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Abstract
Identifying the processes shaping spatial patterns of genomic variation among species is

important for conserving biodiversity. The Wrentit (Chamaea fasciata) is an endemic, sedentary
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songbird inhabiting lowland chaparral habitats across the California Floristic Province. We used
a whole genome landscape phylogeographic approach for understanding the most important
drivers of spatial genomic variation (e.g., isolation by history, isolation by distance, or isolation
by environment) and for identifying signatures of selection across climatic gradients. We found
support for two genomic ancestral populations geographically divided by an axis running from
northwest to southeast across the California Floristic Province. We also found two putative
contact zones, one near the San Francisco Bay Area and another where the southern Sierra
Nevada meet the southern California mountains. Admixture is minimal and confined primarily
along the central California coast. Genomic diversity is higher among southern populations
compared to the north, indicating a stable southern ancestral origin. Our demographic divergence
models best supported a Pleistocene founder event >1.4 million years ago of the northern
populations from the southern populations. Isolation by history (e.g., population structure) was
identified as the most important driver of genomic variation. Nonetheless, we identified
signatures of adaptive variation across the range of the Wrentit, with significant outlier loci
correlating strongly with increased precipitation gradients along the northern California and
Oregon coasts. These outliers mapped to genes associated with synapses, neuron development,
and immune system responses. Isolation by environment and isolation by distance patterns
shaped genomic diversity to some degree, but demographic history from historical colonization

during the Pleistocene is the primary driver of variation across the California Floristic Province.
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Introduction

Understanding the evolutionary processes that shape the distribution of genetic variation within
species is important for helping to identify and maintain biodiversity and inform conservation
strategies (Aitken et al., 2024; Andrello et al., 2022; Exposito-Alonso et al., 2022; Meek et al.,
2023). Spatial patterns of genomic diversification are often shaped by isolation by distance (IBD;
Wright, 1943), isolation by environment (IBE; Orr & Smith, 1998), or historical isolation (Mayr,
1999), hereafter referred to as isolation by history (IBH; Moreira et al., 2020). IBD describes a
pattern where gene flow between populations decreases as geographic distance increases, leading
to the accumulation of genetic variation among geographically distant populations (Wright,
1943). Alternatively, IBE occurs when population differentiation is correlated closely with
environmental conditions resulting from local adaptation as opposed to geographic distance

(Sexton et al., 2014). Lastly, IBH reflects genetic differentiation that accumulates when
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populations become physically isolated as a result of historical vicariance events, including
mountain uplift, historical seaways, or climatic events that fragment populations and reduce gene
flow (e.g., Bryson Jr. et al., 2016). Identifying the relative contribution of IBD, IBE, and IBH in
shaping the spatial distribution of genetic variation provides crucial insight into the mechanisms
that promote and maintain genetic diversity (e.g., Moreira et al., 2020).

Selective and non-selective evolutionary forces shape genome-wide patterns of genetic
variation (Kern & Hahn, 2018), which can be reflected in patterns of IBD, IBH, and IBE. Natural
selection acts on fitness-related variation, often contributing to spatial genetic patterns associated
with IBE (Nei et al., 2010; Orr, 2009). In contrast, non-selective forces—including genetic drift,
mutation, and gene flow—contribute to genome-wide differentiation through neutral
demographic processes and are often associated with patterns of IBD or IBH (Charlesworth et
al., 2003; Kimura, 1985). Reduced representation sequencing approaches such as genotype by
sequencing, restriction site associated DNA, and target capture sequence only a small fraction of
the genome, but are generally useful for exploring demographic patterns driven by neutral
variation (Davey & Blaxter, 2010). Signatures of IBE can also be detected in these smaller
datasets if gene flow is reduced enough between environments due to local adaptation, but
reduced representation datasets are limited in their ability to identify genes involved in local
adaptation (Shafer & Wolf, 2013). In contrast, whole-genome resequencing of individuals allows
for the detection of genome-wide variation including adaptive alleles under weak selection,
allowing for a more explicit test of IBE patterns shaped by climatic gradients (Forester et al.,
2018; Hoban et al., 2016). Critically, whole-genome sequencing offers the strongest insights into

selective and non-selective spatial processes, and consequently species’ capacity to respond to
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current and future anthropogenic-induced climate change (Aitken & Whitlock, 2013; Alberto et
al., 2013; Sgro et al., 2011; Sork et al., 2013).

The California Floristic Province is a globally recognized biodiversity hotspot in the
North American West known for its high richness of terrestrial plant and vertebrate species
(Myers et al., 2000), making it ideal for exploring patterns of species diversification.
Spatiotemporal patterns for many of these species are proposed to have been shaped by the
region’s unique topography, high number of distinct ecoregions, and climatic history, which
includes a series of glacial cycles during the Pleistocene (Raven & Axelrod, 1974). Emerging
biogeographical patterns indicate that several ecoregions consistently harbor elevated levels of
genetic and phenotypic diversity (Schierenbeck, 2014). For example, numerous taxa have shown
consistent phylogeographic breaks at or near the Transverse/Peninsular Ranges in southern
California, indicating a possible shared history at the community scale (Calsbeek et al., 2003;
Chatzimanolis & Caterino, 2007). Recently, a growing number of whole genome landscape
genomics studies of California Floristic Province vertebrate and invertebrate species have
allowed for the robust assessment of their genomic diversity patterns and signatures of selection,
providing important insight into preventing loss of biodiversity (Heraghty et al., 2023; Shaffer et
al., 2022; Song et al., 2025; Wooldridge et al., 2024). However, genomic studies of birds in this
region remain sparse, with most prior studies relying on neutral markers from mitochondrial
DNA (mtDNA) or reduced-representation datasets (Alexander & Burns, 2006; Burns et al.,
2007; Burns & Barhoum, 2006; Sgariglia & Burns, 2003), thus restricting their ability to infer
complex processes such as historical demography and adaptive evolution across the landscape.

The Wrentit (Chamaea fasciata) is a non-migratory bird species endemic to the

California Floristic Province and is primarily restricted to low elevation shrubland habitat
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(Grinnell & Miller, 1944). It has an especially limited dispersal ability with a natal dispersal of <
400 m (Baker et al., 1995), and individuals spend their entire lives on a single territory, in some
cases for over 10 years (Erickson, 1938). The biogeographic origin of the Wrentit is unique: this
species is the sole North American member of a large clade of over 600 species, with its nearest
relatives thousands of miles away in Asia. Previous research shows the Wrentit split from these
relatives around 10 million years ago (Cai et al., 2019). Since its arrival in North America, the
Wrentit has diversified both genetically and phenotypically (Bowers, 1960; Burns & Barhoum,
2006), but the factors underlying this diversification are unknown. Across the range of C.
fasciata, strong climatic gradients in humidity have been proposed to facilitate the development
of locally adapted traits among populations (Bowers, 1960; Grinnell & Miller, 1944). As a result,
populations distributed across humid environments along the California coast and in Oregon
exhibit darker plumage patterns, whereas populations in drier climates of southern and inland
California correspond to lighter plumage coloration. Thus, patterns of phenotypic and genetic
variation may be associated with environmental gradients resulting from adaptations to unique
selective pressures in these regions. For example, previous work suggests variation in plumage
darkness in birds may be an adaptive response to selective pressures associated with higher
parasite loads in humid environments (Delhey, 2019). Five subspecies of the Wrentit are
currently recognized (Clements et al., 2024) and are distinguished largely on the basis of
plumage color differences across their range (Browning, 1992; Dickinson et al., 2004; Geupel &
Ballard, 2023; A. R. Phillips, 1986). Briefly, these five subspecies are distributed as follows: (1)
Chamaea f. phaea, Klamath-Siskiyou region of coastal northwestern Oregon (Osgood, 1899);
(2) Chamaea f. margra, interior of southern Oregon in the southern Cascade Range (Browning,

1992); (3) C. f- rufula, chaparral in northwestern to west-central California along the northern
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Coast Ranges (Ridgway, 1902); (4) C. f. fasciata, central coastal California from Monterey
County to central San Luis Obispo County (Gambel & Ziegler, 1845); and (5) C. f- henshawi,
inner southern Coast Range and western slope of the Sierra Nevada through coastal southern
California (including the Transverse/Peninsular Ranges) to northern Baja California (Ridgway,
1882).

For this study, we obtained whole-genome sequences of C. fasciata individuals from
across their distribution within the California Floristic Province to address questions about the
processes driving spatial genetic differentiation and the importance of environmental gradients in
shaping their genetic and phenotypic diversity. We leveraged thorough sampling to apply a
landscape genomic approach for characterizing spatial genetic patterns across populations of C.
fasciata. Our overarching objectives were to: (1) establish a landscape picture of genomic
population structure, diversity, and gene flow, (2) investigate the demographic processes that
have shaped the present-day distribution of C. fasciata, and (3) test for genome-environment
associations to infer adaptive processes across the landscape. Using a whole-genome landscape
genetic approach, we assess the relative contributions of isolation by distance (IBD), isolation by
history (IBH), and isolation by environment (IBE) patterns on shaping spatial genetic variation
across the landscape. We hypothesize that environmental heterogeneity has promoted the
formation of locally adapted populations within C. fasciata, leading to IBE spatial genetic
patterns. Alternatively, findings of IBD and IBH patterns would suggest that non-selective
demographic processes may instead be the primary drivers of genomic variation resulting from
the region’s unique geological history.

Methods

Sampling
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We sampled tissues from 159 individuals representing the five subspecies of C. fasciata from 80
localities in California and Oregon (n=151 samples from California and n=8 samples from
Oregon). All tissue samples are vouchered by museum specimens (see Supplemental Table S1).
DNA was extracted from tissue samples using the Qiagen DNeasy extraction kit and following
the manufacturer’s protocols (Qiagen Inc., Valencia, California, USA). Libraries were prepared
using the Illumina Kapa preparation kit and submitted for whole genome resequencing on 3
[llumina NovaSeq platform 150 PE S4 lanes (see Benham et al. 2025a for details on wet lab
methods).

Read filtering, mapping, and SNP calling

We used the snpArcher pipeline to perform adapter trimming, read mapping, and variant calling
(Mirchandani et al., 2023). As part of this workflow, raw sequencing reads were quality-filtered
using fastp v0.20.1 (Chen et al., 2018) with automatic adapter detection for paired-end reads.
Reads were aligned to a single C. fasciata reference (Benham et al., 2025b; GenBank accession
no. GCF_029207755.1) genome using Sentieon's optimized BWA implementation (Kendig et
al., 2019) with the -M flag and batch processing size of 10,000,000 (-K 10000000), followed by
sorting with maximum BAM compression. BAM files were merged with samtools (Li et al.,
2009) and duplicate reads were identified using Sentieon's two-pass algorithm (LocusCollector
for scoring followed by Dedup for marking). Per-sample variant calling was performed with
Sentieon Haplotyper in GVCF mode using the multinomial genotype model (--genotype model
multinomial), emit and call confidence thresholds of 30, and ploidy set to 2. Joint genotyping
was executed using Sentieon GVCFtyper with variant-only emission mode (--emit_mode
VARIANT). Variants were filtered using GATK v4.1.8.0 VariantFiltration (McKenna et al.,

2010) following best practices (Van der Auwera et al. 2013) with the following criteria:
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ReadPosRankSum < -8.0 for SNPs and < -20.0 for indels, QD < 2.0, FS > 60.0 or SOR > 3.0 for
SNPs, FS > 200.0 or SOR > 10.0 for indels, MQ < 40.0, MQRankSum < -12.5, and QUAL <
30.0. As part of the quality control and postprocessing of VCFs, snpArcher uses Plink2
v2.00a2.3 (Chang et al. 2015) and ADMIXTURE (Alexander et al. 2009). The workflow was
orchestrated using Snakemake (Molder et al. 2021).

We applied several additional filters including removing all indels, non-biallelic SNPs,
SNPs with a minor allele frequency (maf)<0.01, SNPs with >75% missing data, and samples
with <2x sequencing depth. This filtered dataset is referred to throughout as our ‘high-quality’
SNP dataset and includes 18,441,292 SNPs in total. For our downstream analysis of the
functional impact of our SNPs, we used SnpEff v4.1 (Cingolani et al., 2012) to annotate SNPs
according to the gene annotation of a single C. fasciata reference (GCF_029207755.1).
Population structure
To identify population genetic structure, we filtered our high-quality SNP dataset for sites with
minor allele frequency (maf) threshold >0.05, with a p-value >0.01 for exact test of Hardy-
Weinberg Equilibrium and retained only autosomal scaffolds. To account for linkage
disequilibrium (LD), we randomly selected SNPs separated by a minimum distance of 1 kb with
‘beftools +prune -n 1 -N rand -w 1 kb’, resulting in a total of 817,234 SNPs. This pruning
window was informed by our analysis of linkage disequilibrium decay using popLDdecay
(Zhang et al., 2019; Figure S1). We first performed a principal component analysis (PCA) on all
159 C. fasciata samples with PLINK v1.9 (Chang et al., 2015). In addition, we used the software
ADMIXTURE v1.3 (Alexander et al., 2009) to estimate ancestry fractions and infer the most
likely number of populations in our dataset. To identify the optimal value for K, we used

ADMIXTURE’s cross-validation (cv) procedure with the —cv option to perform a 10-fold cv on
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a range of K values (1 to 10). In addition, we performed a discriminant analysis of principal
components (DAPC; Jombart et al., 2010).

We estimated genome-wide Fgp between genetic clusters identified from the
ADMIXTURE and DAPC results using the Weir and Cockerham’s Fgy estimator (Weir &
Cockerham, 1984) in VCFtools (Danecek et al., 2011). For each pairwise comparison, we
calculated non-overlapping 10 kbp windows.

For phylogenetic inference, we constructed a Maximum Likelihood (ML) tree in the 1Q-
TREE software (Nguyen et al., 2015). The most likely substitution model was identified using
the ModelFinder software (Kalyaanamoorthy et al., 2017) in IQ-TREE. Estimates of branch
support were obtained with the 1000 ultrafast bootstraps (Hoang et al., 2018). The ML Tree was
rooted using a single Vinous-throated Parrotbill sequence (Suthora webbiana;, SRR8271220).
Genomic diversity
Genome-wide nucleotide diversity (n) and Tajima’s D was estimated in 10kbp non-overlapping
sliding windows with VCFtools v0.1.17 (Danecek et al., 2011) for each genomic cluster
identified from our structure analysis, using the --window-pi 10000 option, and the --TajimaD
10000 option, respectively. We reported genome-wide values by calculating the median across
all windows. We estimated observed heterozygosity (Ho), expected heterozygosity (H.), and the
inbreeding coefficient (Fig) for each C. fasciata individual using PLINK v1.9 (Chang et al.,
2015) with the --het option.

Diversity rate (¢) and migration (m) rate estimates were visualized across the landscape
using estimated effective migration surfaces (EEMS; Petkova et al., 2016). For the input data, we
calculated a pairwise identity-by-state (IBS) matrix with PLINK v1.9 using our high-quality SNP

dataset with sex-linked scaffolds removed. EEMS settings were run using 400 demes, a single
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MCMC chain with 1 x 107 iterations, and a burn-in of 5 x 10°. We checked posterior
probabilities to ensure convergence.

Climatic niche modeling

To understand the role of history in shaping landscape diversity patterns in C. fasciata, we
constructed climatic niche models to predict contemporary distributions (~1960-1990; spatial
resolution of 2.5 arcminutes) in addition to historical distributions at the Last Glacial Maximum
(LGM; ~21,000 years BP; 2.5 arcminutes), Last Interglacial (LIG; ~120,000 —140,000 years; 30
arc-seconds) and Mid-Holocene (12,000 years BP; 2.5 arcminutes; Watanabe et al., 2010).
Models were constructed using the maximum entropy (MaxEnt; Phillips et al., 2004) algorithm
with the R package dismo (Hijmans et al., 2017). We used 19 bioclimatic layers downloaded
from the WorldClim database (Hijmans et al., 2005). Occurrence data from vouchered specimens
was used and totaled 159 observations. Data were cleaned to remove replicate localities, which
reduced the total number of observations to 80.

We ran an initial MaxEnt model using all 19 bioclimatic variables downloaded from
WorldClim based on contemporary conditions. To avoid model overfitting, we excluded highly
correlated variables based on Pearson’s correlation coefficient (r) tests using the corrplot package
in R. For each highly correlated pair of variables (e.g., r > 0.90), the variable with the larger
percent contribution to the model was retained. Final models were run using default software
settings and taking the average AUC (area under the receiver operating characteristic curve)
values of 10 replicates. The models were then projected to present-day climate conditions and
LIG, LGM, and mid-Holocene historical conditions.

Demographic history

11
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We used the program dacdi (Gutenkunst et al., 2009) to estimate demographic parameters
including divergence time (7)), changes in effective population sizes (Ne), and the timing and
levels of gene flow (m) experienced among distinct genetic clusters of C. fasciata. We filtered
our raw SNP dataset for the largest scaffold (JARCOQO010000001.1) and kept SNPs with <0%
missing data bringing the total number of SNPs to 4,804,850. We produced a folded joint site
frequency spectrum (jSFS) using the easySFS (https://github.com/isaacovercast/easySFS) Python
script, projecting samples to 168 and 150 chromosomes for the northern and southern genetic
clusters, respectively (proj=[168, 150]). We tested phylogeographic patterns of diversification in
C. fasciata by fitting eight divergence models: four vicariance and four founder event scenarios.
In each scenario, a single ancestral population splits into two, with fraction ‘s’ going into
population 1 (e.g., northern clade) and fraction (1-s) going into population 2 (e.g., southern
genetic cluster). For both the vicariance and founder event models, we varied the timing of when
migration occurs (strict isolation [SI]; isolation with continuous migration [IM]; secondary
contact [SC]; and ancient migration [AM]). For our four vicariance scenarios, both s and (1-s)
remain constant following the initial split. For our four founder event scenarios, the ancestral
population also splits into two, with a fraction ‘s’ going into the northern clade (the founder
population) but now allowed to grow exponentially to size Nel, while a fraction (1-s) goes into
the southern genetic cluster (the mainland population) but remains constant. Choosing the
northern clade as the founder population was informed by the ML tree topology (see results). To
optimize parameters for each demographic model, we performed 20 optimizations with a
maximum number of iterations set to 10. For each run, starting parameters were initially defined
based on biologically reasonable values and perturbed using the perturb params() function.

Parameters were optimized using the Nelder-Mead method (Nelder and Mead 1965). We defined

12
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our extrapolation grid size values as 170, 180, and 190 to ensure accuracy of the diffusion
approximation. To ensure that we found the global optimum, we performed a final optimization
routine with a maximum number of iterations set to 50, using as our starting parameters those
found from the previous optimizations with the lowest log-likelihood score. The set of
parameters with the lowest AIC score among all tested models was chosen as the best overall
demographic model. To convert parameters, we used the equation 8 = 4NeuL, where L was
estimated by multiplying the total base pairs from our callable sites by the fraction of SNPs used
in our analysis after projecting down. We used the average mutation rate for the Collared
Flycatcher (Ficedula albicollis; n = 2.3 x 10~%; Smeds et al., 2016). Uncertainty in parameter
estimates was assessed using 100 parametric bootstrap replicates of our original data. To convert
the divergence time parameter into years, we used a generation time of 2.6 years (IUCN 2019).
Spatial drivers of genomic differentiation

To identify which spatial processes or combination of processes best explain the observed
patterns of genomic variation in C. fasciata, we used multiple matrix regression with
randomization (MMRR; Wang, 2013). We tested the extent to which genomic variation was
explained by geographic distance (IBD), environmental variables (IBE), and genetic structure,
which we used as a proxy for isolation by history (IBH). Pairwise genetic distances were
calculated using an identity-by-state (IBS) matrix with the PLINK package, while Euclidean
distance matrices were generated from sampling coordinates. A multivariate distance matrix for
the six environmental variables from our RDA analysis (described in the section below) was also
calculated using Euclidean distance in R. Finally, to account for the effects of genetic structure,
we calculated pairwise distances using PC1 scores from our genomic PCA analysis, as PC1

captured the largest axis of genomic variation and aligned closely with the spatial structure
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inferred from our ADMIXTURE results. For each process, we performed a multiple matrix
regression using the function provided by Wang et al. (2013). Significance of each model was
tested using 1,000 permutations. To disentangle the combined effects of each variable, we
calculated commonality coefficients using the yhat package (Nimon et al., 2013) in R. We
estimated 95% confidence intervals for each coefficient using 1,000 bootstrap replicates with the
boot() function (Canty & Ripley, 2017).

GEA analysis

To investigate genotype-environment associations (GEA), we performed a redundancy analysis
(RDA) using the vegan package (Oksanen et al., 2007) and a latent factor mixed modeling
(LFMM) approach with the LEA package (Frichot & Frangois, 2015). RDA is a multivariate
linear regression method that uses constrained ordination to identify significant associations
between response variables (e.g., genomic data) and predictor variables (e.g., environmental
variables). In this study, we aimed to detect associations between our SNP dataset and 19
bioclimatic variables obtained from WorldClim. To account for sites in linkage disequilibrium
(LD), which can lead to an excess of false positives, we thinned our high-quality SNP dataset for
LD by randomly selecting SNPs separated by a minimum distance of 1 kb. We filtered for minor
allele frequency <0.05 and variants with >25% missing data. Finally, we filtered to include only
autosomal scaffolds. To account for covariance among different climatic variables, we conducted
a PCA on all 19 variables with temperature and precipitation variables run separately (e.g.,
Moreira & Smith, 2023). The scores from the first three principal component axes (PC1-PC3)
for temperature and precipitation, which represented over 80% of the combined total variation,
were used as explanatory variables. To account for population structure, a partial RDA (pRDA)

was conducted by incorporating the first two PCA axes from our structure analysis as covariates
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(set K=2). Since RDA does not allow missing data, we imputed missing genotypes by replacing
missing values with the most frequently observed genotype at each SNP across all individuals.
Outlier loci in the pPRDA were identified using a similar approach as that proposed by Capblancq
et al. (2018) and Luu et al. (2017). Briefly, we used Mahalanobis distances calculated from z-
transformed SNP loadings from the first two RDA axes. Multiple testing correction was applied
using the False Discovery Rate (FDR) approach (Benjamini & Hochberg, 1995), and SNPs with
q-values <0.01 were considered outliers. The significance of the model, RDA axes, and climatic
variables were tested with the anova.cca() function and 999 permutations.

We performed a second RDA using outlier SNPs that were previously detected with a g-
value threshold < 0.01. This analysis was conducted to visualize an “adaptively enriched”
genetic space (Capblancq et al., 2020). We took the scores of each environmental variable across
the first two RDA axes and calculated indices to predict adaptive scores for each individual using
the equation: adaptive index = ) aib;, where a represents the variable score along the relevant
RDA axis, b is the value of the standardized environmental variable at the relevant location, and i
refers to the environmental variables used in our RDA model (Steane et al., 2014). We then
projected the adaptive index scores across the landscape of C. fasciata for the first two RDA
axes.

To complement the RDA results, we performed an LFMM analysis. LFMM is a
univariate linear regression method with high power and low rates of false discovery (Caye et al.,
2019). We tested for significant associations between the pruned SNP dataset and the same
environmental variables used in the pRDA. The latent factor (K-value) was set to K =1 to
account for population structure in C. fasciata, and the “ridge” method was applied for outlier

detection. A significance threshold of p < 0.05 was used to identify candidate SNPs.
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344  Signatures of selective sweeps

345  Pairwise Fsr sliding windows were calculated between major genomic clusters using VCFtools
346  (Danecek et al., 2011) to detect loci under selection between structured populations. We removed
347  SNPs with a minor allele frequency <0.05, SNPs with >25% missing data, and isolating

348  autosomal scaffolds (Nosil et al., 2009). To explicitly examine signatures of selection across the
349  genome at the putative expanding edge, we also calculated pairwise Fsr sliding windows

350  between the Oregon coast population and all other population across C. fasciata. For each

351  calculation, we used a 50kbp sliding window size and a 10kbp window step size. The

352  significance threshold was set to 5 standard deviations (SD).

353 PCAdapt (Luu et al., 2017) was used as a secondary method for detecting outlier loci
354  using the same filtered SNP dataset as the pairwise Fst analysis described above. We set K =1,
355  following recommendations from the user manual. Outlier loci under strong selection were

356 identified using the g-value correction for p-values, setting the alpha threshold to 0.01. SNPs at
357  the union of both PCAdapt and Fst-outlier detection methods were considered candidate SNPs
358  under positive selection.

359 GO Enrichment

360  We assessed the functional impact of annotated genes using Gene Ontology (GO) enrichment
361  analysis via the PANTHER classification system (https://pantherdb.org). For testing the

362  statistical significance of enriched genes, we used Fisher’s exact test with a threshold<0.05.
363  Results

364  Population structure

365 Our ADMIXTURE analysis support two geographically congruent genetic clusters, as K= 2

366  yielded the lowest cross-validation error of 0.50221 (Figure 1; Figure S2). This method clusters
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individuals into a “northern” group (e.g., samples from the Oregon Coast south through the
California Coast Range to San Francisco Bay, and inland from northern California through the
Cascade Range and Sierra Nevada) and a “southern” group (e.g., samples from the east San
Francisco Bay Region and central California Coast Range to southern California). Admixed
individuals occur in one population in northwestern coastal California, around San Francisco
Bay, across the California Central Valley from the bay to the Sierra Nevada foothills, and in the
central California Coast. The division between the two groups occurs in a line running from the
San Francisco Bay southeast to where the southern Sierra Nevada approaches the Transverse
Range.

Our principal component analysis (PCA) similarly recovered two major clusters along
PC1 (Figure 2a; Figure S3). The first three principal components (PCs) represented 24.01%
(PC1), 9.43% (PC2), and 8.62% (PC3) of the total variation in the dataset. Interpolation of PC1
scores across the landscape yielded a similar break between the northern and southern clusters
running from the San Francisco Bay region to the boundary between the southern Sierra Nevada
and the Transverse Range (Figure 2b). The average genome-wide Fst between northern and
southern genomic clusters was 0.0734, indicating a moderate level of differentiation. Our DAPC
results showed a similar clustering pattern as both ADMIXTURE and PCA.

The ML phylogenetic tree constructed from IQ-TREE showed a topology consistent with
our ADMIXTURE and PCA results (Figure 3). Individuals from the northern cluster form a
strongly supported monophyletic group, whereas individuals from the southern cluster are a
paraphyletic assemblage formed by successive basal splits. The clustering of all southern
individuals near the root likely indicates a southern ancestry, with the northern cluster being

more recently derived in the evolutionary history of C. fasciata. This pattern of paraphyly might
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also be influenced by incomplete lineage sorting. Other well supported geographic groups
include most samples from the Northern California Coast Ranges, Oregon Coast, Northern
California Coast, Central Valley, and the Sierra Nevada and Sierra Nevada Foothills (Figure 3).
All samples from the Oregon Coast and several samples from the Klamath ranges clustered
together and largely correspond with the C. /- phaea subspecies. Additionally, all samples from
the Central California Coast population formed a monophyletic group and likely correspond with
the C. f. fasciata subspecies. Similarly, most of the samples from the Northern California Coast
populations (representing C. f. rufula) clustered together. In contrast, C. f. henshawi — which is
found from Baja California north through the Sierra Nevada foothills into northern California -
spans both sides of the most significant genetic break identified with our genomic data. We only
have one sample representing the C. f- margra subspecies in Oregon. This individual was not
part of the exclusive clade of the other Oregon samples that all represent C. f. phaea, a finding
consistent with the idea that C. £ margra is a separate subspecies from C. f. phaea.

Genomic diversity

Estimated effective migration surface (EEMS) results performed well, qualitatively reaching
convergence. Migration rate estimates (m) revealed significantly higher connectivity and less
fragmentation among individuals across southern California compared to those from the north
(Figure 4a). Migration rate estimates are low (log(m) < 0) where the putative contact zone occurs
between northern and southern genetic clusters near the San Francisco Bay Area. Likewise,
significantly low log(m) values (P > 0.95) occur between individuals from Southern California
and the Sierra Nevada Foothills. EEMS diversity rates (q) show significantly high ¢ values (P >
0.95) among samples across the southern California ecoregions, including the central California

Coast, southern California mountains and valleys, and Colorado Desert (Figure 4b), coinciding
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with samples from the southern genetic cluster. Conversely, significantly low log(g) estimates (P
> 0.95) were found among individuals across Coastal Oregon, Northern California Coast, and the
Sierra Nevada ecoregions.

Genome-wide nucleotide diversity (n) estimates were higher for the southern genetic
cluster compared to the northern cluster (Table 1). F-statistics for inbreeding coefficient (Fis) and
Tajima’s D (D) estimates were highest among individuals within the northern cluster compared
to the southern cluster (Table 1), but Tajima’s D was still positive in both lineages, possibly
reflecting a population currently in decline or balancing selection if significantly different from
zero. Observed heterozygosity (Ho) was highest among individuals of the southern cluster (Table
1).

Climatic niche models

Climatic niche models constructed with MaxEnt performed well, with mean AUC values > 0.9
across all models (Figure 5). Precipitation of the coldest quarter (BIO19; 41.2%) and
precipitation seasonality (BIO15; 33.7%) represented the bioclimatic variables with highest
percent contributions. Paleodistributions of the Last Interglacial show suitable habitat at higher
latitudes during warming events compared to the Last Glacial Maximum (Figure 5a, b).
Projections of the model onto the mid-Holocene (Figure 5¢) and contemporary distribution
(Figure 5d) showed a pattern of expansion of highly suitable habitat back into northern latitudes
and interior regions during the most recent glacial warming event. The climate model projected
onto the contemporary distribution showed high overlap with currently described range
boundaries of C. fasciata and a high probability of occurrence along coastal environments.

Demographic history
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The best demographic model inferred with dadi for C. fasciata was the founder event with
continuous asymmetric migration (Table 2). After converting parameters into absolute estimates
and calculating 95% confidence intervals (CI) from 100 bootstrap replicates, the best model
estimated an ancestral effective population size (Ne) of ~682,071 individuals (95% bootstrap CI:
664,000-721,000). The initial divergence time estimate between the northern and southern
genetic clusters is dated to ~1,428,050 years ago (1,359,800-1,534,000). The founder event
experienced by the island population (i.e., northern cluster) was estimated to have undergone a
severe reduction in Ne compared to the ancestral population, with an estimated Ne of 4,983
individuals (3,710-4,970). Following exponential growth, the current estimated Ne is ~293,137
individuals (280,000-297,000). Conversely, the southern genetic cluster shows a significantly
higher estimated Ne of ~677,088 individuals (659,000-716,000). Finally, migration rates were
higher in the north-to-south direction compared to south-to-north, with the number of
migrants/generations estimated to be 4.3033 (4.13-4.50) and 0.0288 individuals (0.02-0.03),
respectively.

Important drivers of spatial genomic variation

The regression model explained 80.16% of the overall genetic variation (Table 3). The pure
population structure model, which we used as a proxy for patterns of isolation by history (IBH),
explained the largest proportion of overall genetic variation (47.55%) out of all variables tested
(Table 3). Geographic distance (IBD) and structure together ranked second in explaining overall
genetic variation (34.39%). Interestingly, pure IBD explained the lowest of our *pure’ models,
explaining only 0.01% of total genetic variation, whereas pure environment explains 1.60%,
which is more than an order higher than that explained by IBD alone. Given this pattern, the

proportion of variance explained by geographic distance is being driven primarily by historical
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population structure. Thus, environmental factors play a larger role than geographic distance in
explaining genetic variation, yet history remains the dominant process shaping genetic variation
in C. fasciata.
GEA analysis
We identified a clear climatic gradient in precipitation and temperature across the range of C.
fasciata (Figure S4). The pRDA full model was found to be highly significant (P( > F ) between
0 and 0.001). Each of the six environmental terms used as explanatory variables in this model
were also found to be highly significant and accounted for 2.926113% of the total variation.
While the total explained variation is relatively low, this is expected as we have a high number of
loci expected to follow neutrality and not be driven explicitly by selection. We identified a total
of 3,194 outlier SNPs deviating significantly from the background distribution of SNP loadings
(FDR<1%). The most important variable driving genomic variation was temperature PC1
(associated with 1343 candidate loci), followed by precipitation PC3 (1096 candidate loci), and
precipitation PC2 (327 candidate loci; see Table S2 for bioclimatic variables contributing most
strongly to each retained PC axis). Our results from the “adaptively enriched” genetic space
show that environmental variables related to temperature PC1 and precipitation PC3 loaded most
strongly on the RDAT axis, separating populations from the Oregon Coast, Klamath Mountains,
and Northern California Coast from those further south and inland in the Southern California
Mountains and Valleys and the Sierra Nevada Foothills (Figure 6).

Our LFMM analysis identified a total of 6,295 outlier SNPs associated with precipitation
and temperature variables (Figure S5). Precipitation variables accounted for the largest number
of SNP associations (6,223), followed by temperature (72), indicating precipitation variables as

important environmental factors. For precipitation, most candidate SNPs were associated with
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PC1 (4,871), followed by PC3 (1,333), and PC2 (19). For temperature, most candidate SNPs
were associated with PC1 (44), followed by PC3 (24) , and PC2 (4).

A total of 505 candidate genes overlap between both the pPRDA and LFMM analyses, and
412 uniquely mapped to genes recognized by the gene ontology (GO) enrichment database. The
GO enrichment test found these to be significantly associated with a substantial number of
biological processes, including those related to synaptic signaling (GO:0099536), nervous
system development (GO:0007399), and immune system responses (GO:0002376). The
processes with the largest fold enrichment were maintenance of presynaptic active zone structure
(GO:0048790), presynaptic active zone organization (GO:1990709), synaptic vesicle priming
(GO:0016082), cranial nerve morphogenesis (GO:0021602), exocytic process (GO:0140029),
and positive T cell selection (GO:0043368; Table S3).
Signatures of selective sweeps
Our PCAdapt analysis identified 318 outlier SNPs, while 1,323 outlier windows were detected
across all pairwise Fsr sliding window comparisons. We found 205 SNPs overlapped between
the two methods, providing strong evidence that these putative candidate loci are under selection.
Additionally, we identified 25 SNPs from the GEA analysis that overlapped with these outlier
windows. Outlier windows associated with population differentiation between the northern and
southern genetic groups were concentrated in multiple regions across the genome and showed
clear divergence peaks and clusters of windows sharing elevated Fsr, a pattern often associated
with recent selective sweeps (Figure 7a, b). Among these regions, several annotated genes were
identified: NADSYNI1, DHCR7, RAB3GAP2, SMARCA4, DPP7, CDKNI1B, and MORC?2 (see
Table 4 for full list of annotated genes). Similarly, pairwise Fst comparisons of samples at the

putative expanding edge in Oregon consistently detected well-defined divergence peaks at
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several genomic regions, which mapped outlier SNPs to the USO1 and TTN genes (Figure 7c¢, d,
Figure S6). We describe the functional roles of these genes in our discussion below.

Discussion

Spatial patterns of genomic differentiation and landscape diversity in the Wrentit are best
explained by historical colonization

Multiple lines of evidence support two genetic ancestral populations of Chamaea fasciata
geographically divided along an axis stretching northwest to southeast across the California
Floristic Province (Figures 1, 2). The northern genetic cluster consists of individuals from
Oregon south to coastal ecoregions north of the San Francisco Bay Area, extending east into the
interior of northern California, and south across the Sierra Nevada. Conversely, the southern
genetic cluster includes individuals restricted to coastal ecoregions south of the San Francisco
Bay, extending southeast across the Peninsular Ranges to northern Baja California, Mexico. The
strongest signals of genetic discontinuity occur near the San Francisco Bay Area and where the
southern Sierra Nevada meets the Transverse Range. The San Francisco Bay Area coincides with
a single putative contact zone with moderate levels of admixture. Admixture was not detected in
a potential second contact zone between the southern Sierra Nevada and southern California
populations, but additional sampling is necessary.

A southern origin of current-day Wrentit populations within chapparal habitats is
supported by multiple lines of evidence, including our ML tree and greater genetic diversity in
the south. Our demographic model estimating divergence patterns supports a Pleistocene
colonization event experienced by the northern clade with continuous asymmetric migration
since diverging from a southern ancestral population >1.4 million years ago (Table 2). Historical

dispersal likely occurred in the south to north direction across chaparral habitats in the California
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Floristic Province during the Pleistocene, initially leading to a severe population bottleneck
(Ne=~4,983) but with later demographic recovery (Ne=~293,137). Similarly, Burns & Barhoum
(2006) found evidence for a southern origin for Wrentit populations based on phylogeographic
assessment of mtDNA. Their haplotype network and phylogenetic tree are consistent with the
north-south pattern found in this study, and they also inferred a long-distance dispersal event
from southern individuals into chapparal habitats in Oregon following Pleistocene warming.
These patterns are consistent with the long-term persistence of the chaparral ecosystem in
California since its establishment during the late Miocene (Raven & Axelrod 1978). The onset of
the Pleistocene brought cycles of glaciation events that caused major disruptions to California
native plant distributions (Axelrod 1981), making a dispersal event of C. fasciata entirely
plausible.

We found that historical processes (IBH; i.e., population structure) best explained
genomic differentiation among C. fasciata, explaining nearly half of the overall variation. While
our historical climate models do not coincide with the estimated divergence time of >1.4 million
years ago between our northern and southern groups, our models provide a proxy for
understanding broader climatic shifts that occurred across lowland habitats in this region during
Pleistocene glaciation events, suggesting the important role that history played in shaping spatial
genetic variation of C. fasciata. Climate models of historical changes in Mediterranean climates
reconstructed for the Last Interglacial (~120,000-140,000 years ago), LGM (~21,000 years ago)
and mid-Holocene (~12,000 years ago) showed severe habitat modification and fragmentation
across the California Floristic Province. During glaciation events (e.g., Last Glacial Maximum),
suitable habitats for C. fasciata were restricted primarily to southern California and along coastal

ecoregions but expanded into northern latitudes during subsequent glacial warming (e.g., Last
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Interglacial, mid-Holocene). Assuming C. fasciata individuals tracked changes in suitable habitat
during Pleistocene warming events, our climate models are consistent with post-glacial range
expansion by a southern ancestral source population, followed by historical colonization into
chaparral habitats across the northern California coast and Oregon. Consistent with this result,
nucleotide diversity () is higher in the southern genetic group (~0.32%) than in the northern
group (~0.28%) (Figure 4; Table 1), a sign of population stability in southern California over
time. While continuous asymmetric migration following dispersal into northern California was
inferred from our dadi analysis, discontinuities in historical distributions may have limited gene
flow and facilitated moderate genetic differentiation among populations (Fst=0.0734). Moreover,
the formation of the Carquinez strait ~600 ka near the San Franscisco Bay roughly corresponds
to the location of the northern and southern genetic clusters (Sarna-Wojcicki et al., 1985) and is
often attributed to many phylogenetic breaks among taxa from this region, possibly playing a
role in limiting gene flow. Alternatively, genetic drift resulting from founder events is often
strong enough to counteract the effects of gene flow (Excoffier et al., 2009).

Isolation by distance (IBD) and IBH together represented the second most important
variable set, explaining 34.39% of genetic variation. The pure IBD model only explains 0.01% of
the overall genetic variation, suggesting IBD is largely insignificant once accounting for
population structure. In other words, IBD may be more important in shaping variation within
each genetic group, but history is more important in shaping overall genetic diversity between
genetic clusters. Secondary dispersal by the northern clade throughout the Oregon Coast,
Northern California Coast, and Sierra Nevada is likely, given that these populations have notably
low nucleotide diversity estimates and each form well-supported clades on our ML tree. This is

consistent with a recent range expansion or secondary demographic bottleneck at the range
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periphery following postglacial dispersal. MaxEnt climate models confirm that suitable habitat in
these regions emerged only after the Last Glacial Maximum, supporting recent range expansion
and IBD patterns at the range edge.

Finally, environmental differences only explained a small portion of the genetic variation,
with the total contribution of IBE ~1.60%. Still, IBE represents a significantly larger proportion
than a pure IBD model, indicating that the environment alone has some influence on shaping
genetic patterns within C. fasciata as opposed to strictly neutral demographic processes.
Moreover, we identified a clear climatic gradient in precipitation and temperature across the
range of C. fasciata (Figure S4). Despite these environmental differences, IBH is still
significantly more important in explaining overall genetic variation than either IBE or IBD.
Overall, historical factors resulting from Pleistocene glacial/interglacial events likely played an
important role in shaping the IBH pattern of genetic variation in C. fasciata, and is a common
trend found in vertebrate species across in this region (see Calsbeek et. al., 2003).

Climatic gradient in precipitation drives selection on traits related to cognitive behavior,
immune system processes, and environmental stressors

Climatic gradients play an important role in shaping adaptive genomic variation within C.
fasciata, with our GEA analyses showing precipitation variables dominating as a driver of this
variation. The ‘adaptively enriched’ genetic space revealed the most important axes of adaptive
differentiation separates coastal and northern populations from those with southern and interior
distributions. Most outlier SNPs are significantly associated with the Oregon population, loading
strongly with variables associated with wetter climates. Conversely, outliers associated with the

Sierra Nevada and southern California populations correspond with drier, warmer climates. As a
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result, we hypothesize that these are locally adapted loci driving genomic variation across
environmental gradients in precipitation and humidity between coastal and interior habitats.

Candidate regions identified from the GEA analysis were enriched with genes associated
with synaptic structure and neuron development processes and represented the majority of
significant GO terms. Given that both synapse structure and neuron axogenesis can modify brain
connectivity and signaling, variations in these pathways are likely to influence behavior
cognition, learning, and responses to stimuli (Grant 2016; Lam et al., 2017). We suspect
movement into novel environments, for example, by Wrentit populations along the Oregon and
Northern California coast, may plausibly lead to selection on genes acting on synapse and
neuronal functions, as adaptations to unique environments often comes with behavioral and
cognitive shifts to new stimuli (e.g., Mueller et al., 2020).

Candidate genes enriched for immune system functions were also identified. We
hypothesize individuals associated with elevated humidity along the coast are under a unique set
of selective pressures compared to those found within the interior where the environment is
substantially drier. For example, one such selective pressure along coastal environments is the
cost of dealing with elevated pathogens, diseases, and/or parasites (Becker et al., 2012; Dunn et
al., 2010; Guernier et al., 2004; Moyer et al., 2002; Sehgal et al., 2011). As a consequence,
adaptations associated with higher immune competence (e.g., immunocompetence) to combat
these pressures along the coast is likely (Horrocks et al., 2015). Moreover, we found enrichment
for biological processes related to exocytosis (GO:0006887), cell junction assembly
(GO:0034329), establishment of cell polarity (GO:0007163), and regulation of cellular

component organization (GO:0051128) were also enriched. This finding demonstrates the
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breadth and complexity of biological processes involved and the potential for polygenic effects
in shaping adaptive variation across this climatic gradient.

We identified signatures of selection at the putative expanding edge in coastal Oregon
localities using pairwise Fsr-outlier outlier detection methods. Across all pairwise Fsr
comparisons with Oregon Coast samples to all other population, we consistently found strong
Fsr peaks at regions for the genes USO1 (which was flanked by G2BP2) and TTN, both of which
were also identified by the GEA analysis. Further, G2BP2, a protein involved in regulating RNA
and protein metabolism in endothelial cells, is associated directly with stress response in
organisms (Lloyd, 2016). Specifically, G3BP2 responds to environmental stressors (e.g.,
inflammation) through the formation of stress granules (Lloyd, 2016). Elevated stressors at the
leading edge along the Oregon coast is likely, given that expansion into new environments often
exposes individuals to novel selective pressures. Similarly, TTN is involved in skeletal muscle
formation, responsible for building the protein known as titin, a molecule involved in structural
support and elasticity (Loescher et al., 2022). Consequently, this gene region could reflect a
recent adaptation in response to range expansion into considerably wetter and cooler climates at
this latitudinal extreme by helping increase muscle mobility and blood flow to extremities.

Finally, candidate SNPs linked to population differentiation between the northern and
southern genetic groups were identified through a combined approach using Fsr sliding windows
and PCAdapt. We identified several significant candidate regions across the genome with
qualitatively distinct divergence peaks and dense clusters of SNPs sharing high Fst values,
indicative of a recent selective sweep and "hitchhiking’ of variants in close proximity
(Cruickshank & Hahn, 2014). Significant outlier windows (p<0.00001) included a coding region

of the NADSYNI gene and a close flanking upstream region near the DHCR7 gene. Previous
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studies in humans found a strong correlation between vitamin D related loci (e.g.,
NADSYNI1/DHCR?7) with geographic changes in environmental ultraviolet B radiation (UVB)
(Jones et al., 2020). Lower exposure to UVB in the northern range may be an adaptation by the
northern lineage as they expanded their range following divergence. Several candidate genes
associated with immune system responses were also identified and include DPP7 (a serine
protease) and RNF216 (an E3 ubiquitin ligase), both shown to play a role in innate immune
signaling (Chang et al., 2025; He et al., 2024). Finally, we found strong Fst divergence for the
MORC?2 gene which is associated with responses to elevated levels of Toxoplasma gondii that is
common in high humidity areas, with lower prevalence in dryer and warmer regions (Peymani et
al., 2025).

Conclusions and future directions

Phenotypic variation in plumage coloration across the range of C. fasciata has been the primary
basis of subspecies boundary descriptions. While we identified genetic patterns that matched
with some subspecies boundaries, they did not correspond to the main genetic division we
identified. This finding could reflect the tracking of phenotype with environmental variation
while genome-wide patterns are showing historical divergence. Thus, we expected to find
melanin related genes in association with environmental variation and in line with observed
phenotypic variation (e.g., Ducrest et al., 2008; Hoekstra & Nachman, 2003; Mundy, 2005).
While no gene ontology terms associated with melanin production were found to be enriched
from our selection analyses described above, a single melanogenic gene, oculocutaneous
albinism II (OCA2), was identified by our genotype-environment association outlier analysis.
Previous studies have shown OCA2, a melanosomal transmembrane protein, is involved in

melanin deposition and can directly influence plumage and skin color in birds (Zhang et al.,
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2023). Despite neuronal and synaptic processes related to brain development representing the
largest contribution of enrichment terms, the association of OCA2 with climatic variation across
the landscape suggests environmental selection may contribute to geographic patterns of
plumage variation. Exploring whether this variation is aligned closely with plumage color
variation goes beyond the scope of our study, but we suggest future work on C. fasciata could
benefit from more explicitly examining the relationship between genotype, plumage color, and

climate.
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Figure 1. (a) Map of ADMIXTURE results showing the estimated proportion of ancestral alleles

NCCR [4]
NCICR 151
CVCR 11

SCMV [14]

at each locality based on the K=2 model (best model). (b) ADMIXTURE bar plots for K=2 and
K=3 genetic ancestries. Each bar represents individual ancestry proportions for individual
samples and are grouped by locality. OR=Oregon coast; NCC=Northern California coast;
KM=Klamath Mountains; NCCR=Northern California coast ranges; NCICR=Northern

California Interior coast ranges; SC=Southern Cascades; GV=Great Valley; MP=Modoc Plateau;
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1102  SN=Sierra Nevada; SNF=Sierra Nevada Foothills; CVCR=Central valley coast ranges;
1103  CCC=Central California coast; SCC=Southern California coast; SCMV=Southern California
1104  mountains and valleys; CD=Colorado desert. Wrentit distribution polygon shapefile requested

1105  from birdlife.org.
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1107  Figure 2. (a) Genomic principal component analysis (PCA) based on all 159 C. fasciata
1108  individuals. PCA of the first three principal components (e.g., PC1-PC3). Colors represent

1109  population assignments of each individual (see legend). (b) Map of interpolated PC1 scores.
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Figure 3. Maximum likelihood (ML) tree of all C. fasciata individuals. (a) ML tree rooted with a

single Suthora webbiana sample and color-coded based on ecoregion association (see legend).
Bootstrap support >75 is shown at nodes. (b) Map of sampling localities with numbers next to

points corresponding with numbered samples on ML tree.
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1121  Figure 4. Estimated effective migration surface (EEMS) results based on the high-quality SNP

1122 dataset. (a) migration (m) rate and (b) diversity (g) rate estimates rate estimates. Orange colors
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1123 denote significantly lower-than expected values, while blue colors represent significantly higher-

1124  than-expected values. Points indicate sampling across the grid for a deme size of 400.
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1125

1126  Figure 5. Climate models using MaxEnt based on sampling points from the genomic dataset.
1127  Panels show current and historical distributions modeled using the Worldclim bioclimatic
1128  variables. Historical distributions of (a) the Last Interglacial, (b) Last Glacial Maximum, (c) Mid-
1129  Holocene, and (d) Predicted current distribution of all C. fasciata samples.

1130

1131

1132

1133

53



1134

1135

1136

1137

1138

1139

1140

1141

1142

1143

| RDA Index | RDA2 Index

Prec_PC3

Figure 6. Genotype-environment association results for the partial redundancy analysis (pRDA)
based on the ’adaptively enriched’ genetic landscape. The plot represents RDA scores for sites
(i.e., SNPs) plotted for RDA1 versus RDA2 axes based on associations of SNPs with the
dimensionally reduced 19 bioclimatic variables. The model was conditioned for population
structure by including the first two PC axes (e.g., PC1 and PC2) from our PCA structure
analysis. Variable loadings are shown on both plots, with length and direction of arrows
indicated. The pRDA model was found to be highly significant based on 999 permutations, and
all variables were also found to be significant based on 999 permutations. Maps are plotted to

show projection of scores from the adaptive index calculated for (b) RDAT1 and (c) RDA2.
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Figure 7. Manhattan plots based on windowed Fsr -outlier and PCAdapt outlier detection
results. (a) PCAdapt results, with candidate genes highlighted. (b) Windowed Fst comparison
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SNF) populations. Candidate outlier SNPs with their associated genes are highlighted in both
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Table 1. Genome-wide estimates of nucleotide diversity (i), Tajima’s D, observed

heterozygosity, expected heterozygosity, and inbreeding coefficient (F).

Population T Tajima’s D | Observed Het | Expected Het | Inbreeding
Coefficient
F
North 0.00280522 | 0.54630700 | 0.149450 0.182740 0.182316
South 0.00317606 | 0.34048100 | 0.177041 0.182817 0.031684
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1184
1185
1186
1187

1188  Table 2. Demographic model best-fitting parameter raw estimates for each scenario tested in
1189  dadi. Nu2=current population size (Ne) of founder population following demographic expansion;
1190  s=Ne of founder population following divergence; m12=migration rate from pop1 to pop2;

1191  m2Il=migration rate from pop2 to popl; t1=time of initial divergence; t2=time of end of ancient
1192 migration or start of secondary contact; theta=population-scaled mutation rate; AIC=Alkain

1193 information criterion.

Demographic nu2 s m12 m21 t1 2 theta | AIC
model

Founder event with | 7.0932 | 0.1551 | 1.3441 | 0.7433 | 0.0108 | 0.0136 | 71245 | 13140
ancient asymmetric 534 | 3943 | 0156 1171 9201 7831 | 0.733 | 18.66
migration

Founder event with | 4.30E- | 7.31E-| 7.87E | 8.67E | 4.03E- | na 88333 | 37776
continuous 01 03 +00 +00 01 1.485 | 7.306
asymmetric

migration

Founder event with | 7.3223 | 0.0365 | na na 0.0170 | na 70802 | 10689
no migration 4861 6615 7698 9.084 | 56.66
Founder event 3.74E | 8.07E-| 8.05E | 9.27E | 2.94E- | 4.88E- | 92348 | 38582
followed by +00 03 +00 +00 01 01| 3.235| 6.574

secondary contact
with asymmetric

migration

Vicariance event na 0.2967 | 0.3489 | 0.2151 | 0.0101 | 0.0101 | 76893 | 16995
with ancient 5939 | 5878 | 4596 | 2544 | 1346 | 1.537| 1231
asymmetric

migration

Vicariance event na 0.2440 | 4.6776 | 9.9742 | 0.8250 | na 93972 | 10832
with continuous 5045 | 3869 | 3897 | 6907 8.748 55.1
asymmetric

migration

Vicariance event na 0.2717 | na na 0.0184 | na 77200 | 16898
with no migration 2629 2637 1.313 | 71.74
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1194
1195
1196
1197
1198
1199
1200
1201
1202
1203
1204
1205
1206
1207
1208

1209

Vicariance event na 0.3468 | 3.0476
followed by 7854 | 4208
secondary contact
and asymmetric
migration

9.1319 | 0.0283 | 1.6200 | 91055 | 10763
1145 | 9705 | 6253 | 5.178| 17.84

Table 3. Commonality analysis results for population structure (IBH), geographic distance

(IBD), and environment (IBE), including 95% confidence intervals.

Component (Model) Coefficient (95% CI) % Total
Pure Geography (genVec ~ geoVec | ecoVec + 0.0001 (0, 0.0002) 0.01
pclVec)

Pure Environment (genVec ~ ecoVec | geoVec + 0.0128 (0.0106, 0.0150) 1.60
pclVec)

Pure Structure (genVec ~ pclVec | geoVec + 0.3812 (0.3649, 0.3974) 47.55
ecoVec)

Geography and Environment (genVec ~ geoVec + 0.0046 (0.0036, 0.0058) 0.58
ecoVec | pclVec)

Geography and Structure (genVec ~ geoVec + 0.2756 (0.2612, 0.2904) 34.39
pclVec | ecoVec)

Environment and Structure (genVec ~ ecoVec + -0.0103 (-0.0119, -0.0087) | -1.29

pclVec | geoVec)
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1210
1211
1212
1213
1214

1215
1216
1217
1218
1219
1220
1221
1222
1223
1224
1225
1226
1227
1228
1229
1230
1231

1232

1233

Geography, Environment, and Structure (genVec ~ 0.1376 (0.1262, 0.1479) 17.17
geoVec + ecoVec + pclVec)
Total 0.8016 (0.7902, 0.8127) 100.00

Table 4. Candidate genes containing PCAdapt outlier SNPs within north—south Fst outlier

windows. RDA and LFMM indicate additional gene-level support from genotype—environment

association analyses.

Scaffold Gene Description Methods

JARCOQO010000005.1 | CDK17 cyclin dependent kinase 17 ESFTMPl&AdaPt’
JARCOQO010000005.1 | CDKNIB %"hn dependent kinase inhibitor |5 5 p g0t
JARCOQO010000046.1 | DCAFI5 11)51) Bl and CUL4 associated factor | 5o g
JARCOQO010000007.1 | DHCR7 7-dehydrocholesterol reductase Fst, PCAdapt
JARCOQO010000020.1 | DPP7 dipeptidy] peptidase 7 Fst, PCAdapt,

LFMM
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Fst, PCAdapt,

JARCOQO010000005.1 | EP300 E1A binding protein p300 RDA
FYVE, RhoGEF and PH domain | Fst, PCAdapt,
JARCOQO010000013.1 | FGDS5 containing 3 LFMM, RDA
) Fst, PCAdapt,
JARCOQO010000007.1 | GAS2 growth arrest specific 2 LEMM
JARCOQO010000010.1 |IPO13 importin 13 Fst, PCAdapt
JARCOQO010000046.1 | KHSRP ﬁ{gfe splicing regulatory Fsr, PCAdapt
JARCOQO010000005.1 | LOC136290045 | uncharacterized LOC136290045 ESI’ZTMPI\SEAdap b
. Fst, PCAdapt,
JARCOQO010000013.1 |LOC136296481 | uncharacterized LOC136296481 LFMM, RDA
. Fst, PCAdapt,
JARCOQO010000013.1 | LOC136296493 | uncharacterized LOC136296493 LFMM, RDA
centrosome-associated protein
JARCOQO010000017.1 |LOC136298499 CEP250-like Fst, PCAdapt
JARCOQO010000020.1 |LOC136299483 | ficolin-1-like Fst, PCAdapt
JARCOQO010000046.1 | LOC136304011 E’kvz density lipoprotein receptor- g pop gapt
JARCOQO010000046.1 |LOC136304053 | uncharacterized LOC136304053 |Fsr, PCAdapt
JARCOQO010000046.1 |LOC136304061 | uncharacterized LOC136304061 |Fsr, PCAdapt
JARCOQO010000007.1 |LUZP2 leucine zipper protein 2 Fst, PCAdapt
JARCOQO010000020.1 | MANIBI mannosidase alpha class 1B Fst, PCAdapt
member 1
JARCOQO010000018.1 | MORC?2 MORC family CW-type zinc Fst, PCAdapt
finger 2
JARCOQO010000007.1 | NADSYNI NAD synthetase 1 Fst, PCAdapt
nuclear receptor subfamily 2 Fst, PCAdapt,
JARCOQO10000013.1 |NR2C2 group C member 2 LFMM, RDA
JARCOQO010000007.1 | PPFIBP2 PPFIA binding protein 2 Fst, PCAdapt
JARCOQ010000022.1 | PRPSI phosphoribosyl pyrophosphate | . 5 gy
synthetase 1
JARCOQ010000003.1 | RAB3GAp2 | RAB3 GTPaseactivatingnon- 1p - pep gang
catalytic protein subunit 2
JARCOQO010000020.1 | RABL6 RAB, member RAS oncogene | g p gant

family like 6
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1235
1236
1237
1238
1239
1240
1241
1242
1243
1244
1245
1246
1247
1248
1249
1250
1251
1252
1253
1254
1255
1256
1257
1258
1259
1260
1261
1262
1263
1264
1265
1266

Ras association domain family

JARCOQO010000006.1 | RASSF6 Fst, PCAdapt
member 6

JARCOQO010000016.1 |RNF216 ring finger protein 216 Fst, PCAdapt
SWI/SNF related, matrix

JARCOQO10000046.1 | SMARCA4 | 2ssociated; actin dependent ) 5 4oy
regulator of chromatin, subfamily
a, member 4

JARCOQO010000007.1 | SVIP small VCP interacting protein Fst, PCAdapt

JARCOQO010000007.1 | TPCN2 two pore segment channel 2 Fst, PCAdapt

JARCOQ010000020.1 | UAPILI UDP-N-acetylglucosamine Fsr, PCAdapt

pyrophosphorylase 1 like 1
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