.731, p < 0.001). Note that there is significant
isolation by distance found within each population.
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2.4 The best fit model and parameter estimates of demographic history for
Neotoma fuscipes in California.
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2.5 Ecological niche models for the combined northern and southern populations
of Neotoma fuscipes in California: A) combined north present day; B) combined
north last glacial maximum; C) south present day; D) south last glacial maximum.
Note the reduction of possible suitable areas in the past for both the northern and
southern populations. Blue lines in A and C indicate rivers and lake centerlines
greater than 50 M (made with Natural Earth. Free vector and raster map data @
naturalearthdata.com), and blue pixels in B and D indicate ice or paleolakes
during the last glacial maximum (Dyke et al. 2003). The blue triangle in B and D
indicate the origin of expansion for the combined north and south, respectively.
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2.6 The posterior probability distribution of genetic diversity analyses from
ThetaMater for the three populations, North A, North B, and South, of Neotoma
fuscipes in California. Note the southern population had the highest diversity,
followed by North A, and then North B.
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2.9 Appendix

Appendix Table 2.9.1: Gazetteer of specimens corresponding to localities of
Neotoma fuscipes employed in this study. Museum, catalog number, and
geographic coordinates (in decimal degrees), collector/preparator,
clade/population assignment if included in previous studies, and clade/population
assignment in current study. All samples used in this study are held at the
University of California Museum of Vertebrate Zoology.

Matocq

ID DEC_LAT | DEC_LONG | Collector | 2002a,b | Population

MVZ_ 195212 36.27 -121.06 | JLP17570 South

MVZ_ 195213 36.27 -121.06 | JLP17571 South

MVZ_ 195986 37.12 -121.10 | JLP17862 South
West

MVZ_ 196356 37.87 12215 MDM432 | Central South
West

MVZ_ 196357 37.86 -122.13 MDM662 | Central South
West

MVZ_196360 3575 120771 AEJ15 Central | South
West

MVZ_ 196363 35.75 -120.77 JLP17489 | Central South
West

MVZ_ 196371 3573 -120.65 JLP17483 | Central South
West

MVZ_ 196382 3561 -120.69 AEJ32 Central South

MVZ_ 196388 41.71 -121.98 | MDM375 | Northern | North_A

MVZ_ 196391 41.71 -121.98 | MDM380 | Northern | North_A

MVZ_ 196392 41.66 -121.94 | MDM382 | Northern | North_A

MVZ_196400 40.36 -122.96 | MDM413 | Northern | North_A

MVZ_ 196402 40.36 -122.96 | MDM415 | Northern | North_A

MVZ_ 196404 39.35 -122.66 | MDM420 North_A




MVZ_196405 39.35 -122.66 | MDM421 | Northern | North_A
MVZ_196406 39.35 -122.66 | MDM422 North_A
MVZ_196413 40.27 -121.77 | MDM358 | Northern | North_A
MVZ_196415 40.27 -121.77 | MDM360 | Northern | North_A
MVZ_196416 38.57 -122.72 | MDM368 | Northern | North_A
MVZ_196417 38.57 -122.72 | MDM369 | Northern | North_A
MVZ_196564 36.84 ~121.48 MDM433 \(éV:r?ttral South
MVZ_196565 36.84 +121.48 MDM434 \(éV:r?ttral South
MVZ_196566 36.84 ~121.48 MDM435 \(éV:r?ttral South
MVZ_196593 39.04 -120.71 | MDM352 | Northern | North_B
MVZ_196594 39.04 -120.71 | MDM353 | Northern | North_B
MVZ_199501 37.70 -121.20 | CJC703 South
MVZ_199502 37.70 -121.20 | CJC704 South
MVZ_206894 37.79 -122.15 | ALI7 South
MVZ_216804 37.90 -122.18 | JLP22463 South
MVZ_217862 40.66 -120.79 | JDP28 North_A
MVZ_217863 40.66 -120.79 | CJC1888 North_A
MVZ_218015 37.89 -122.12 | JTW1232 South
MVZ_218022 37.59 -121.90 | KT59 South
MVZ_218380 40.97 -120.13 | RD134 North_A
MVZ_218381 40.97 -120.14 | JAC65 North_A
MVZ_218382 40.97 -120.14 | JAC66 North_A
MVZ_218387 40.83 -120.14 | JDP232 North_A
MVZ_219027 38.00 -122.49 | RD183 North_A
MVZ_219159 40.43 -121.88 | JDP432 North_A
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MVZ_219537 41.23 ~120.40 | SAM72 North_A
MVZ_219572 41.23 ~120.40 | SAMS82 North_A
MVZ_219598 40.39 -122.18 | RD205 North_A
MVZ_219681 40.30 ~122.11 | ANL23 North_A
MVZ_219688 40.30 ~122.11 | ANL38 North_A
MVZ_219808 40.31 121.76 | CJC2250 North_A
MVZ_219810 40.31 121.77 | CJC2255 North_A
MVZ_219811 40.31 121.77 | CJC2270 North_A
MVZ_220634 40.85 -120.77 | CJC2385 North_A
MVZ_220635 40.85 -120.77 | CJC2386 North_A
MVZ_220636 40.85 -120.77 | FPR66 North_A
MVZ_221485 38.90 ~121.01 | CJC2431 North_B
MVZ_221487 38.90 ~121.01 | CJC2471 North_B
MVZ_221488 38.90 -121.01 | CJC2422 North_B
MVZ_221489 38.92 -121.01 | CJC2465 North_B
MVZ_221490 38.92 ~121.01 | CJC2443 North_B
MVZ_221493 38.92 -121.01 | CJC2463 North_B
MVZ_221494 38.89 ~121.02 | CJC2421 North_B
MVZ_221496 38.89 ~121.02 | CJC2430 North_B
MVZ_221614 39.24 -120.75 | KRC315 North_B
MVZ_221621 39.20 ~120.83 | CJC2521 North_B
MVZ_221622 39.20 -120.83 | CJC2522 North_B
MVZ_221624 39.19 ~120.83 | CJC2508 North_B
MVZ_221625 39.19 -120.83 | CJC2528 North_B
MVZ_221628 39.19 ~120.83 | CJC2511 North_B
MVZ_223078 41.34 ~120.60 | JLP24444 North_A
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MVZ_225109 40.92 -122.24 | JLB70 North_A
MVZ_225235 38.32 -122.34 | REJ446 North_A
MVZ_196387 41.83 +123.14 MDM374 | Northern I\D/I‘;lst:mg
MVZ_219021 38.01 122471 59 Eﬂfémg
MVZ_219599 4036 1227 RD194 I\D/I‘;lst:mg
36.38 -121.56 N.
MVZ_196422 MDM546 | macrotis | macrotis
MVZ_197373 35.09 -119.78 | MCKP1 macrotis
35.34 -120.71 N.
MVZ_198571 JLP16711 | macrotis | macrotis
35.34 -120.71 N. . :
MVZ_198573 JLP16713 | macrotis | macrotis
MVZ_201919 37.72 -119.67 | JLP19933 macrotis
MVZ_216081 34.47 -120.23 | CJC1654 macrotis
MVZ_218708 37.38 -121.74 | JTW1249 macrotis
MVZ_230700 35.33 -120.86 | SP2760 macrotis
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Appendix Table 2.9 2: Inter-individual genetic distances within populations of
Neotoma fuscipes in California.

Populations | Inter-individual genetic distances
North A 0.040
North B 0.033
South 0.073




Appendix Table 2.9.3: The cross-validation results of admixture for Neofoma
fuscipes in California indicating K=3 model as optimal. These results are for the
85% dataset.

Populations | CV error

K=1 0.55171
K=2 0.24569
K=3 0.23397
K=4 0.24831

K=5 0.24987




Appendix Table 2.9.4: The cross-validation results of admixture for Neofoma
fuscipes in California indicating K=3 model as optimal. These results are for the
50% dataset.

Populations | CV error

K=1 0.58831
K=2 0.28679
K=3 0.27287
K=4 0.29439

K=5 0.28647
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Appendix Table 2.9.5: Pairwise Fst between populations of Neotoma fuscipes in

California.
North A North B South
North A - - -
North B 0.077 - -
South 0.342 0.377 -
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Appendix Table 2.9.6: The slope of the isoloation-by-distance plots of Neofoma
fuscipes in California.

Populations | Slope

All 0.07

North A 3.22x 1005
North B 1.27 x 10%4
South 1.24 x 10%4




Appendix Table 2.9.7: The demographic scenarios using fastsimcoal2

55

according to AAIC for Neotoma fuscipes in California. Scenario 11 was indicated

as the model that best fit the data. See Figure 2 for a full explanation of the

different scenarios.

Scenarios | Parameters | AIC AAIC AlCw

S1 7 120688.354 | 2760.577 <9.594 x 1027°
S2 7 118941.815 | 1014.038 6.373 x 10221
S3 7 120107.402 | 2179.625 <9.594 x 1027°
S4 9 119362.97 | 1435.193 <9.594 x 1027°
S5 9 118435.42 | 507.6428 5.844 x 10"
S6 9 119913.703 | 1985.925 <9.594 x 1027°
S7 15 118710.191 | 782.414 1.262 x 10-17°
S8 15 118193.532 | 265.755 1.959 x 1058
S9 15 119208.097 | 1280.320 9.594 x 1027°
S10 15 118237.327 | 309.550 6.053 x 1058
S11 15 117927.777 | O 0.999

S12 15 118037.638 | 109.860 1.393 x 1024
S13 11 119162.068 | 1234.290 9.488 x 1026°
S14 11 117947.791 | 20.014 4.508 x 109°
S15 11 118826.692 | 898.915 6.356 x 1071%
S16 5 120810.632 | 2882.855 <9.594 x 1027°
S17 11 119378.842 | 1451.065 <9.594 x 1027®




Appendix Table 2.9.8: Direct parameter estimates for best fit models using
symmetrical and asymmetrical gene flow from Fastsimcoal2 for Neotoma

fuscipes in California.

Parameters Scenarig 11 | Scenario 1_1
(symmetrical) | (asymmetrical)

N South 1434802 1449199.5
N North A 585838 634456.5
N North B 3926 11320.5
N ancestral All 7083.5 11095
N ancestral North 3359048.5 3996724.5
Tow North 94456.5 137851.5
MIG South — North A 2.670E-04 -
MIG North A — South 2.124E-04 1.89E-04
MIG South — North B 8.521E-04 -
MIG North B - South 3.302E-02 1.30E-05
MIG North B — North

A 3.346E-01 -
MIG North A — North

B 3.015E-05 2.62E-01
MIG North — South 7.087E-04 1.960E-03
MIG South — North 5.700E-02 2.11E-01
Tow All 1711044 1803740.5
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Appendix Table 2.9.9: Re-estimated parameter values from 100 simulated Site
Frequency Spectrums (and 95% confidence intervals) for best fit model, scenario

11, from Fastsimcoal2 for Neotoma fuscipes in California. See Figure 2 for a

graphical depiction of the scenario.

Parameters Estimates
N South 805,858 (802,421 - 809,295
N North A 300,307 (289,184 - 312,229
N North B 4,061 (3,830 - 4,292

N ancestral All

103,442 (94,944 — 111,939

N ancestral North

4,414,404 (4,351,869 - 4,476,939

Toiv North

76,353 (73,063 - 79,644

MIG South — North A

5.65x 102 (5.47 x 102-5.85x 102

MIG North A — South

2.04x102(1.74x102-2.34x 102

MIG South — North B

MIG North B - South

)
)
)
)
)
)
)
)
)
)

(
(
1.68 x 10 (8.47 x 10° - 2.51 x 10
4.77 x 10 (1.54 x 10* - 8.03 x 10

MIG North B — North
A

2.61x103(2.22x102-3.00 x 10%)

MIG North A — North
B

2.02 (416 x10"- 3.63

MIG North — South

9.34 x 103 (7.63x 103 -1.10 x 102

MIG South — North

1.22x107(1.21x 10" - 1.23 x 10"

Tow All

)
)
)
)

1,724,549 (1,714,493 - 1,734,606




Appendix Table 2.9.10: Summary statistics for the top five performing Maxent
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models for the combined northern and southern populations of Neotoma fuscipes
in California. We used the top performing setting for each population to generate

the ENM predictions.

Combined North South
Settings | ORwtp AUCtest | Settings ORwmTP | AUCtest
H_1 0.045 0.827 LQ_1.5 0.091 |0.878
H 1.5 |0.045 0.821 L 0.5 0.091 |0.877
LQ_0.5 | 0.045 0.815 LQ_2 0.091 |0.876
LQH_1 |0.045 0.814 LQ_2.5 0.091 |0.872
H 2 0.045 0.813 LQ_1 0.091 |0.870




Appendix Table 2.9.11: The asymmetric demographic scenarios using
fastsimcoal2 according to AlIC for Neofoma fuscipes in California.

Scenarios | Parameters | AIC

S18 12 117911.342
S19 12 117887.045
S20 12 117936.246

S21 12 117928.768
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Appendix Figure 2.9.1: The geographic structure of Neotoma fuscipes across
its range in California based on the 50% missing-data threshold ddRAD matrix.
A. Maximum likelihood tree and ADMIXTURE results showing three distinct clusters
(K = 3): one southern and two northern populations. Colors on the branch tips
correspond to the ADMIXTURE population within which individuals were placed,
and the colored circles on map indicate the proportion of ancestry each individual
has to a population. B. The admixture results from STRUCTURE on the whole
population indicating K = 2, and the results examining fine scale population
structure using only the northern individuals (also indicating K = 2). Each line
represents one individual depicting the amount of shared ancestry, colors
correspond to the phylogenetic and ADMIXTURE results. C. The discriminate
analysis of principal components (DAPC) results also showing K = 3. D. Pairwise
Fst values between the three different clusters, which show much more
differentiation between the northern and southern populations than between the
two northern populations.
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Appendix Figure 2.9.2: The Splitstree network for Neotoma fuscipes across its
range in California. The northern and southern populations are clearly delineated,

with the two northern populations clustered separately as well.



62

A. o
o
i
Ty
~
¥o
<A
o)
(a\]
1 2 3 4 5
K
B.

Appendix Figure 2.9.3: The results from STRUCTURE on the southern population
of Neotoma fuscipes. A. The AK results used to determine the optimal K = 4. B.
The STRUCTURE plot using K = 4. Each line represents one individual depicting
the amount of shared ancestry.
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Appendix Figure 2.9.4: The discriminate analysis of principal components
(DAPC) using the 85% dataset results showing K = 3 on the entire of population
of Neotoma fuscipes in California.
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Appendix Figure 2.9.5: Plot of genetic distance by geographic distance for all
sampled individuals of Neotoma fuscipes in California. Note that although there is
significant isolation by distance (r = 0.605, p < 0.001), we do not see the typical
representative cline indicating historical population structure.



South North

Appendix Figure 2.9.6: The range expansion analyses for the southern and
northern populations of Neotoma fuscipes in California. The purple X indicates
the origin of expansion, a heat map shows areas of likely expansion origin
(yellow) to areas of low probability of expansion origin (red). Colors of localities
are indicative of heterozygosity: light circles indicate high heterozygosity and
dark circles show low heterozygosity.
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Appendix Figure 2.9.7: The four asymmetric phylogeographic hypotheses used

to simulate demographic history for Neotoma fuscipes in California. The

parameters included contemporary population size for the three populations, their

ancestral population sizes, migration rates between the populations, and the

timing of divergence.
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Chapter 3: Phylogeography of Peromyscus maniculatus:
Understanding past distribution of genetic diversity and areas of
refugia in western North America

3.1 Abstract

The effects of anthropogenic climate change on biodiversity have been
recognized on every continent, ocean, and across different taxonomic groups.
Here, we study the range dynamics and demography of a cosmopolitan species:
the deer mouse, Peromyscus maniculatus. We generated a multilocus SNP
dataset using the ddRADseq protocol for 215 individuals across the geographic
range within two western North American lineages. We evaluated population
structure using several methods and explored the correlation between
geographic and genetic distances. We modeled the demographic history using a
site frequency spectrum approach and used a machine learning algorithm to infer
current and past (last glacial maximum) environmental suitability. Lastly, we
explored the origin of population expansion for the identified populations. We
identified three regionally distinct populations— 1) southern California; 2) the
Pacific Northwest; 3) a broad “Northern” population spanning the Pacific
Northwest through central California and across the Rocky Mountains into the
Great Plains. Demographic analysis indicated the split between the Pacific
Northwest population and the other two was about 160 thousand years ago.
ENMs for these lineages predicted suitable environment present throughout the
known range of P. maniculatus for current conditions, and a severe reduction of
northern habitat in the past. The deer mouse has responded to past climate
episodes by expanding its range during interglacial periods and contracting its
range during glacial periods leading to population differentiation and multiple
areas of refugia. By understanding the historical processes that led to the
contemporary geographic distribution of biodiversity, we can determine the
relative importance of different factors that shape biodiversity, now and in the
future.

3.2 Introduction

The effects of anthropogenic climate change on biodiversity have been
recognized on every continent, ocean, and across different taxonomic groups
(see Parmesan, 2006 for a thorough review of this literature). Given the looming
global biodiversity crisis due to climate change, understanding how species will
respond is a central question in ecology and evolutionary biology (Dawson et al.,
2011). Species will typically respond with one of three outcomes: adapt to
changing conditions, track their climatic niche, or go extinct (Parmesan, 2006;
Moritz and Potter, 2013). Because conditions are changing quickly (Moritz and
Agudo, 2013) and many species are unable to keep pace with these rates of
change through either adaptation or dispersal (Warren et al., 2013), the risk of
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extinction is elevated (Sinervo et al., 2010). When a species goes extinct, not
only do we lose the unique ecological roles played by a species but also all of the
genetic information uniquely contained in that species. Broadly distributed,
cosmopolitan species have a lower risk of climate change-related extinction risk
(Schwartz et al., 2006), but even for these species, population extirpation could
lead to a reduction of genetic diversity and constrain the adaptive potential of the
species (Sexton, 2019). It is thus imperative to understand how populations have
responded to past climate change.

Populations within a species are the units distributed across space and
time that are subject to different constraints and opportunities (O’Neill et al.,
2008). Determining how genetic diversity within a species is distributed across
the landscape is crucial because the structure of this diversity is a fundamental to
lineage divergence and speciation (Frankham et al., 2002; Yannic et al., 2014),
adaptive evolution (Sexton, 2019), and to probability of extinction (Hughes et al.,
1997; Urban, 2018). To fully understand the impacts of climate change on
biodiversity we need to recognize how it will affect intraspecific variation. Climate
change can influence the intraspecific distribution of genetic diversity through
alterations to the ranges of historically significant lineages; alterations to
phenotypic plasticity of individuals in different populations; and/or local
adaptations to novel environmental conditions (Pauls et al., 2013). These
changes in population structure usually reduce genetic diversity for many species
(Balint et al., 2011; Pironon et al., 2017). Furthermore, the responses of
populations to recent, human-induced climate change are taking place
immediately following the loss of intraspecific genetic diversity due to climate
change over the last 21,000 years and longer (Hewitt, 2000; Magyari et al., 2011;
Miraldo et al., 2016).

To truly understand how intraspecific genetic diversity has been influenced
by climate and landscape, we need to integrate our understanding of dynamic
climate change through time with spatial landscape processes (Knowles and
Alvarado-Serrano, 2010; Alvarado-Serrano and Knowles, 2014). Regions that
should be of particular interest are climate refugia (termed refugia hereafter),
local areas with the appropriate environmental conditions to allow species to
persist (Keppel et al., 2012). Identifying the geographic locations of refugia, and
how species contracted into and expanded out of those refugia, is biologically
important (Keppel et al., 2012; Gavin et al., 2014): these refugial areas could
harbor greater genetic diversity and influence the ability of a species to adapt to
new environmental changes because this capability is dependent on their
historical population structure (Dynesius and Jansson, 2000). Thus, identifying
refugial regions for single species, and more importantly, identifying refugial
locations shared by multiple species, could be highly relevant to conservation
efforts; refugia could indicate areas that are climatically stable areas throughout
time and support higher genetic diversity even in unsampled species (Carnaval
et al., 2009). By studying the dynamic climatic oscillations of the Pleistocene,
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cooler glacial periods followed by warmer interglacial periods (Dansgaard et al.,
1993), we can begin to understand the processes that determine genetic
diversity across the landscape.

One species within the genus Peromyscus, P. maniculatus (the deer
mouse), represents a good study system for addressing the impacts of climate-
mediated historical population distribution and refugia on genetic diversity.
Peromyscus maniculatus is indigenous to and distributed widely across North
America (Shorter et al., 2012) and can be found in every terrestrial ecosystem
(Dewey and Dawson, 2001), and thus is exposed to different environmental and
climatic conditions across its geographic range. Based on mitochondrial DNA, P.
maniculatus is likely a species complex, with six hypothesized monophyletic
lineages currently: 1) Northeastern USA and Canada; 2) Northeastern USA and
central Canada; 3) USA central plains; 4) Southeastern USA; 5) New Mexico,
Arizona and Northern Mexico; 6) Canada and USA Pacific Northwest, California
and as far east as Kansas, USA (Dragoo et al., 2006; Kalkvik et al., 2012).
Additionally, there are several other recognized species that cluster within P.
maniculatus: P. keeni (Rhoads, 1894; Zheng et al., 2003), P. polionotus
(Osgood, 1909; Hall, 1981), and P. sp (Lucid and Cook, 2007). Peromyscus
polionotus occupies southeastern USA (the one area P. maniculatus is not
found), and both P. keeni and P. sp occupy the Pacific Northwest in North
America.

It is important to understand the evolutionary history and population
dynamics of Peromyscus maniculatus because they are vectors for several
diseases, such as hantavirus and Lyme disease (Dragoo et al., 2006), and
potentially SARS-CoV-2 (Fagre et al., 2020). But most relevant here, different
populations of this species have already exhibited different responses to recent
climate change, demonstrating potential for population-level variation that may
have long-term effects. A population of deer mice in Yosemite National Park has
not shifted its distribution in response to recent environmental change and has
maintained a similar range over the last 100 years (Moritz et al., 2008), though
there may have been a cryptic geographic shift in genetic variation (Yang et al.,
2011). In contrast, a population of P. maniculatus has shifted its distributional
range in Michigan (moving northward; Myers et al., 2009), demonstrating that
climate has likely also influenced this population in the recent past. Populations
of P. maniculatus at different elevations exhibit different physiological
performances and show different patterns of gene expression, which may be due
to differences in local population structure and adaptation (Storz et al., 2019).
Thus, changes to gene flow and population structure through time as a result of
climate may have direct fitness consequences for different populations of deer
mice.

Here, we focus on the ecological and evolutionary processes that have
structured genetic diversity within two western North American lineages of
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Peromyscus maniculatus (Fig. 1). We generated a multilocus SNP dataset on
215 individuals to answer several questions: 1) Do we recover the two mtDNA
lineages found in Dragoo et al. (2006) and Kalkvik et al. (2012) using a nuclear
genomic dataset? 2) What were the potential areas of refugia for P. maniculatus,
given that its contemporary range encompasses both previously glaciated and
unglaciated regions, throughout western North America? It has been suggested
that P. maniculatus has only inhabited areas south of the continental ice sheets
during the Last Glacial Maximum (Dragoo et al., 2006; Sawyer et al., 2017), and
so we determine if the genomic data provides evidence for refugia in the Pacific
Northwest coast or Beringia. We first detect the historical population structure
found within these two lineages and then use several different analyses to detect
possible areas of refugia throughout North America.

3.3 Materials and Methods

3.3.1 ddRAD library preparation and sequencing:

Genomic DNA was extracted from 215 individuals of Peromyscus
maniculatus (and three individuals of P. californicus to serve as an outgroup)
from 32 localities across the western North American range (Fig. 3.1B; Appendix
Table 3.1) using a Qiagen extraction kit (Qiagen Inc.). Samples were obtained
from fieldwork and several museum collections: Burke Museum (n = 30), Field
Museum (n = 33), Museum of Southwestern Biology (n = 25), Museum of
Vertebrate Zoology (n = 75), and University of Alaska Museum of the North ((n =
21). Additionally, we received tissues from 10 individuals from Dr. Dean Pearson.
We generated genomic SNP datasets using the ddRAD protocol (Peterson et al.,
2012) and as detailed in Boria et al. (2020). Briefly, we digested 500ng of
genomic DNA with restriction enzymes EcoR1 and the rare-cutting enzyme
MSP1. We pooled and purified the tagged samples (12 individuals per pool) and
used a Pippin Prep to size-select for fragments between 300-500 bp long. Each
library was amplified via PCR with a second index primer to differentiate between
all individuals. Finally, the libraries were sequenced at UC Berkeley on two lanes
of an lllumina HiSeq 4000 to produce 50-bp single end reads.

We cleaned and filtered the lllumina HiSeq raw reads using the iPyrad
pipeline (v 0.9.65; Eaton and Overcast, 2020). Raw reads were aligned to a draft
genome of Peromyscus maniculatus (NCBI: GCA 000500345.1). We used a 75%
threshold as the minimum number of individuals needed to retain a locus.
Following read clustering, we excluded 25 individuals that had greater than 70%
missing data. Additionally, four individuals clustered with outgroup specimens in
several preliminary analyses and were excluded from any downstream analyses
because they may have been misidentified as P. maniculatus upon original
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collection. We retained 186 individuals for analyses: 183 P. maniculatus and 3 P.
californicus. Finally, we further filtered the dataset to include only one biallelic
SNP per locus.

3.3.2 Population structure:

We used two model-based and one non-model-based approaches to
investigate population structure. All methods attempt to determine the optimal
number of populations present within the dataset. One model-based approach
used to determine the optimal number of populations was Admixture (v. 1.3;
Alexander et al., 2009), a maximum likelihood method. We used cross-validation
error values across different values of K to determine the optimal number of
populations. Another model-based method we ran was Structure (v 2.3.4;
Pritchard et al., 2000), a Bayesian-clustering algorithm that identifies population
structure. We ran it for 50,000 burn-in generations, 250,000 generations, K = 1-5
populations, and for five iterations. We used the Evanno method (Evanno et al.,
2005) in Structure Harvester (v. 0.6.94; Earl and vonHoldt, 2012) to determine
the optimal number of populations. Because Structure Harvester may not
accurately infer the correct number of groups, typically inferring the uppermost
level of genetic structure (often K = 2; Janes et al., 2017), we used a hierarchical
approach, and re-ran Structure on the largest initial population identified
(Pritchard et al., 2000). Finally, we used the non-model based method DAPC
(Discriminate analysis of principal components) in the Adegenet package
(Jombart, 2008; Jombart and Ahmed, 2011) in R (v. 3.5.1; R core team, 2020) to
infer structure. For the DAPC analysis, we used Bayesian information criterion to
determine the optimal number of populations. Once we identified the optimal
number of populations, we calculated pairwise Fst values between each
population using the hierfstat R package(v. 0.1.17; Danecek et al., 2011).

To determine if the patterns indicated by the population structure
programs were influenced by historical population structure and not isolation by
distance (IBD), we ran a Mantel test on the genetic and geographic distances
between individuals. We examined the Mantel test significance with 10,000
permutations in the Adegenet package (Jombart, 2008; Jombart and Ahmed,
2011). Further, we plotted the genetic and geographic distances among all
individuals to determine if there was a distinct cline indicative of IBD or if
separate patches of individuals were representative of distinct populations.
Lastly, we assessed significance of IBD within each of the populations identified
by the structure analyses.

3.3.3 Phylogenetic analyses:
We inferred phylogenetic relationships between individuals using two

methods: 1) SVDquartets (Chifman and Kubatko, 2015); 2) RAxML (Stamatakis,
2014). We implemented SVDquartets, using a multi-species coalescent model, in
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PAUP* (v4.0a; Swoford, 2003) utilizing all quartets and 100 bootstrap replicates.
We also used RAXML (v. 8.2.12;), a maximum likelihood (ML) algorithm for large
datasets. We used rapid bootstrapping (with an automatic stop under the
autoMRE criterion), and searched for the best tree under the GTRGAMMA model
with final optimization of trees using GTR+[". Note, this analysis is not appropriate
for many phylogenetic questions involving intraspecific SNP data; however, we
used this method to narrowly understand how individuals were generally grouped
together, rather than infer the specific relationships among individuals (following
Harrington et al., 2017).

3.3.4 Demographic modeling:

We used a coalescent-based approach to model the demographic history
of Peromyscus maniculatus using a temporal framework, specifically with respect
to isolation, population growth, and migration. We selected and parameterized
the best-fit demographic model using fastsimcoal2 (FSC2, v2.5.2; Excoffier et al.,
2013), which estimates demography from the site frequency spectrum (SFS).
Users specify hypotheses with differing levels of complexity and fastsimcoal2
uses simulations to estimate the likelihood of competing hypothesis with different
parameters. Individuals were assigned to populations using a 3-population model
based on the population structure analyses (see above), with admixed individuals
assigned to the majority population. We generated the observed joint SFS using
code developed by Isaac Overcast (https://github.com/isaacovercast/easySFS).

We tested 21 different demographic scenarios (Fig. 3.2). Briefly, they
describe variations of a 3-population model that have two divergence events with
every possible topology and vary in the amounts of migration and timing between
populations. Additionally, we used a nuclear mutation rate of 2.5x108
mutations/site/generation based on estimates from human loci (Nachman and
Crowell, 2000) and used a one-year estimated generation time. For each model
we ran 75 replicate fastsimcoal2 analyses, each using 250,000 coalescent
simulations. We selected the best fit model by calculating AIC and AAIC scores
to account for the differing number of parameters, following the guidelines of
Excoffier et al. (2013). To ensure the simulations were not only sampling
parameter estimates from a local maximum, we ran five replicates for each
model starting with different initial conditions and chose the model with the
highest likelihood score. Once the best model was obtained, we re-estimated
parameter values by simulating 100 SFS from the maxL.par file and determining
the mean parameter estimate and 95% confidence intervals. We accounted for
P. maniculatus being diploid by dividing the fastsimcoal2 parameter estimates in
half.
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3.3.5 Ecological niche modeling:

We generated ecological niche models (EMNs) to predict areas of refugia.
Occurrence localities were compiled from the fieldwork and museum specimens
used in this study (see above, Appendix Table 3.X.1). Additionally, we
supplemented these data with localities that had associated genetic data from
Kalkvik et al. (2012) and Sawyer et al. (2017). To remove spatial biases, we
spatially filtered the dataset to ensure no two localities were within 50 km of one
another (Boria et al., 2014) using the R package spThin (Aiello-Lammens et al.,
2015). For environmental data, we used Community Climate Simulation Model 3
(CCSM3; Liu et al., 2009). CCSM3 variables are downscaled to 50 x 50 km
degree grid cells for North America from 21,000 years ago to the present day
(Lorenz, Nieto-Lugilde, Blois, Fitzpatrick, & Williams, 2016). To approximate
modeling assumptions regarding dispersal and biotic interactions more closely,
we delimited a custom study region by drawing a minimum convex polygon
around the localities and adding a 5.0° buffer (Anderson and Raza, 2010; Barve
et al., 2011). We used a machine learning algorithm, maxent (V3.4.1; Phillips et
al., 2017; Phillips et al., 2006) to infer the ENMs. We calibrated and evaluated
the models using a geographically structured 5 k-fold approach (Radosavljevic
and Anderson, 2014) in the ENMeval package in R (Muscarella et al., 2014). To
select species-specific model settings approximating optimal levels of complexity,
we tuned model settings by varying different combinations of feature class and
regularization multiplier (RM; Shcheglovitova and Anderson, 2013). To identify
the optimal parameter settings, we evaluated model performance using
sequential criteria (minimizing overfitting and then maximizing discriminatory
ability; Shcheglovitova and Anderson, 2013; Muscarella et al., 2014). We used
the optimal settings to project the ENM into current climatic conditions and the
LGM.

3.3.6 Range Expansion:

We inferred origins of recent range expansion within the three identified
populations: 1) Pacific Northwest (PNW); 2) Northern; 3) southern California (see
Results). For the Northern population, we calculated the origin of expansion two
ways: 1) we included all individuals in the northern population; 2) we excluded
the northernmost locality (in Canada) because it is one of the few highly
supported groups within both phylogenetic analyses (Fig. 1; SFig. 5). We used
the rangeExpansion package in R (Peter and Slatkin, 2013). Briefly, this method
detects range expansion and gives an estimated location of the origin of
expansion. It does so by calculating a directionality index (y), using SNP
datasets and spatial coordinates, based on allele frequency clines found between
multiple populations (Peter and Slatkin, 2013). Populations at the expanding
edge will tend to have lower genetic diversity because of serial founder events
and higher fixation rates (Peter and Slatkin, 2015).
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3.3.7 Interpolating genetic diversity:

We calculated heterozygosity on a per-individual basis using vcftools (v. 0.1.17;
Danecek et al. 2011), and then averaged all scores across all sampling sites. We
interpolated heterozygosity across evenly spaced 50km grid cells to visualize
genetic patterns across the landscape. We used the inverse distance weighting
interpolation procedure in the R package phylin (v 2.0.2; Tarroso et al., 2015)
and projected the heterozygosity values across the ENM study region.

3.4 Results:

3.4.1 Sequence data:

We obtained 482,988,240 raw reads from the lllumina HiSeq 4000 runs
across all individuals, comprising 551,767 prefiltered loci. After iPyrad quality
filtering, 9,640 loci were retained with 69,726 SNPs across loci. Following filtering
for one biallelic SNP per loci, we retained 9,535 SNPs.

3.4.2 Population structure and isolation by distance:

Admixture indicated the optimal population model based on cross
validation was K = 3: 1) southern California; 2) the Pacific Northwest (PNW
hereafter); 3) a broad “Northern” population spanning the Pacific Northwest
through central California and across the Rocky Mountains into the Great Plains
(Northern hereafter; Appendix Figure 3.9.1A; Appendix Table 3.9.2). Structure
initially showed a K = 2 (Northern + southern California and PNW) model best fit
the data (Appendix Figure 3.9.2A), however, a K = 3 model provides the same
population structure as Admixture and DAPC. Further, when we ran Structure on
the large subpopulation it split into the Northern and southern California
populations (Appendix Figure 3.9.2B, C). DAPC analysis identified K = 3 as the
optimal number of populations (Appendix Figure 3.9.1B). All methods assigned
the same individuals to the same population across analyses. Pairwise Fst
showed strong differentiation between the PNW and both the Northern (Fst =
0.22) and southern California (Fst = 0.28) groups and moderate differentiation
between the Northern and southern California populations (Fst = 0.06). We
adjusted downstream analyses to reflect the population structure results, K = 3.

The Mantel test showed significant isolation by distance for the overall
dataset (r= 0.614, p<0.001) with a distinct cline (Appendix Figure 3.9.3). We also
discovered significant IBD for each subpopulation with distinct clines (Appendix
Figure 3.9.4): Northern: r = 0.469 (p<0.001); southern California: r = 0.266
(p<0.001); PNW: r = 0.917 (p<0.001).
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3.4.3 Phylogenetic analyses:

Both SVDquartets and RAXML produced weakly supported phylogenetic
trees (Fig. 3.1; Appendix Figure 3.9.5), with different hierarchies of clustering
among individuals and populations. All individuals are clustered within the
Northern population for SVDquartets; conversely, all individuals are clustered
within the southern California population, for RAXML. Although the trees were
weakly supported, there were several well supported clusters of individuals
(bootstrap support > 50) across both analyses. The PNW population was very
well supported in both analyses and always clustered within the Northern
population (Fig. 3.1; Appendix Figure 3.9.5). All individuals in the southern
California population clustered together (and some relationships were well
supported) in both analyses but the overall group was weakly supported. Another
group of individuals that were very well supported in both analyses were 7
individuals from the same locality in Canada, which were a part of the Northern
population (Fig. 3.1).

3.4.4 Demographic modeling:

Using FSC2, the model that best fit the data according to AIC was
scenario 15 (Table 3.1; Appendix Table 3.9.3; Fig. 3.1). This involved the
Northern and southern California populations coalescing most recently, with an
older coalescent event between the Northern/ southern California cluster and the
PNW population (Fig. 3.3; see Appendix Table 3.9.4 for confidence intervals).
There were several other scenarios that had a reasonably good fit, however
(scenarios 1, 10, 13, 14, and 19: delta AIC <5; Table 3.1). They all had the same
sequence of coalescent events, but with recent migration events only between
the northern and southern California populations, and different population
expansion scenarios (see Appendix Table 3.9.5 for direct parameter estimates
for these models).

Scenario 15 estimated the Northern and southern California populations
coalescing about 78 ka (60,747— 95,799) and the ancestral Northern/southern
California lineages coalescing with the PNW population about 158 kya (136,945
—178,201; Fig. 3.3). All three populations had moderate to large effective
population sizes (> 50 thousand individuals), with the PNW group having a recent
population expansion event.

3.4.5 Ecological niche modeling:

The optimal Maxent settings for Peromyscus maniculatus was the Linear,
Hinge, and Quadratic features with a RM = 6.0 (Appendix Table 3.9.6). This
model had an AUC of 0.71 and an omission rate of 0.12. ENM for P. maniculatus
inferred suitable environment present throughout the entire known range of these
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lineages for current conditions, and a severe reduction of northern habitat south
of the ice sheets during the LGM relative to the contemporary range (Fig. 3.4A,
B).

3.4.6 Range expansion:

For the whole “Northern” population, the range expansion analysis
indicated the origin of expansion was in northwest British Columbia, Canada (Fig.
3.4B, C) although the results were not significant (p>0.05). When we removed
the Canadian locality, the range expansion analysis indicated the origin of
expansion for the Northern population was in the southwest United States of
America; however, these results were again not significant (p>0.05; Fig. 3.4B, C).
The origin of expansion for the southern California population was the San
Francisco Bay area (p<0.001), and for the PNW population it was Southeast
Alaska, the Heceta Islands (p<0.001; Fig. 3.4B, C).

3.4.7 Interpolating genetic diversity:

The interpolation analysis indicated the region with the highest genetic
diversity across all localities was in the Pacific Northwest (Fig. 3.4C). There is
also a smaller area of high diversity in Southern California, and a region of
moderate diversity on the coast of central California to southern Oregon. Areas
with the least diversity were across the Rocky Mountains and the Great Plains
(Fig. 3.4C).

3.5 Discussion:

The spatial distributions of intraspecific genetic diversity and the role of
climate refugia shapes the evolutionary and ecological processes of populations
and possibly determines the potential for population and species persistence in
the face of future climate change (Pauls et al., 2013; Yannic et al., 2014; Brown
et al., 2016). By using a multilocus SNP dataset combined with ENMs and
demographic modeling, we were able to determine the dynamic history of several
lineages within Peromyscus maniculatus across western North America. Here,
we show how three populations of P. maniculatus have responded to past
climatic shifts by contracting and expanding its range over the last 200,000
years, and the influence of those changes on overall genetic diversity across the
species.

3.5.1 Impacts of glacial cycles on population structure:

The Pleistocene glacial-interglacial cycles have impacted the distribution
of genetic diversity (Hewitt, 2004; Hope et al., 2015; Burbrink et al., 2016) and
led to cycles of population fragmentation and merger in many North American
species (Arbogast, 2007; Malaney et al., 2013; Jezkova et al., 2015, 2016;
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Massatti and Knowles, 2016; Sim et al., 2016; Reid et al., 2019; Boria et al.,
2020). All population-level analyses indicate there is significant population
structure within Peromyscus maniculatus. These analyses support a three-
population model—1) southern California; 2) a small population nested within the
broader Pacific Northwest [PNW]; 3) the Pacific Northwest through central
California, across the Rocky Mountains and through the Great Plains (Fig. 3.1;
Appendix Figure 3.9.1; [Northern]). Although these lineages have been
previously sequenced with only a few loci, overall population structure was based
solely on phylogenetic trees (see future direction for further discussion on deer
mouse phylogenetics; Dragoo et al., 2006; Kalkvik et al., 2012; Sawyer et al.,
2017) and detailed population structure was unknown. However, we did recover
the Northern and southern California populations similar to lineages One and Six
(respectively) in Kalkvik et al. (2012) and a PNW population that is similar to a
lineage described as “P. manicualtus west” in Sawyer et al. (2017).

The demographic analysis based on the SFS indicated the divergence
between the PNW population and the lineage leading to the Northern/southern
California populations dates back to about 160 thousand years ago (Fig. 3.3),
which is very similar to previous estimates (Sawyer et al. 2017). This timing
coincides with Marine Isotope Stage (MIS) 6 glacial period (Lisiecki and Raymo,
2005; Kawamura et al., 2007). P. maniculatus likely expanded from a refugium in
the southern part of North America as temperatures warmed during the MIS 7
interglacial (approximately 243 kya; Kawamura et al., 2007). None of the
demographic scenarios included any migration between the PNW and either of
the other two populations (Table 3.1), and there is also very high population
differentiation between the PNW and Northern and southern California
populations. Together, this indicates that the three populations remained isolated
enough through the proceeding glacial and interglacial periods to maintain
significant population differentiation. Lastly, the PNW population has experienced
a recent population expansion event (Fig. 3.3) coincident with genetic evidence
in the pacific northwest (Sawyer et al. 2017) and fossil evidence from northern
California (Blois et al., 2010) with this species, and also very similar to a pattern
of recent expansion events seen in North American snakes (Burbrink et al.,
2016).

The Northern and southern California populations diverged much more
recently, about 78 kya during the MIS5 interglacial-glacial transition (Fig. 3.3;
Lisiecki and Raymo, 2005; Kawamura et al., 2007). This timing estimate is
slightly younger than previous estimates (Sawyer et al., 2017) and this time
period corresponds to a highly variable, relatively warm interglacial substage of
MIS5 (MIS5a). These two populations are much less differentiated and several
demographic scenarios having a reasonably good fit included migration between
these two groups (Table 3.1). Although the best fit model did not include recent
population expansion, three of the top six models included recent expansion
events for both populations (Table 3.1, Fig. 3.2).
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3.5.2 Potential areas of refugia and expansion:

During the glacial phases of the Pleistocene, colder climate and the
physical formation of large glaciers that covered most of northern North America
(Dansgaard et al., 1993; Kleman et al., 2010) forced species to retreat to refugia,
local areas where species were able to persist (Stewart et al., 2010). The exact
nature of climate and landscape change was variable across regions, but within a
region species were broadly exposed to similar environmental conditions. Yet,
evidence suggests many species responded individualistically to these
environmental changes (Jackson and Overpeck, 2000). Typically in western
North America, species persisted in refugia located in: 1) Beringia; 2) Pacific
Northwest coast; 3) one of the many potential regions south of the continental ice
sheets (see Waltari et al., 2007; Pielou, 1991; Fleming and Cook, 2002;
Eddingsaas et al., 2004; Sawyer et al., 2017), with almost no mammal species
occupying all three regions (for a possible exception see Dawson et al., 2014).
Here, we provide evidence that Peromyscus maniculatus responded to
Pleistocene climate changes by expanding its range during interglacial periods
and contracting its range during glacial periods (Fig. 3.4), occupying at least two
of the main refugial areas in the western United States — 1) Pacific Northwest
coast; 2) south of the continental ice sheets.

Previously, Peromyscus maniculatus was thought to have only occupied
regions south of the continental ice sheets during glacial periods and expanded
north only during the interglacial periods (Dragoo et al., 2006), with other
Peromyscus species inhabiting the Pacific Northwest coast (P. keeni; Lucid and
Cook, 2004) and Beringia (Peromyscus sp; Sawyer et al., 2017) glacial refugia.
However, previous studies only used mitochondrial DNA (e.g., Dragoo et al.,
2006), or mitochondrial DNA with four nuclear loci (Sawyer et al., 2017). Here,
we have assembled the largest multilocus SNP dataset to date for these
populations. We show that at least one population of P. maniculatus, PNW, had a
glacial refugium located on the Pacific Northwest coast (Fig. 3.4). The ENMs
indicate moderate suitability during the LGM in this region (Fig. 3.4B), and range
expansion analysis that identifies the likely origin of expansion as the Heceta
Islands, Alaska (Fig. 3.4C), an area that was possibly accessible during the LGM
when sea levels were much lower in the region (Mann and Hamilton, 1995). The
map of interpolated heterozygosity indicate the regions of highest diversity are in
the Pacific Northwest, providing further evidence the PNW lineage has been
inhabiting stable environmental conditions through the glacial-interglacial cycles
and accumulating genetic diversity (Fig. 3.4C; Carnaval et al., 2009).

The much larger Northern population likely had multiple refugia during
glacial periods. During the LGM, there was a severe reduction in the suitability of
northern regions south of the continental ice sheets, with moderate suitability in
the Pacific Northwest and high suitability from northern California to areas further
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to the south (Fig. 3.4). The range expansion analysis for the entire Northern
population reveals a possible origin of expansion in northwest British Columbia,
Canada (near the southeast Alaska border) although the results were not
significant. This location is similar to the “minor refugium” found in other species
(e.g., Sim et al., 2016; reviewed by Shafer et al., 2010). The most northern
locality within this group is in northwest British Columbia, Canada and it has the
highest level of diversity (Fig. 3.1; Fig. 3.4), indicative of a refugium for the
Northern population. If the Canadian individuals are removed, the origin of
expansion for the Northern lineage is further south in Arizona, USA (Fig. 3.4C),
though again the results were not significant. This region was predicted as highly
suitable during the LGM, although it is a region with low genetic diversity (Fig.
3.4C), which is contrary to expectations for a refugium.

Much of the contemporary distribution of the southern California
population was also highly suitable during the LGM (Fig. 3.4B). The origin of
expansion for this lineage was near the San Francisco Bay-Delta region, a
known lineage diversity hotspot in California for reptiles, amphibians (Rissler et
al., 2006), and possibly mammals (Boria et al., 2020). This region has a
moderate level of genetic diversity (Fig. 3.4C), possibly indicating that the San
Francisco Bay-Delta region served as a refugium as well. There is also a hotspot
of genetic diversity and high suitability during the LGM in Baja California, Mexico;
however, greater sampling depth for the southern California population
(specifically along the Baja peninsula) is needed to determine if this could have
also been a refugium.

3.5.3 Future directions:

Peromyscus maniculatus likely represents a species complex with several
described species within the clade. Highly supported phylogenetic trees show six
monophyletic lineages within P. maniculatus (see Dragoo et al., 2006; Kalkvik et
al., 2012); however, these studies only relied on mitochondrial DNA. Recently,
Sawyer et al. (2017) used mitochondrial DNA and four nuclear loci with an
emphasis on assessing the relationships of Peromyscus species in the Pacific
Northwest. This study produced a mostly unsupported tree, similar to the results
found here, likely due to incomplete lineage sorting (Sawyer et al., 2017). Much
more data (genomic and morphological, across all geographic regions and not
just western North America) is needed to fully resolve the lineage relationships
within P. maniculatus. Furthermore, although we are confident the PNW
population identified here is clustered firmly within P. maniculatus, it is possible
that additional data would show the group we identified is P. keeni. More in-depth
genomic sampling for this species is needed to understand the dynamic,
population-level processes in the Pacific Northwest.

Site frequency spectrum simulations are an extremely valuable tool, albeit
one with some limitations (Hickerson, 2014). Specifically, although we choose a
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range of different models, we are only exploring a small sample of parameter
space, and the demographic history of P. maniculatus is probably much more
complex. For example, there were several models with a reasonably good fit, and
they all had very similar point estimates for demographic parameters (Appendix
Table 3.9. 5). Additionally, the mutation rate assumed in these models are based
on data from humans and could impact the inferences presented here. Lastly, the
demographic analyses would also be improved with greater sampling so that we
could model the history for each individual population as well. Nonetheless,
genome-wide datasets and the potential to exploit SFS patterns is a huge
advance in the field of population genetics and these data and methods will
continue to provide insight into complex biogeographic histories.
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3.7 Tables

Table 3.1: Top six demographic scenarios using fastsimcoal2 according to AIC
scores for Peromyscus maniculatus across its range in western North America.
Scenario 15 was indicated as the model that best fit the data.

Scenarios | Parameters AIC AAIC AlICw
S15 8 751.068 0 0.43
S1 7 752.490 1.422 0.21
S10 9 753.496 2.428 0.13
S13 8 754.531 3.463 0.08
S14 8 754.784 3.716 0.07
S19 10 755.188 4.120 0.05
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3.8 Figures

5000

4000

3000

2000

1000

Figure 3.1: Figure 1. The geographic structure of Peromyscus maniculatus across its range in
western North America. Species tree, geographic position of the sampled localities, and
STRUCTURE results showing K = 2 and K = 3. Colors on the branch tips correspond to the
population individuals were placed within STRUCTURE, and the size of the circles on the map
indicate the number of individuals sampled per locality. The black circles at nodes indicate
bootstrap support > 50%. ** is used to denote the Canadian locality found within the Northern
population.
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Figure 3.2: The 21 phylogeographic hypotheses used to simulate demographic
history for Peromyscus maniculatus in western North America. The parameters
included contemporary population size for the three populations, their ancestral

population sizes, migration rates between the populations, recent population
expansion events, and the timing of divergence.
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Figure 3.3: The best fit model and parameter estimates of demographic history
for Peromyscus maniculatus in western North America.
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Figure 3.4: Ecological niche models and interpolation of genetic diversity for
Peromyscus maniculatus in western North America: A) inferred habitat suitability at the
present; B) inferred habitat suitability during the Last Glacial Maximum; C) interpolation
of heterozygosity. Note the reduction of possible suitable areas in the past for P.
maniculatus and the high amount of genetic diversity in the Pacific Northwest. The blue
pixels in B indicate ice or paleolakes during the Last Glacial Maximum. The yellow, blue,
and red stars in B and C indicate the origin of expansion for the Northern, southern
California, and PNW populations, respectively. The yellow star with the black outline
represents the origin of expansion for the Northern population with all individuals and the
yellow star with no outline is the origin of expansion without the Canadian population.



3.9 Appendix

Appendix Table 3.9.1: Gazetteer of specimens corresponding to localities of
Peromyscus maniculatus employed in this study. Species, museum catalog
number, and geographic coordinates (in decimal degrees). Samples used in this
study are held at the Burke Museum (BM), Field Museum, Museum of
Southwestern Biology (MSB), Museum of Vertebrate Zoology (MVZ), and
University of Alaska Museum of the North (UAM). Dr. Dean Pearson (DP), Dr.
Jessica Blois, (JLB) and Robert Boria (RAB) also provided tissues used in this

project.

species Sample Name | Latitude Longitude

Peromyscus maniucalatus | BM_78895 42.08 -113.74
Peromyscus maniucalatus | BM_78900 42.08 -113.71
Peromyscus maniucalatus | BM_78904 42.09 -113.7
Peromyscus maniucalatus | BM_78907 42.09 -113.7
Peromyscus maniucalatus | BM_79650 42.08 -113.7
Peromyscus maniucalatus | BM_79651 42.08 -113.69
Peromyscus maniucalatus | BM_79669 42.07 -113.68
Peromyscus maniucalatus | BM_79673 42.09 -113.72
Peromyscus maniucalatus | BM_79675 42.08 -113.68
Peromyscus maniucalatus | BM_79676 42.08 -113.73
Peromyscus maniucalatus | BM_ 80111 45.05 -123.93
Peromyscus maniucalatus | BM_80112 45.05 -123.93
Peromyscus maniucalatus | BM_80113 45.05 -123.93
Peromyscus maniucalatus | BM_ 80114 45.05 -123.93
Peromyscus maniucalatus | BM_80115 45.05 -123.93
Peromyscus maniucalatus | BM_80116 45.05 -123.93
Peromyscus maniucalatus | BM_80117 45.05 -123.93
Peromyscus maniucalatus | BM_ 80118 45.05 -123.93




Peromyscus maniucalatus | BM_80119 45.05 -123.93
Peromyscus maniucalatus | BM_80159 45.05 -123.93
Peromyscus maniucalatus | BM_80265 4481 -117.68
Peromyscus maniucalatus | BM_80266 4481 -117.68
Peromyscus maniucalatus | BM_80267 4481 -117.68
Peromyscus maniucalatus | BM_80268 4481 -117.68
Peromyscus maniucalatus | BM_80269 4481 -117.68
Peromyscus maniucalatus | BM_80270 4481 -117.68
Peromyscus maniucalatus | BM_80271 4481 -117.68
Peromyscus maniucalatus | BM_80272 4481 -117.68
Peromyscus maniucalatus | BM_80273 4481 -117.68
Peromyscus maniucalatus | BM_80274 4481 -117.68
Peromyscus maniucalatus | DP_1 46.28 -113.99
Peromyscus maniucalatus | DP_10 46.28 -113.99
Peromyscus maniucalatus | DP_11 46.28 -113.99
Peromyscus maniucalatus | DP_2 46.28 -113.99
Peromyscus maniucalatus | DP_3 46.28 -113.99
Peromyscus maniucalatus | DP_5 46.28 -113.99
Peromyscus maniucalatus | DP_6 46.28 -113.99
Peromyscus maniucalatus | DP_7 46.28 -113.99
Peromyscus maniucalatus | DP_8 46.28 -113.99
Peromyscus maniucalatus | DP_9 46.28 -113.99
Peromyscus maniucalatus | FMNH 186230 38.52 -109.28
Peromyscus maniucalatus | FMNH 186231 38.52 -109.28
Peromyscus maniucalatus | FMNH 186232 38.52 -109.28
Peromyscus maniucalatus | FMNH 186233 38.52 -109.28
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Peromyscus maniucalatus | FMNH 186234 38.52 -109.28
Peromyscus maniucalatus | FMNH 186235 38.52 -109.28
Peromyscus maniucalatus | FMNH 186236 38.53 -109.28
Peromyscus maniucalatus | FMNH 186237 38.53 -109.28
Peromyscus maniucalatus | FMNH 186239 38.53 -109.28
Peromyscus maniucalatus | FMNH 186240 38.53 -109.28
Peromyscus maniucalatus | FMNH 186475 41.16 -112.93
Peromyscus maniucalatus | FMNH 186476 41.16 -112.93
Peromyscus maniucalatus | FMNH 186477 41.16 -112.93
Peromyscus maniucalatus | FMNH 186478 41.16 -112.93
Peromyscus maniucalatus | FMNH 186479 41.16 -112.93
Peromyscus maniucalatus | FMNH 186480 41.16 -112.93
Peromyscus maniucalatus | FMNH 186481 41.16 -112.93
Peromyscus maniucalatus | FMNH 186482 41.16 -112.93
Peromyscus maniucalatus | FMNH_ 186483 41.16 -112.93
Peromyscus maniucalatus | FMNH 186484 41.16 -112.93
Peromyscus maniucalatus | FMNH 186485 41.16 -112.93
Peromyscus maniucalatus | FMNH 219725 41.69 -118.74
Peromyscus maniucalatus | FMNH 219726 41.69 -118.74
Peromyscus maniucalatus | FMNH 219727 41.69 -118.74
Peromyscus maniucalatus | FMNH 219728 41.69 -118.74
Peromyscus maniucalatus | FMNH 219729 41.69 -118.74
Peromyscus maniucalatus | FMNH 219730 41.69 -118.74
Peromyscus maniucalatus | FMNH 219731 41.69 -118.74
Peromyscus maniucalatus | FMNH 219732 41.69 -118.74
Peromyscus maniucalatus | FMNH 219733 41.69 -118.74
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Peromyscus maniucalatus | FMNH 219734 41.69 -118.74
Peromyscus maniucalatus | FMNH 219735 41.69 -118.74
Peromyscus maniucalatus | FMNH 219736 41.69 -118.74
Peromyscus maniucalatus | JLB 149 37.37 -120.41
Peromyscus maniucalatus | JLB 152 37.37 -120.41
Peromyscus maniucalatus | JLB 157 37.37 -120.41
Peromyscus maniucalatus | JLB 161 37.37 -120.41
Peromyscus maniucalatus | JLB 162 37.37 -120.41
Peromyscus maniucalatus | JLB 163 37.37 -120.41
Peromyscus maniucalatus | JLB 164 37.37 -120.41
Peromyscus maniucalatus | JLB 165 37.37 -120.41
Peromyscus maniucalatus | JLB 166 37.37 -120.41
Peromyscus maniucalatus | JLB 192 37.37 -120.41
Peromyscus maniucalatus | MSB_ 123069 34.82 -109.9
Peromyscus maniucalatus | MSB_ 123100 34.87 -109.79
Peromyscus maniucalatus | MSB_ 124063 34.05 -109.54
Peromyscus maniucalatus | MSB_ 124516 35.86 -106.42
Peromyscus maniucalatus | MSB_ 124517 35.86 -106.42
Peromyscus maniucalatus | MSB_ 40606 37.09 -119.72
Peromyscus maniucalatus | MSB_ 40623 37.09 -119.72
Peromyscus maniucalatus | MSB_40697 40.99 -124.05
Peromyscus maniucalatus | MSB 42374 33.85 -100.79
Peromyscus maniucalatus | MSB_ 42379 33.85 -100.79
Peromyscus maniucalatus | MSB_ 43431 47.22 -120.99
Peromyscus maniucalatus | MSB_ 43437 47.22 -120.99
Peromyscus maniucalatus | MSB_ 43442 47.22 -120.99
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Peromyscus maniucalatus | MSB_ 43631 41 -124.09
Peromyscus maniucalatus | MSB_ 43633 41 -124.09
Peromyscus maniucalatus | MSB_ 46243 31.53 -108.87
Peromyscus maniucalatus | MSB_ 46452 31.65 -108.76
Peromyscus maniucalatus | MSB_ 46453 31.65 -108.76
Peromyscus maniucalatus | MSB_ 47792 33.37 -116.83
Peromyscus maniucalatus | MSB 47794 33.37 -116.83
Peromyscus maniucalatus | MSB_47795 33.37 -116.83
Peromyscus maniucalatus | MSB_47797 32.05 -115.91
Peromyscus maniucalatus | MSB 47800 32.05 -115.91
Peromyscus maniucalatus | MSB_47801 32.05 -115.91
Peromyscus maniucalatus | MSB 53334 38.47 -119.26
Peromyscus maniucalatus | MSB 53335 38.47 -119.26
Peromyscus maniucalatus | MSB_ 53338 38.47 -119.26
Peromyscus maniucalatus | MSB_ 53342 44.33 -123.5
Peromyscus maniucalatus | MSB 53344 44.33 -123.5
Peromyscus maniucalatus | MSB_ 55813 35.52 -105.18
Peromyscus californicus | MVZ 198617 34.56 -118.56
Peromyscus californicus | MVZ 198618 34.71 -118.54
Peromyscus californicus | MVZ_ 198687 34.31 -117.54
Peromyscus maniucalatus | MVZ_ 198740 34.22 -116.97
Peromyscus maniucalatus | MVZ 198741 34.22 -116.97
Peromyscus maniucalatus | MVZ 198742 34.22 -116.97
Peromyscus maniucalatus | MVZ_ 198743 34.22 -116.97
Peromyscus maniucalatus | MVZ 198744 34.22 -116.97
Peromyscus maniucalatus | MVZ 198745 34.22 -116.97
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Peromyscus maniucalatus | MVZ_ 198746 34.22 -116.97
Peromyscus maniucalatus | MVZ 198747 34.22 -116.97
Peromyscus maniucalatus | MVZ 198748 34.22 -116.97
Peromyscus maniucalatus | MVZ_ 198750 34.22 -116.94
Peromyscus maniucalatus | MVZ_ 198753 34.22 -116.94
Peromyscus maniucalatus | MVZ_ 198757 34.22 -116.98
Peromyscus maniucalatus | MVZ 198758 34.22 -116.98
Peromyscus maniucalatus | MVZ_ 198759 34.22 -116.98
Peromyscus maniucalatus | MVZ_ 198760 34.79 -119
Peromyscus maniucalatus | MVZ 200045 34.22 -116.98
Peromyscus maniucalatus | MVZ_ 200046 34.79 -119
Peromyscus maniucalatus | MVZ 202865 34.79 -119
Peromyscus maniucalatus | MVZ_ 202866 36.37 -121.54
Peromyscus maniucalatus | MVZ_ 206952 36.37 -121.54
Peromyscus maniucalatus | MVZ 208660 37.89 -122.23
Peromyscus maniucalatus | MVZ 208661 34.79 -119
Peromyscus maniucalatus | MVZ_ 208662 34.79 -119
Peromyscus maniucalatus | MVZ 208671 34.79 -119
Peromyscus maniucalatus | MVZ_ 208693 34.8 -119
Peromyscus maniucalatus | MVZ 208694 34.8 -119
Peromyscus maniucalatus | MVZ 208695 34.8 -119
Peromyscus maniucalatus | MVZ_ 208697 34.8 -119
Peromyscus maniucalatus | MVZ 217208 38.12 -119.48
Peromyscus maniucalatus | MVZ_ 217209 38.12 -119.48
Peromyscus maniucalatus | MVZ 217210 38.12 -119.48
Peromyscus maniucalatus | MVZ 217211 38.12 -119.48

99



Peromyscus maniucalatus | MVZ 217212 38.12 -119.48
Peromyscus maniucalatus | MVZ 217213 38.12 -119.48
Peromyscus maniucalatus | MVZ 217214 38.12 -119.48
Peromyscus maniucalatus | MVZ 217215 38.12 -119.48
Peromyscus maniucalatus | MVZ 217216 38.12 -119.48
Peromyscus maniucalatus | MVZ 217217 38.12 -119.48
Peromyscus maniucalatus | MVZ 217218 38.12 -119.48
Peromyscus maniucalatus | MVZ 217219 38.12 -119.48
Peromyscus maniucalatus | MVZ_ 217220 38.12 -119.48
Peromyscus maniucalatus | MVZ_ 217223 38.12 -119.48
Peromyscus maniucalatus | MVZ 219103 38.5 -117.25
Peromyscus maniucalatus | MVZ 227135 37.89 -122.24
Peromyscus maniucalatus | MVZ 227136 38.5 -117.25
Peromyscus maniucalatus | MVZ 227137 38.5 -117.25
Peromyscus maniucalatus | MVZ 227138 38.5 -117.25
Peromyscus maniucalatus | MVZ 227139 38.5 -117.25
Peromyscus maniucalatus | MVZ 227140 38.5 -117.25
Peromyscus maniucalatus | MVZ 227141 38.5 -117.25
Peromyscus maniucalatus | MVZ 227142 38.5 -117.25
Peromyscus maniucalatus | MVZ 227143 38.5 -117.25
Peromyscus maniucalatus | MVZ 227146 38.5 -117.25
Peromyscus maniucalatus | MVZ 227162 38.5 -117.25
Peromyscus maniucalatus | MVZ 227163 37.9 -122.18
Peromyscus maniucalatus | MVZ 227164 37.87 -122.18
Peromyscus maniucalatus | MVZ 227166 37.9 -122.18
Peromyscus maniucalatus | MVZ_ 228329 38.5 -117.25
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Peromyscus maniucalatus | MVZ 228331 38.5 -117.25
Peromyscus maniucalatus | MVZ 228334 38.5 -117.25
Peromyscus maniucalatus | MVZ 228335 37.9 -122.18
Peromyscus maniucalatus | MVZ 228336 37.9 -122.18
Peromyscus maniucalatus | MVZ 230285 37.85 -122.2
Peromyscus maniucalatus | MVZ 232439 37.89 -122.25
Peromyscus maniucalatus | MVZ 239610 34.81 -118.89
Peromyscus maniucalatus | MVZ 239611 34.81 -118.89
Peromyscus maniucalatus | MVZ 239612 34.81 -118.89
Peromyscus maniucalatus | MVZ 239613 34.81 -118.89
Peromyscus maniucalatus | MVZ 239617 34.81 -118.89
Peromyscus maniucalatus | RAB 1 47.24 -121.19
Peromyscus maniucalatus | RAB 11 47.24 -121.19
Peromyscus maniucalatus | RAB 2 47.24 -121.19
Peromyscus maniucalatus | RAB 3 47.24 -121.19
Peromyscus maniucalatus | RAB 4 47.24 -121.19
Peromyscus maniucalatus | RAB 5 47.24 -121.19
Peromyscus maniucalatus | RAB 6 47.24 -121.19
Peromyscus maniucalatus | RAB 7 47.24 -121.19
Peromyscus maniucalatus | RAB 8 47.24 -121.19
Peromyscus maniucalatus | RAB 9 47.24 -121.19
Peromyscus maniucalatus | UAM_ 35337 59.56 -133.67
Peromyscus maniucalatus | UAM_ 35338 59.56 -133.67
Peromyscus maniucalatus | UAM_ 35339 59.56 -133.67
Peromyscus maniucalatus | UAM_ 35343 59.56 -133.67
Peromyscus maniucalatus | UAM_ 71532 56.72 -129.78
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Peromyscus maniucalatus | UAM_ 71542 56.69 -129.77
Peromyscus maniucalatus | UAM 71548 56.69 -129.77
Peromyscus maniucalatus | UAM_ 71549 56.69 -129.77
Peromyscus maniucalatus | UAM_ 71580 60.63 -135.17
Peromyscus maniucalatus | UAM_ 71581 60.63 -135.17
Peromyscus maniucalatus | UAM_ 71622 60.71 -135.2
Peromyscus maniucalatus | UAM_35335B 59.56 -133.67
Peromyscus maniucalatus | UAM 35336 59.56 -133.67
Peromyscus maniucalatus | UAM_35336B 59.56 -133.67
Peromyscus maniucalatus | UAM 35342 59.56 -133.67
Peromyscus maniucalatus | UAM 71527 56.72 -129.78
Peromyscus maniucalatus | UAM 71528 56.72 -129.78
Peromyscus maniucalatus | UAM_71529B 56.72 -129.78
Peromyscus maniucalatus | UAM_71531 56.72 -129.78
Peromyscus maniucalatus | UAM_71531B 56.72 -129.78
Peromyscus maniucalatus | UAM 71533 56.72 -129.78
Peromyscus maniucalatus | UAM_71533B 56.72 -129.78
Peromyscus maniucalatus | UAM 71546 56.69 -129.77
Peromyscus maniucalatus | UAM_71546B 56.69 -129.77
Peromyscus maniucalatus | UAM 71547 56.69 -129.77
Peromyscus maniucalatus | UAM 71620 60.71 -135.2
Peromyscus maniucalatus | UAM_71620B 60.71 -135.2
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Appendix Table 3.9.2: The cross-validation results of ADMIXTURE for
Peromyscus maniculatus across its range in western North America indicating

K=3 model as optimal.

Populations | CV error
K=1 0.17229
K=2 0.16606
K=3 0.16369
K=4 0.16705
K=5 0.17383
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Appendix Table 3.9.3: The demographic scenarios using fastsimcoal2
according to AAIC for Peromyscus maniculatus across its range in western

North America. Scenario 15 was indicated as the model that best fit the data.
See Figure 2 for a full explanation of the different scenarios.

104

models Parameters AIC delat AIC weights

s 7 752.489 1.42164145 0.21006496
S2 7 767.378211 16.3101567 0.00012284
S3 7 767.392027 16.3239722 0.000122
sS4 13 761.464099 10.3960446 0.00236367
S5 13 761.47331 10.405255 0.00235281
S6 13 761.795672 10.7276169 0.00200257
S7 15 765.468705 14.4006498 0.00031915
S8 15 761.264184 10.1961294 0.00261215
S9 15 765.468705 14.4006498 0.00031915
S10 9 753.496336 2.42828083 0.12698858
s11 9 771.373606 20.3055515 1.6663E-05
S12 9 771.387422 20.319367 1.6549E-05
S13 8 754.531143 3.46308798 0.0756936
S14 8 754.784427 3.71637234 0.06668976
S15 8 751.068055 0 0.42762111
S16 9 756.517327 5.44927247 0.02803914
S17 9 771.373606 20.3055515 1.6663E-05
S18 9 768.122356 17.0543013 8.4677E-05
S19 10 755.187789 4.11973442 0.05450925
S20 10 771.692719 20.6246644 1.4206E-05
S21 10 770.163803 19.0957479 3.0512E-05
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Appendix Table 3.9.4: Re-estimated parameter values from 100 simulated Site
Frequency Spectrums (and 95% confidence intervals) for best fit model, scenario 15,
from Fastsimcoal2 for Peromyscus maniculatus across its range in western North
America. See Figure 2 for a graphical depiction of the scenario.

Parameters Estimates
Northern 262,547 (136,740 — 388,354)
southern California 58,111 (11,035 -105,187)
PNW 778,574 (548,678 — 1,008,471)
Nk ancestral All 81,725 (62,937 - 100,513)

Nk ancestral Northern +

southern California 457,047 (343,020- 571,074)

TDIV Northern +
southern California 78,272.95 (60,747.4 — 95,798.5)
R1 221 x 109 (-2.79x 10%°-1.63 x 10 %)

TDIV All 157,572.75 (136,944.6 — 178,200.9)
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Appendix Table 3.9.5: Direct parameter estimates for the six best fit models using
Fastsimcoal2 for Peromyscus maniculatus across its range in western North America.

Parameters S1 S 10 S13 S14 S15 S 19
Northern 7,444,378 7,180,900 7,551,339 7,549,571 | 7,549,053 | 7,544,285
southern
California 2,820,041 4,200,050 2,934,639 | 2932913.5 | 2,675,763 | 2,844,682
PNW 534,564 654,517 534,062 529893.5 | 4,354,998 | 4,793,944
NE ancestral
All 110 496.5 305 190 337.5 442.5
NE ancestral
Northern +
southern
California 7,537,017 311,817 7,480,539 | 7260701.5 | 7,556,107 | 7,405,540
TDIV
Northern +
southern
California 104,782.5 348,328 102,555 109,891 | 94,090.5 101,778
-1.166 x 10 -4.095 x
R1 - - ? - - 10°
-6.317 x -6.296 x
R2 - - - 10° - 10°
- 9434 x| -9.669 x
R3 - - - 10°¢ 10°¢
5.693 x 10 -
MIG - 1 - - -
9.376 x 10 - - -
MIG - 1
TDIV
Northern +
southern
California 355,057 349,292 355,293 352,434 363,787 358,182




Appendix Table 3.9.6: Summary statistics for the top five performing Maxent
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models for Peromyscus maniculatus across its range in western North America.

We used the top performing setting to generate the ENM predictions.

Summary statistics
Settings | OR1o AUCtest
LQH_6 0.12125 | 0.7055
LQHT_6 | 0.12125 | 0.7053
LQH_3 0.14125 | 0.7602
LQHT_3 | 0.14125 | 0.7581
LQH_4 |0.15125| 0.7489
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Appendix Figure 3.9.1: The population structure of Peromyscus maniculatus
across its range in western North America. A. The Admixture results on all

individuals indicating K = 3 B. The discriminate analysis of principal components
(DAPC) results also showing K = 3.
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Appendix Figure 3.9.2: The results from Structure on Peromyscus maniculatus
across its range in western North America and for the northern and southern
California populations. A. The AK results for all individuals used to determine the
optimal K = 2. B. The AK results for the northern and southern California
populations used to determine the optimal K = 2. C. The Structure plot for the
northern and southern California populations using K = 2. Each line represents
one individual depicting the amount of shared ancestry.
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Appendix Figure 3.9.3: Plot of genetic distance by geographic distance for all
sampled individuals of Peromyscus maniculatus across its range in western North
America. Note there is significant isolation by distance (r= 0.614, p<0.001).
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Appendix Figure 3.9.4: Plots of genetic distance by geographic distance for all
populations of Peromyscus maniculatus across its range in western North
America: A) Northern (r = 0.469, p<0.001); B) southern California (r = 0.266,
p<0.001); C) PNW: r = 0.917 (p<0.001). Note that there is significant isolation by
distance found within each population.
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Appendix Figure 3.9.5: The RAXML phylogenetic tree for Peromyscus maniculatus across
its range in western North America. Note that all individuals were nested within the southern

California population.





