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Abstract

Competition is a critical selective force for diversification; however, empirical studies on

its role promoting differentiation of adaptive phenotypes have largely been limited to small spatial

and taxonomic scales. Here, we test the effect of competition on the evolution of pitviper ven-

oms – a cross-continental radiation of venomous snakes each with tens to hundreds of individual

toxins varying in expression, composition, and overall complexity among species. By inferring a

novel phylogenomic tree and reconstructing the biogeography of the Viperidae, we demonstrate a

rapid radiation occurred upon invasion of the New World. Using >500 venom gland transcriptomes

and phylogenetic comparative modeling, we reveal that venom phenotypes diverge when multiple

species coexist in a given area through time via positive diversity dependence. Furthermore, we

find that pitviper communities have evolved to maximize functional diversity despite comparatively

low phylogenetic diversity, suggesting an evolutionary response of venom rather than communities

accumulating phylogenetically diverse species. Together, these findings support competition as a

likely selective pressure driving venom diversification in pitvipers.
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Chapter 1

Introduction

Species interactions have long been recognized as strong and ubiquitous agents of selection

in
uencing speciation, diversi�cation, and trait evolution 1,2 . For example, closely related species

are expected to diverge to avoid competition and hybridization with each other when they coexist

(sympatry) relative to where they exist separately (allopatry) { a pattern now known as charac-

ter displacement3. Character displacement can be generated by a variety of processes (see4), but

ecological character displacement is the most commonly studied and is the result of competition

over a shared, limited resource. Character displacement has been well studied in many iconic model

systems such as Darwin's �nches5,6 , Anolis lizards7{9 , and three-spined sticklebacks10{12 . In these

systems, ecological opportunity facilitates adaptive radiations and a "diversity-dependent" pattern

of diversi�cation where species rapidly evolve to �ll niches and to avoid competition based on the

diversity of competitors13{16 . The impact of competition has been well studied in these model

systems, in small groups of species, and in individual species pairs17; however, the in
uence of com-

petition on larger macroevolutionary or cross-continental scales is only now being recognized thanks

to advances in phylogenetic comparative methods that allow scientists to link ecological processes

to macroevolutionary patterns of lineage diversi�cation and trait evolution 18{25 .

The evolution of phenotypes in Darwin's �nches and three-spined sticklebacks is largely at-

tributed to a few or even single large-e�ect loci6,26{28 . Although these large-e�ect loci facilitate rapid

evolution of a single trait, it may also reduce evolvability by constraining the direction and magnitude

of phenotypic change that can occur29{31 . By comparison, multidimensional traits facilitate adapta-

tion and evolutionary lability through a combination of a large and many small-e�ect changes29{31 .
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Multidimensional traits may, therefore, evolve across a multitude of dimensions, magnitudes, and

complexity leading to niche specialization or expansion. Despite the high adaptive potential of mul-

tidimensional traits, few studies on character displacement have focused on these systems. Focusing

on highly complex, multidimensional traits enable a more robust examination of competition's role

in trait evolution by investigating several dimensions of niche space simultaneously.

Snake venom is a quanti�able complex, multidimensional trait derived from tens to hun-

dreds of individual toxin genes which can vary drastically in composition, sequence, expression, and

overall complexity between species and populations32{34 . Venom has a near 1:1 relationship between

genotype and phenotype making it easy to quantify changes in the genome as well as throughout

transcription and translation 35,36 (but see37). Additionally, since venom is secreted, it is not sub-

ject to complex developmental or pleiotropic e�ects and has been shown to evolve rapidly between

species38{41 . In particular, the lack of pleiotropy facilitates evolutionary lability since evolutionary

change may be constrained by other phenotypes under stabilizing selection. Finally, venom is closely

linked to ecology through resource acquisition (i.e. prey capture)30,42{44 making it a prime candidate

for ecological character displacement as species may evolve divergent venom phenotypes when they

occur in sympatry to avoid competition and focus on alternate prey resources.

Vipers (Viperidae) are a family of 367 species of charismatic venomous snakes divided into

three subfamilies: true vipers (Viperinae), monogeneric Feae's vipers (Azemiopinae), and pitvipers

(Crotalinae; Reptile Database, May 2021). Known for their long, hinged fangs which deliver venoms

to immobilize prey, aid in digestion, and serve as a defense against threats, vipers (Viperidae) repre-

sent one of the most well-studied groups of snakes due to their medical signi�cance across the globe45.

In North and South America speci�cally ( i.e., New World), pitvipers are responsible for > 98% of

snakebites45 and their venoms have been shown to display extensive variation within and among

species41,46{52 . One notable axis of variation in pitviper venom is a well-documented dichotomy

separating metalloprotease-rich hemorrhagic venoms (Type I) from phospholipase-rich neurotoxic

venoms (Type II). For example, across species, the Black-Speckled Palm Pitviper (Bothriechis ni-

groviridis ) maintains a Type II venom while its putatively sympatric congener, the Talamancan

Palm Pitviper ( Bothriechis nubestris), has a Type I venom50. Similarly, this dichotomy can be

found within single species such as the Mojave Rattlesnake (Crotalus scutulatus) and Timber Rat-

tlesnake (Crotalus horridus)41,47,48 . Some of the variation in pitviper venom is the result of its

close relationship with resource acquisition (i.e. prey capture) and coevolving prey venom resis-
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tance30,43 and recent studies have shown that venom complexity in rattlesnakes is correlated with

dietary breadth51,53 . However, no study has tested whether competition among pitvipers could be

responsible for shifts in venom phenotypes.

Despite being one of the most well-studied groups of snakes, the phylogeny and biogeographic

history of Viperidae remains uncertain for many genera and species54{69 . Hypothesized to have

originated in the late-Paleocene to mid-Eocene61,65,68,69 , vipers rapidly radiated across the globe

with speciation bursts for pitvipers upon invasion of Southeast Asia and the New World65. The

rapid radiation of vipers created signi�cant challenges for phylogenetic and biogeographic inference

which has been compounded by a lack of genetic resolution as only a handful of mitochondrial and

nuclear loci have been used in previous studies, resulting in a high degree of uncertainty and unstable

placement of many genera and species61,64{69 . To adequately examine the role of competition on

venom evolution in New World pitvipers, a robust phylogenetic and biogeographic reconstruction is

necessary as phylogenetic uncertainty can greatly in
uence macroevolutionary inference70{73 .

Here, we aim to (1) infer a robust phylogeny for Viperidae, (2) reconstruct the biogeographic

history, and (3) test for evidence of competition in
uencing the evolution of New World pitviper

venom. To infer a new phylogenetic hypothesis for Viperidae, we use a multiomic approach; com-

bining data from RNA-sequencing, phylogenomic sequence capture (SeqCap), and whole-genome

sequencing (WGS) to collect over 2000 loci for gene tree estimation and species-tree inference. We

then date the divergences of our phylogeny and thoroughly examine the biogeographic history of the

group. We use this information and focus inward on the venom evolution of the New World pitviper

clade speci�cally. Using RNA-Seq, we assemble and annotate the venom gland transcriptome for

each species and perform cross-species transcriptome mapping to place expression into a joint mani-

fold. We use these data to test whether venom diverged in response to competition via phylogenetic

comparative modeling, community-based trait dispersion, and generalized dissimilarity modeling.
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Chapter 2

Methods

2.1 Sample Collection & Sequencing

We �rst collected sequence data for phylogenomic inference by gathering datasets from

NCBI's Sequence Read Archive totaling 100 samples (29 RNA, 3 WGS, and 68 SeqCap datasets) from

36 viper species. We supplemented these data by utilizing our previously published 216 venom gland

transcriptomes51 and sequenced an additional 290 venom gland and blood transcriptome libraries

for a total of 506 libraries representing 115 viper species and 4 outgroup taxa. We also sequenced 4

whole-genome sequencing libraries from 2 viper species and 198 sequence capture/Anchored Hybrid

Enrichment (AHE) libraries from 113 viper species and 13 outgroup species.

In total, our �nal dataset included 808 samples (535 RNA, 7 WGS, 266 SeqCap) for 194

viper species of 368 total species (53% species completeness) and 32 of 36 total viper genera (89%

genus completeness; Fig. 2.1). Importantly, testing for evidence of competition on venom evolution

focused on New World taxa, where we were able to sample 126 of 160 total New World pitviper

species (79%; Fig. 2.1). The only genera not sampled wereGarthius, Macrovipera, Montatheris, and

Proatheris.

Outgroup sampling totaled 18 species from the families Dactyloidae (1 species), Aniliidae

(1), Pythonidae (1) Boidae (2), Acrochordidae (1), Pareidae (1), Atractaspididae (1), Elapidae (2),

Colubridae (2), Dipsadidae (3), and Natricidae (3). Taxonomy is based on the Reptile Database

(May 2021; http://www.reptile-database.org/).
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Figure 2.1: Sampling of species for each genus in Viperidae with black representing the num-
ber/percent of species sampled and gray representing species unsampled.

2.1.1 Transcriptomics (RNA-Seq)

We collected venom from each snake by allowing them to bite onto a para�lm-sealed sterile

collection cup. Four days later when transcription is maximized74, snakes were euthanized follow-

ing AVMA 75 and ASIH guidelines76. We collected tissues and immediately transferred tissues to

RNAlater for storage.

We isolated RNA via a standard TRIzol extraction following Hofmann & Rautsaw 36. Brie
y,

tissues were �nely diced and placed in TRIzol solution (Invitrogen, Waltham, MA). The mixture was

homogenized and transferred to a phase lock heavy gel tube (5Prime). Once cells were lysed, total

RNA was isolated using chloroform and puri�ed via isopropyl alcohol and ethanol precipitation.

RNA quanti�cation was performed using a Qubit with the RNA BroadRange Kit (Thermo Fisher

Scienti�c, Waltham, MA). RNA quality was checked using an Bioanalyzer 2100 with an RNA 6000

Pico Kit or TapeStation 2200/4200 with a RNA ScreenTape (Agilent Technologies, Santa Clara,

CA) to ensure su�cient quantity and quality RNA for library preparation and sequencing.
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We produced cDNA libraries from isolated mRNA using magnetic bead isolation of mRNA

followed by cDNA synthesis and PCR ampli�cation. First, we isolated mRNA using the NEBNext

Poly(A) mRNA Magnetic Isolation Module (NEB #E7490S; NEB, Ipswich, MA). Following bead

isolation and cleanup, cDNA libraries were prepared from isolated mRNA using a NEB Next Ultra

RNA Library Prep Kit for Illumina (NEB #E7530; NEB, Ipswich, MA) following manufacturer's

recommendations. We used a fragmentation time of 13 minutes, 30 seconds to achieve a target mean

fragment size of 400 bp, and 14 PCR cycles for ampli�cation of double stranded cDNA libraries.

We quanti�ed library yield using a Qubit with the DNA BroadRange Kit (Thermo Fisher Scienti�c,

Waltham, MA) and assessed library quality on a Bioanalyzer 2100 with a High Sensitivity DNA Kit

or TapeStation 2200/4200 with a D1000 ScreenTape (Agilent Technologies, Santa Clara, CA). The

total ampli�able concentration of cDNA in each library was then determined using KAPA qPCR

(Roche, Basel, Switzerland) at the Florida State University Molecular Cloning Facility or in-house.

Pooled libraries were sequenced with 150 base pair (bp) paired-end reads on an Illumina HiSeq

2500 or Illumina NovaSeq 6000 platform (Illumina, San Diego, CA) at the Florida State University

College of Medicine Translational Science Laboratory (Tallahassee, FL, USA), Clemson University

Genomics and Bioinformatics Facility (CUGBF, Clemson, SC), or Institute Butantan (S~ao Paulo,

S~ao Paulo, Brazil).

2.1.2 Whole Genome Sequencing (WGS)

We extracted DNA from blood samples using the QIAGEN DNeasy Kit (QIAGEN, Va-

lencia, CA) and quanti�ed DNA using a Qubit DNA BroadRange Kit (Thermo Fisher Scienti�c,

Waltham, MA). We checked DNA quality using a TapeStation 4200 with a D1000 ScreenTape (Ag-

ilent Technologies, Santa Clara, CA). We prepared libraries for sequencing using the NEB Ultra

II FS DNA Library Prep Kit for Illumina (NEB #E6177; NEB, Ipswich, MA) following manufac-

turer recommendations. We quanti�ed library yield using the Qubit DNA BroadRange Kit (Thermo

Fisher Scienti�c, Waltham, MA) and assessed library quality on a TapeStation 4200 with a D1000

ScreenTape (Agilent Technologies, Santa Clara, CA). The total ampli�able concentration of cDNA

in each library was then determined using KAPA qPCR (Roche, Basel, Switzerland) at the Florida

State University Molecular Cloning Facility. Pooled libraries were sequenced with 150 base pair (bp)

paired-end reads on an Illumina NovaSeq 6000 platform (Illumina, San Diego, CA) at the Florida

State University College of Medicine Translational Science Laboratory (Tallahassee, FL, USA).
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2.1.3 Sequence Capture (SeqCap)

We extracted DNA using QIAGEN DNeasy Kits (QIAGEN, Valencia, CA) and assessed

DNA quality and concentration using gel electrophoresis and NanoDrop 2000c Spectrophotometer

(Thermo Fisher Scienti�c, Waltham, MA). Only samples showing bright bands in the high molecular-

weight region were selected for sequencing and the amount of DNA in each sample was estimated

to be over 2:6�g .

We used anchored hybrid-enrichment generate DNA sequence data. First, probes were

designed based on the conserved regions of vertebrate genomes identi�ed by Lemmon et al.77 (see

online materials for details and probe sequences). Then, genomic DNA was sonicated to 300-700

bp fragments and ampli�ed for preparing libraries. Next, indexed library adapters were added

to the ends of the DNA fragments77. The prepared libraries were pooled at equal concentration

in groups of 15 and enriched following Lemmon et al.77. After enrichment, library pools were

pooled for sequencing at equal concentration. After quanti�cation using qPCR, the libraries were

sequenced on an Illumina Hiseq 2500 platform (Illumina, San Diego, CA), which produced 100bp

paired-ends. All data collection and preliminary analysis was performed at the Center for Anchored

Phylogenomics at Florida State University (www.anchoredphlogeny.com).

2.2 Loci Extraction

To extract loci for phylogenomics across all data types, we developed a custom pipeline

(PhyProbe; Fig. 2.2) which utilizes the RNA-Seq data to identify loci followed by alignment-based

sequence extraction from other data types usingAliBaSeq78. Three types of loci were extracted:

(1) benchmarking universal single-copy orthologs (BUSCOs), (2) squamate conserved loci (SqCL)79

consisting of commonly used phylogenomic loci such as anchored hybrid enrichment loci (AHEs)

and ultra-conserved elements (UCEs), and (3) novel transcript sequences.

2.2.1 Transcriptomics

We �rst trimmed adapters and low quality reads using Trim Galore! v0.4.4

(https://github.com/FelixKrueger/TrimGalore). Reads were removed if they had phred scores less

than �ve and a length less than 75 bp. Next, we merged paired-end reads usingPEAR v0.9.1080 and

performed de novoassembly usingTrinity v2.11.081 or rnaSPAdes v3.13.182 with default settings.
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Figure 2.2: PhyProbe pipeline developed for multiomic loci extraction and phylogenomic inference.
RNA-Seq assemblies were used to extract BUSCOs and novel transcripts. Individuals are clustered
together to produce orthologous databases. Loci are then re-extracted along with other targets with
AliBaSeq. Loci are clustered per individual to reduce redundancy across locus sets and then phased
to produce haplotypes. Haplotypes are aligned for all individuals and then cleaned thoroughly prior
to gene tree and species tree inference.
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We used BUSCO v4.1.4 on the transcriptome assemblies to extract single-copy orthologs

using the "tetrapod odb10" set of 5,310 genes from OrthoDB83,84 . We then used a custom script

to search through the multi-copy loci for sequences with 100% identity (i.e., false-negative single-

copy loci) and added these sequences to the single-copy loci set. Given thatBUSCO frequently

assembles paralogous or incorrect loci, we then combined all individuals together and performed an

all-vs-all blastn search (e-value = 1� 10) for each locus followed by Markov Clustering (MCL; -I 3.0).

MCL separates dissimilar sequences thereby removing potential paralogs identi�ed as an ortholog

by BUSCO. We retained the largest cluster from each locus and used this as the reference database

to re-extract BUSCO loci from each individual with ALiBaSeq78. Speci�cally, we performed dc-

megablastto query the reference BUSCO database against our transcriptome assemblies (e-value =

1� 10). We then usedAliBaSeq to amalgamateBLAST hits in our assembly and extract the full locus

(-x a -f S -e 1e-10 --is --amalgamate-hits ). We then cleanedAliBaSeq results by removing

loci from each individual if they had less than 50% of the total reference length.

We also usedPython and Anolis SqCL loci as reference sequences to extract commonly used

phylogenomic loci (SqCL)79 with AliBaSeq as above. Finally, we attempted to extract additional

transcript sequences. First, we usedCodAn to identify all coding regions in our transcriptome

assembly with the "VERT full" model 85. We kept the longest assembled isoform and clustered all

sequences at 100% sequence identity usingcd-hit-est86 to reduce redundancy. To create a �nalized

set of transcripts, we ran Ortho�nder v2.5.487 on the clustered loci across all individuals. Single-

copy orthologous loci identi�ed by Ortho�nder were then used as the �nal "orthogroup" set and

were re-extracted from each transcriptome assembly using ALiBaSeq as above.

2.2.2 WGS & SeqCap

We trimmed adapters and low quality reads using Trim Galore! (v0.4.4;

https://github.com/FelixKrueger/TrimGalore) with default settings ( -q 20 -l 20 ). We de novo

assembled the WGS data usingMaSuRCA v4.0.588 with default settings. SeqCap data wasde novo

assembled usingTrinity v2.11.081 or rnaSPAdes v3.13.182 with default settings. We then used AL-

iBaSeq as above to extract BUSCO, SqCL, and the novel transcripts from the assemblies using the

RNA-established databases as reference.
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2.2.3 Combining Datasets

With all three locus sets extracted (BUSCOs, SqCL, and orthogroups), we then combined

the �nal extracted loci for each individual and used cd-hit-est-2d at 99% sequence identity to reduce

redundancy, keeping the longest sequence. This was necessary because UCEs and other loci were

often found nested within or were identical to longer BUSCO sequences. With the �nal loci, we then

performed phasing for each individual by mapping reads to the �nal loci with minimap2 (-x sr)89

and identi�ed SNPs with bcftools mpileup/call with default settings. We removed indels and used

WhatsHap90 to phase the loci andbcftools consensuswith the original reference loci to generate the

�nal phased haplotype sequences.

2.3 Phylogenomics

2.3.1 Sequence Filtering

With the �nal combined dataset, consisting of 11,327 loci, we performed several �ltering

steps to ensure orthology and clean alignments prior to phylogenetic inference. First, we aligned

each gene usingMAFFT (--auto --adjustdirectionaccurately )91. We then usedCIAlign 92 to

clean the alignment and remove divergent sequences (> 80% divergence) which may be the result

of extracting a paralogous gene. We also removed short sequences, insertions, and cropped ends

with default CIAlign settings. We then usedtrimal (-gappyout )93 to remove gappy sites from the

alignment and then removed sequences where> 30% of the total alignment length consisted of gaps

with a custom script. Next, we used these preliminary alignments to infer gene trees usingIQTree2

with default settings and 1000 UltraFast bootstraps94{96 .

We used the preliminary gene trees as input toTreeShrink97, which searches for abnormally

long branches across trees and removes these taxa from the tree/alignment.TreeShrink uses the

gene trees to estimate a species or taxon-speci�c expectation for it's in
uence on tree diameter.

It then systematically removes taxa if its inclusion in the tree is signi�cantly greater than its own

expectation/threshold ( i.e., long branch outliers). TreeShrink is conservative in taxon removal, only

removing taxa if they exceed their own expectation which is likely due to sequence extraction errors

such as paralogous gene inclusion.TreeShrink also adequately controls for taxa with ubiquitous long

branches such as outgroups { ensuring they are not wrongly removed.
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We re-cleaned the alignments withCIAlign (default settings) and trimal (-gappyout ). Fi-

nally, we �ltered for missing data using a series of three �lters. We removed (1) sequences where

> 30% of the total alignment length consisted of gaps, (2) loci that had less than 25% of the samples

represented, and (3) samples that had less than 5% of the loci represented.

2.3.2 Species Tree Inference

To infer our �nal species tree, we employed two di�erent methodologies: (1)Astral-III 98{100

and (2) SVDquartets101. For all analyses, we usedAnolis carolinensis as the outgroup. For Astral-

III, we inferred gene trees usingIQTree2 as above. We collapsed low support branches (i.e., boot-

strap support < 10%) and then usedAstral-III to infer the �nal lineage and species trees. For

SVDquartets, we concatenated loci together and usedSNP-Sites102 to extract the polymorphic

sites. We sampled 1,000,000 quartets with 1,000 bootstrap replicates.

2.3.3 Informativeness & Discordance

To examine phylogenetic informativeness of the di�erent types of loci, we estimated site-

speci�c substitution rates using IQTree2. We then plotted the average informativeness pro�les

generated with PhyInformR 103 for each locus type (i.e., BUSCO, AHE, UCE, orthogroups). To

assess discordance in our tree we visualized the alternate topologies produced byASTRAL .

2.4 Divergence Dating, Biogeography, & Diversi�cation

To estimate divergence times, we used a penalized likelihood approach implemented in

treePL104. Brie
y, for species tree divergence dating, we �rst subset our data to the individual with

the highest gene coverage per species. We then usedIQTree2 to constrain the topology of our tree

and rescale our branch lengths from coalescent units to substitutions per site using a concatenated

gene matrix under the GTR+G substitution model. We chose this model because it is very general;

commonly used for phylogenetics and divergence dating51 and leads to similar inferences as other

models while avoiding time-consuming model selection steps105. We calibrated our tree using eight

commonly used fossil calibration points in snakes following Zaher et al.69 and Burbrink et al. 106

(see Appendix B). Calibration points included stem Alethinophidia (Haasiophis terrasanctus; 93

Mya), stem Boinae (Titanoboa cerrejonensis; >58 Mya), stem Colubroides (Procerophis sahnii; >54
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Mya), stem Elapidae (Elapidae indet.; >24.9 Mya), crown Natricidae (Natrix longivertebrata; >13.8

Mya),stem Dipsadidae (Paleoheterodon tiheni; >12.5 Mya), stem Viperinae (Vipera cf. V. antiqua;

>22.1 Mya), and stem Crotalinae (Sistrurus sp. indet.; >10.3 Mya). For full justi�cation in fossil

choice and nodal placement see Zaher et al.69 and Appendix B. Calibration was constrained to

minimum ages to account for uncertainty in the maximum estimates. We then used treePL prime to

determine the best optimization parameters and used cross validation to identify the best smoothing

parameter. Final divergence dating was performed on 1,000 bootstrap replicates with varying branch

lengths from IQTree2. We summarized results with TreeAnnotator (0% burnin) to calculate the

mean node ages and 95% con�dence intervals107.

To reconstruct the biogeographic history of the group and to test for evidence of competition

on venom evolution, we must �rst identify where each species occurs and which species may be com-

peting. To do this, we developedVenomMaps - a database of manually curated distribution maps

and species distribution models (SDMs) for all 160 species of New World pitvipers108. Distribution

maps provided broad scale information on the distribution of species while SDMs can be used to

assess more �ne scale information on species presence/absence.VenomMaps is available in an in-

tuitive user-friendly, publicly-accessible GitHub repository and Shiny application108 (Fig. 2.3). See

Rautsaw et al.108 for full details on distribution curation and SDM inference. Brie
y, we cleaned

occurrence records obtained from numerous sources including GBIF (downloaded 2021-08-19)109,

Bison (downloaded 2021-08-19) Bison.usgs.gov2021BisonViperidae., HerpMapper (only New World

taxa; downloaded 2021-08-19)110, Brazilian Snake Atlas111, BioWeb (downloaded 2021-07-07)112, un-

published data/databases from collaborators, and georeferenced literature records totaling 373,673

species-level records, 292,425 of which are New World pitvipers. Next, we manually curated dis-

tribution maps in QGIS using previous distributions/publications, the occurrence records, a digital

relief map (maps-for-free.com), and The Nature Conservancy Terrestrial Ecoregions (TNC.org) to

identify clear distribution boundaries. Old World viper distributions were taken from Roll et al. 113.

We then used the cleaned occurrence records to infer SDMs for 140 species with su�cient data. To

do this, we developedautokuenm - a unix-executable R script designed to take occurrence records

and environmental data and prepare these data for species distribution modeling withkuenm114

(Fig. 2.4). Brie
y, autokuenm �lters occurrence records for each species and identi�es their respec-

tive M-areas based on alpha-hull overlap with biogeographic regions. It then crops environmental

areas and a kernel density bias layer to the M-area. Environmental layers are selected to minimize
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variable in
ation factors (VIF) and maximize MaxEnt variable importance and occurrence records

are partitioned into training and testing datasets for �nal modeling with kuenm. We created candi-

date calibration models with multiple combinations of regularization multipliers (0.1, 0.2, 0.3, 0.4,

0.5, 0.6, 0.7, 0.8, 0.9, 1, 2, 3, 4, 5, 6, 8, 10), feature classes (l, q, h, lq, lp, lt, lh, qp, qt, qh, pt, ph,

th, lqp, lqt, lqh, lpt, lph, lth, qpt, qph, qth, pth, lqpt, lqph, lqth, lpth, qpth, lqpth), and sets of en-

vironmental predictors (bioclimatic, topographic, combination) totaling 2,958 candidate models per

species. Models were compared and the best models selected using statistical signi�cance (partial

ROC), prediction ability (omission rates; OR), and model complexity (AICc).

Figure 2.3: Screenshot from theVenomMaps server. See Rautsaw et al.108 for more details.

We used BioGeoBEARS115,116 to infer the biogeography of Viperidae. For biogeographic

regions, we merged regions from several previous studies117{120 and The Nature Conservancy Ter-

restrial Ecoregions. Species were assigned to regions if> 15% of their distribution (see VenomMaps

above) occurred in that region or if > 50% of the region was overlapped by the species' distribution.

All species biogeographic region assignments were then manually checked and updated. We calcu-

lated the distance between and adjacency of regions and used this as input in theBioGeoBEARS

analysis. This reduced the number of biogeographic region combinations possible and ensured that

species could not directly disperse across distant regions (e.g., Africa to South America). We per-
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