
BUILDING FRAMEWORKS FOR UNDERSTANDING                  

INVASIONS AND EXTINCTIONS                                                                  

FOR BIODIVERSITY SCIENCE 

 

 

 

 

 

A Dissertation 

Submitted to 

the Temple University Graduate Board 
 

 

 

 

In Partial Fulfillment 

of the Requirements for the Degree 

DOCTOR OF PHILOSOPHY 

 

 

 

 

 

 

by 

Nicholas A. Huron 

August 2022 

 

 

 

 

 

Examining Committee Members: 

 

Dr. Matthew R. Helmus, Advisory Chair, Department of Biology 

Dr. S. Tonia Hsieh, Examining Chair, Department of Biology 

Dr. S. Blair Hedges, Committee Member, Department of Biology 

Dr. Dan L. Warren, External Member, Okinawa Institute of Science and 

Technology 

  



ii 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

© 

Copyright 

2022 

 

by 

 
Nicholas A. Huron

All Rights Reserved
 

 

 

  



iii 

ABSTRACT 

 

Scientists have long been interested in mechanisms that increase and decrease 

biodiversity on Earth and the effects they have on organisms’ interactions and functions. 

Global biodiversity loss is now outstripping accumulation and far exceeds expected 

background levels and has drawn comparisons to previous mass extinctions. The ongoing 

Holocene–Anthropocene extinctions differ from prior biodiversity loss, because humans 

have been directly implicated as major drivers of current loss—overexploitation, habitat 

modification and destruction, climate variability, spread of pathogens, and invasion by 

exotic species. Biodiversity change and especially loss can alter ecological assemblages 

irreversibly, which consequently can change the direction and magnitude of key 

ecosystem functions that organisms, including humans, rely on. Therefore, it is 

increasingly important to develop methods for quantifying and understanding phenomena 

linked to biodiversity change. In my dissertation, I develop methods to: (1) assess risk of 

a global-scale invasion of a pest species, (2) predict host associations for a generalist pest 

species, and (3) develop models to understand extinction dynamics within a clade of 

conservation interest. In my first chapter, I developed a framework and used it to assess a 

rapidly spreading regional U.S. grape pest, the spotted lanternfly planthopper (Lycorma 

delicatula; SLF), to spread and disrupt the global wine market. I found that SLF invasion 

potentials are aligned globally because important viticultural regions with suitable 

environments for SLF also heavily trade with invaded U.S. states. For my second chapter, 

I estimated host plant associations for SLF with phylogenetic imputation and predicted 

SLF host associations for the U.S. Many known and predicted high association host 
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species are found in the uninvaded Midwest, Southeast, and West Coast as well as the 

Mid-Atlantic and Northeast, where SLF is present. Should SLF spread further, these 

regions are likely to experience impacts to resident trees. For my third chapter, I proposed 

a method for detecting three non-random extinction models and used the imperiled 

Caribbean lizard genus Leiocephalus as a case study to test it. Past extinctions showed 

directional loss of larger Leiocephalus species. However, future predicted extinctions are 

random for body size but show stabilizing extinction of species with either smaller or 

larger limb and tail lengths. Shifting extinction for Leiocephalus may occur because of 

changing pressures that now include anthropogenic habitat loss. Altogether, these studies 

attest to the value of developing and evaluating approaches to describe biodiversity 

dynamics in the Anthropocene. 
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CHAPTER 1 

INTRODUCTION 

 

A key goal of biology is to understand how biodiversity accumulates and 

decreases on Earth and the impact such change has. Contemporary global biodiversity 

loss is presently outpacing accumulation and far exceeds expected and historical 

background levels (Myers et al. 2000b; Dirzo and Raven 2003; Barnosky et al. 2011; 

Cardinale et al. 2012; Dirzo et al. 2014; Folke et al. 2021). Current loss is so great that it 

has drawn comparisons to “the big five”(Raup 1994), the largest mass extinction events 

in history (Barnosky et al. 2011; Ceballos et al. 2017). However, ongoing Holocene–

Anthropocene extinctions differ from previous substantial biodiversity loss, because 

humans are directly involved as major drivers of current loss—overexploitation, habitat 

modification and destruction, climate variability, spread of pathogens, and invasion by 

exotic species (Barnosky et al. 2011; Mouillot et al. 2013; Ceballos et al. 2015; 

Yessoufou and Davies 2016; Isbell et al. 2017). A salient consequence of decreased 

biodiversity is irreversible alteration to ecological assemblages, which consequently can 

change the direction and magnitude of ecosystem functions that organisms, including 

humans, rely on (Worm et al. 2006; Cardinale et al. 2012; Mouillot et al. 2013; Carmona 

et al. 2016; Isbell et al. 2017). Sometimes, ecosystems are able to provide functions that 

are resilient to loss, but such a response is not guaranteed and cannot be universally 

assumed (Cadotte et al. 2011; Oliver et al. 2015; Biggs et al. 2020). Therefore, humans 
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have a vested and growing interest in understanding how we contribute to patterns of 

biodiversity loss so that we may remediate its effects.  

To avoid erosion of biodiversity and associated ecosystem functions, vulnerable 

taxa and systems must be identified. Risk assessments for extant taxa (IUCN 2020) or 

regions (Myers et al. 2000b; Mittermeier et al. 2004) account for many variables that 

relate to likelihood of loss, including past extinctions. Often, direct measures of species-

level extinction, such as change in species richness (Ceballos et al. 2017), are first used 

for clades or regions, since they are easily interpreted and require comparably fewer 

resources than field surveys. To date, such evaluations have identified particularly 

vulnerable taxa, such as especially small or large vertebrates (Ripple et al. 2017). Despite 

the merit of direct diversity measures for recognizing broad patterns in extinction, they 

fail to directly estimate lost ecosystem function. Analyses that jointly consider species 

loss and traits have the ability to uncover threats to species that serve particular 

ecosystem functions (Petchey and Gaston 2002; Mouillot et al. 2013; Dirzo et al. 2014). 

As such, trait-based studies represent a prudent step towards the development of a more 

mature understanding of the impacts of biodiversity loss. 

Although evaluation of known imperiled species is of high importance for 

conservation and biodiversity science, solely focusing on such species may be to the 

detriment of those that are not threatened at present but that may become so in the near 

future. Concern over species that may become threatened is of growing importance in the 

Anthropocene as global trade networks have increased interconnectedness of the Earth on 

a heretofore unknown scale (Folke et al. 2021), which has subsequently increased the rate 
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of introductions of exotic invasive species to new regions globally (Floerl et al. 2009; 

Early et al. 2016; Chapman et al. 2017; Seebens et al. 2017). As introductions continue, 

there is a pressing need to evaluate the impacts introduced invasive species (pests) have. 

The sooner a pest introduction is identified, the more likely and less costly it is to manage 

or eradicate it, and thus minimize its impact (Myers et al. 2000a; Pluess et al. 2012; 

Reaser et al. 2020; Blaalid et al. 2021). Many of these impacts result from either direct or 

indirect biotic interactions of pests, which become especially complicated to ascertain 

beyond the local scale (Kenis et al. 2009) and remain poorly documented for many 

species (Morales-Castilla et al. 2015). Unlike species in situ, pests can have distributions 

not at equilibrium, encounter novel species across a range of trophic levels, and 

experience ecological release (Le Maitre et al. 2008; Grarock et al. 2013; Elith 2017). 

These details are important for pest management but are often poorly understood, 

especially early in an invasion. Therefore, development of methods and frameworks that 

assess risk for emergent pests and identify species that may be negatively affected by 

them is a high priority for curtailing invasive species impacts on biodiversity. 

In this dissertation, I take a multi-faceted approach to contribute to current 

understanding of biodiversity change, focusing on species loss and introduction of 

invasive species. Chapter two develops a framework for assessing the risk of a pest to 

become globally invasive and impact an agricultural market. I then use this framework to 

assess risk for a regional U.S. grape pest, the spotted lanternfly (SLF, Lycorma 

delicatula), to spread and disrupt the global wine market. In doing so, I identify regions 

that are particularly vulnerable based on SLF transport, establishment, and viticulture 
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impact potentials. In Chapter 3, I address gaps in knowledge of biotic interactions for 

SLF by employing its known plant host associations and plant phylogenetic relationships 

to infer association strength for tree species. I then place predicted likely strong 

association host species in a geographic context by mapping their species richness across 

the contiguous U.S. to identify regions that may be at a greater risk of impact as SLF 

spreads. In Chapter 4, I connect traits to analyses of extinctions by developing a method 

for detecting models of non-random extinction. As a case study for this method, I use the 

imperiled Caribbean lizard genus, Leiocephalus, to show shifts in past and expected 

future extinctions of its morphological diversity. Taken as a whole, this body of research 

introduces new methods for characterizing biodiversity change while simultaneously 

demonstrating their utility for deserving empirical systems. 
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CHAPTER 2 

PANINVASION SEVERITY ASSESSMENT OF A U.S. GRAPE PEST TO 

DISRUPT THE GLOBAL WINE MARKET 

 

2.1 Abstract 

Economic impacts from plant pests are often felt at the regional scale, yet some 

impacts expand to the global scale through the alignment of a pest’s invasion potentials. 

Such globally invasive species (i.e., paninvasives) are like the human pathogens that 

cause pandemics. Like pandemics, assessing paninvasion risk for an emerging regional 

pest is key for stakeholders to take early actions that avoid market disruption. Here, I 

develop the paninvasion severity assessment framework and use it to assess a rapidly 

spreading regional U.S. grape pest, the spotted lanternfly planthopper (Lycorma 

delicatula; SLF), to spread and disrupt the global wine market. I found that SLF invasion 

potentials are aligned globally because important viticultural regions with suitable 

environments for SLF establishment also heavily trade with invaded U.S. states. If the 

U.S. acts as an invasive bridgehead, Italy, France, Spain, and other important wine 

exporters are likely to experience the next SLF introductions. Risk to the global wine 

market is high unless stakeholders work to reduce SLF invasion potentials in the U.S. and 

globally. 

 

  



 

6 

2.2 Introduction 

Invasive plant pests cause substantial economic impacts (Ristaino et al. 2021), but 

most pests and their impacts are confined to specific regions. For a regional pest to 

become a globally invasive species that disrupts global markets (i.e., paninvasive), 

ecological and economic factors that determine the pest’s transport, establishment, and 

impact potentials must be aligned at the global scale (Figure 2.1, Appendix A.1; 

Blackburn et al. 2011). First, paninvasive pests have high transport potential because they 

can be easily transported among regions, often through global trade (Chapman et al. 

2017). Second, paninvasive pests have high establishment potential, because their 

environmental needs for population growth are met in many regions (Liebhold et al. 

2018). Third, paninvasive pests have high impact potential, because invaded regions have 

sizeable agricultural production and industries vulnerable to the pest (Bradshaw et al. 

2016). If these invasion potentials are correlated across multiple regions globally for an 

emerging regional pest, there is a high risk of the pest spreading to cause supply crashes 

in regional markets that cascade to disrupt global markets (Wyckhuys et al. 2018). 

Despite the importance of identifying emerging paninvasives, existing approaches 

lack a cohesive and universal framework for rapidly assessing and effectively 

communicating such risk to stakeholders (Leung et al. 2005). To address this gap, I 

developed the paninvasion severity assessment framework by adapting the U.S. CDC 

pandemic severity assessment framework to invasion process theory, which describes 

translocations of species in terms of transport, establishment, and impact potentials  
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Figure 2.1 The concept of paninvasive species is based on invasion process theory. Any 

species has potentials to complete three sequential stages (depicted by the arrow) to 

become invasive in a region (i.e., transport to the region, establishment in the region, 

impact to the region’s economy; Blackburn et al., 2011). For a pest paninvasion to occur, 
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a pest must be transported and establish in suitable regions globally where it impacts 

susceptible agriculture, disrupting markets at a global scale (depicted by the bracket). 

Here, I focus on estimating invasion stage potentials for the spotted lanternfly 

planthopper (Lycorma delicatula, SLF), an emerging U.S. pest at risk of disrupting the 

global wine market. Photos introduce SLF biology. Gravid females (a) lay eggs on many 

surfaces like stone (b) and transport infrastructure (c). Once eggs hatch, SLF develop by 

molting through three black and one red nymphal instars (d) before molting into winged 

adults (top, a). SLF feed on phloem of many plants but develop quickly on tree-of-heaven 

(Ailanthus altissima, TOH, e, f), a globally invasive tree commonly found in habitat 

fragments around railroads (f) and warehouses (c). SLF also heavily feed on grape (g), 

reducing yield (h) and contributing to vine death (i). Photo credits: S. Cannon (e), M. 

Helmus (top, a, d), H. Leach (b, c, g–i), G. Parra (f). The map is of SLF (orange) and 

TOH (blue) presences (ca. 2020) I used to estimate paninvasion risk (see Methods). 
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(Figures 2.1, 2.2; Blackburn et al. 2011; Grarock et al. 2013; Reed et al. 2013; Qualls et 

al. 2017). Although invasive species frameworks are increasingly adapted to understand 

infectious diseases like COVID-19 (Bright 1999; Hatcher et al. 2016; Ogden et al. 2019; 

Nuñez et al. 2020; Simberloff et al. 2020b; Comizzoli et al. 2021), adapting public-health 

frameworks to invasion science is novel and leverages an increasingly universal risk 

vocabulary (Figure 2.2; Katella 2020). Under this framework, I assessed the paninvasion 

risk of the spotted lanternfly planthopper (Hemiptera: Lycorma delicatula; SLF, Figure 

2.1). SLF was introduced to South Korea and Japan in the early 2000s and then to the 

U.S. (ca. 2014) on goods imported from its native China (Parra et al. 2018). SLF has 

rapidly spread from Pennsylvania to several other states, presenting increased 

opportunities for stepping-stone, bridgehead invasions to additional regions (Floerl et al. 

2009; Barringer et al. 2015; Urban 2020). SLF greatly impacts grape production (Lee et 

al. 2009, 2019; Du et al. 2021; Nixon et al. 2021; Urban et al. 2021) and has been 

presented to the public as one of the worst invasive species to establish in the U.S. in a 

century (Morrison 2018; Roush 2018; Imbler 2020), but its paninvasion risk has not been 

assessed (Urban 2020). 

SLF likely has high global transport potential because it lays inconspicuous egg 

masses on plants, stone, and trade infrastructure (e.g., containers, railcars, pallets), which 

facilitates long-distance transport when eggs are laid on exported items (Figure 2.1a–c). 

Landscaping stone imported from China was the likely vector of the U.S. invasion 
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Figure 2.2 The paninvasion severity assessment framework is adapted from the U.S. 

CDC pandemic severity assessment framework used to estimate the risk of emerging 

human pathogens. For pandemics (a), quadrant plots of pathogen transmissibility and 

infectivity (combined on one axis) vs. pathogen virulence (clinical severity) are used to 

compare the risk of a pathogen across different populations or age groups (Reed et al. 
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2013; Qualls et al. 2017; Prevent Epidemics 2020). For paninvasions (b), invasion 

potentials for an emerging regional invasive species are estimated (d Step 1) by equating 

pathogen transmission with transport potential, infectivity with establishment potential, 

and virulence with impact potential (follow the red arrows) across regions (black circles) 

to construct quadrant plots that depict their alignment based on multivariate correlations 

(d Step 2; see Methods). Next, paninvasion risk (c) is estimated from the correlation 

between regional invasion risk estimated from the multivariate regression of invasion 

potentials (d Step 3; see Methods) and the size of regional markets that could be 

disrupted. The steps of the paninvasive severity assessment framework (d) culminate in 

articulated caveats in the current assessment that direct future research (d Step 4) that 

provide data to inform the next assessment iteration.  
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(Parra et al. 2018). Following successful transport, SLF global establishment potential is 

likely enhanced by the cosmopolitan distribution of its preferred host plant, the tree of 

heaven (Ailanthus altissima, TOH, Figure 2.1d–f; Urban 2020). The native ranges of SLF 

and TOH overlap in China, but for >250 years TOH has escaped cultivation into 

disturbed habitats and agricultural margins in temperate, subtropical, and Mediterranean 

regions globally (Figure 2.1 map). Once established, SLF likely has high global impact 

potential to wine markets because grape is an equally suitable host. SLF develops at 

similar rates when fed grape or TOH, and fecundity increases when fed a mixed diet of 

these two preferred hosts (Lee et al. 2009; Derstine et al. 2020; Murman et al. 2020; Uyi 

et al. 2020; Dechaine et al. 2021). Asian vineyard production is impacted by SLF 

infestations (Park et al. 2013; Dara et al. 2015); and SLF-invaded U.S. vineyards have 

reported vine deaths, >90% yield losses, and closure (Figure 2.1g–i; Leach and Leach 

2020b; Urban 2020; Urban et al. 2021). 

To assess paninvasion risk, I calculated invasion potentials from estimates of SLF 

transport, establishment, and impact potentials from the U.S. invaded region to uninvaded 

U.S. states and countries using trade, species distribution models, and grape and wine 

production data. I then mapped invasion potentials, calculated alignment correlations, and 

estimated risk to the $300B global wine market (International Organisation of Vine and 

Wine 2019). 
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2.3 Methods 

Here, I provide a methodological discussion of the paninvasion severity 

assessment framework (Figure 2.2) and its application to spotted lanternfly (SLF, Figure 

2.1). To make the SLF assessment easy to refine once new data and insights are available, 

I provide both an open-source R package that includes all data to reproduce all results 

(https://ieco-lab.github.io/slfrsk/) and a Google Earth Engine application to map SLF 

paninvasion severity from global to local scales (https://ieco-

lab.github.io/slfrsk/articles/vignette-040-ee-data.html). These open-science tools also are 

adaptable to other emerging regional invasives at risk of paninvasion (e.g., Zhu et al. 

2020). Here, I focused on agricultural and economic data most relevant to assess pest 

risk, but for non-pest invasives, data on environmental and human health may be a higher 

priority.  

 

2.3.1 Paninvasion Severity Assessment Framework 

Although the invasion process can be divided into many stages, the paninvasion 

severity assessment framework focuses on the three main stages most often estimated in 

invasion risk assessments (Blackburn et al. 2011) and that are analogous to the disease 

potentials that public-health scientists quantify for pathogens (Figure 2.2; Reed et al. 

2013). When a pathogen with pandemic risk emerges, public health scientists place it 

within scaled measures of transmissibility and infectivity (often combined and termed 

transmissibility), and virulence (clinical severity) to assess its risk (Reed et al. 2013; 

Qualls et al. 2017). For example, when SARS-CoV-2 emerged during the COVID-19 

https://ieco-lab.github.io/slfrsk/
https://ieco-lab.github.io/slfrsk/articles/vignette-040-ee-data.html
https://ieco-lab.github.io/slfrsk/articles/vignette-040-ee-data.html
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pandemic, the initial understanding was that different age groups had similar potentials to 

transmit and become infected (Figure 2.2a, y-axis), but different age groups varied in 

their clinical severity once infected (Figure 2.2a, x-axis; Reed et al. 2013; Freitas et al. 

2020; Prevent Epidemics 2020). To adapt this public-health framework to invasion 

process theory (Ehler 1998; Ludsin and Wolfe 2001; Blackburn et al. 2011; Lockwood et 

al. 2013; Schulz et al. 2021), I equated transmission, infectivity, and virulence potentials 

of a pathogen across different human populations to the transport, establishment, and 

impact potentials of an invasive species across different regions (see colored arrows 

between Figure 2.2a,b). For example, in Figure 2.2b I placed several hypothetical regions 

that together indicate strong alignment (i.e., multivariate correlation) among invasion 

potentials across the regions. In this example, predicted invasion risk (Figure 2.2c, x-axis) 

for these three hypothetical regions is strongly correlated to a measure of their 

contributions to a global market (Figure 2.2c, y-axis), indicating an overall high 

paninvasion risk.  

Paninvasion assessments comprise four steps (Figure 2.2d): 1) estimate invasion 

potentials, 2) calculate alignment of invasion potentials, 3) quantify paninvasion risk, and 

4) articulate caveats, which I describe in detail for SLF below and in Appendix A. 

 

2.3.2 Step 1: Estimate Invasion Potentials 

2.3.2.1 Transport Potential 

Transport potential is a measure of propagule pressure (Lockwood et al. 2005). 

The prevailing hypothesis on SLF transport potential is that regions that import more 
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tonnage of commodities from the invaded U.S. region also import more total tonnage of 

goods and trade infrastructure (e.g., cargo containers, pallets, and railcars) that 

inadvertently transport SLF propagules, such as egg masses, long-distances (Park et al. 

2013; Parra et al. 2018; Lee et al. 2019; Liu 2019, 2020; Urban 2020). To estimate which 

states were invaded and identify SLF transportation events, I obtained a database of SLF 

records from the USDA and aggregated first-find and regulatory incident reports (e.g., 

California Department of Food and Agriculture 2020). As of December 2020, the invaded 

states were Connecticut, Delaware, Maryland, New Jersey, New York, Ohio, 

Pennsylvania, Virginia, and West Virginia (Figure 2.3). I estimated transport potentials 

from the U.S. invaded region as the log10 of the average annual metric total tonnage of all 

goods imported between 2012–2017 by states and countries from the invaded U.S. states. 

This date range encapsulates both pre- and post-introduction of SLF to the U.S. and 

maximized temporal overlap across different data sources. Tonnage data from these 

invaded states were from the U.S. Freight Analysis Framework for interstate imports 

(Oak Ridge National Lab 2017) and from the U.S. Trade Online database for 

international imports (U.S. Census Bureau 2019), both accessed on June 14, 2019. 

Current SLF spread in the U.S. was explained by my transport potential metric 

suggesting that using total tonnage is a valid metric of transport potential for SLF 

(Appendix A.1.2, Table A.1). 
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Figure 2.3 Spotted lanternfly (Lycorma delicatula, SLF) invaded nine states in the U.S. 

by 2020. Colored polygons are counties with established SLF populations. Grey-filled 

polygons are counties where SLF have been transported but have not established. These 

regulatory incidents include any egg cases, living, moribund, and dead individuals found 

in cargo. Red outlined states have established SLF populations. 
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2.3.2.2 Establishment Potential 

Establishment potential is the set of species-specific and environmental 

characteristics of a region that determine if a transported species can generate a self-

sustaining population (Blackburn et al. 2011). I determined SLF establishment  

potential from an ensemble estimate from three global species distribution models 

(SDMs): a multivariate SDM of TOH (sdm_toh), a multivariate SDM of SLF (sdm_slf1), 

and a univariate SDM of SLF that modeled SLF presence on the predicted values from 

sdm_toh (sdm_slf2). Models were constructed using MaxEnt ver. 3.4.1 according to 

unbiased niche modeling best practices (see Appendix A.1.3; Araújo and New 2007; 

Phillips et al. 2017; Araújo et al. 2019). Specifically, my SDMs were built from unique, 

error checked, and spatially rarefied presence records: sdm_toh on 8,022 TOH presence 

records, and sdm_slf1 and sdm_slf2 on 325 SLF presence records obtained from GBIF on 

October 20, 2020. To find the best-fit models that explained TOH and SLF presences, I 

identified a subset of six covariates, from 22 candidate covariates (Hijmans et al. 2005; 

Simard et al. 2011; Fick and Hijmans 2017; Weiss et al. 2018), that minimized model 

collinearity: annual mean temperature, mean diurnal temperature range, annual 

precipitation, precipitation seasonality, elevation, and access to cities. I fit sdm_toh and 

sdm_slf1 with these six covariates. sdm_toh represents my best estimate of the global 

distribution of TOH, thus I fit sdm_slf2 that modeled SLF suitability from the predicted 

values of sdm_toh. As such, sdm_slf2 represents suitability that considers a primary plant 

host (TOH; Lee et al. 2009) that is also invasive but likely not at equilibrium (Sladonja et 

al. 2015) and the same abiotic covariates as sdm_slf1 (sdm_toh uses the same covariates). 
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I evaluated model performance with k-fold cross-validation, specifically the receiver 

operating characteristic of the AUC (area under the curve) and omission error (Fielding 

and Bell 1997; Pearson et al. 2007; Anderson and Gonzalez 2011).  

Each model estimated suitability at a 30-arcsecond (at the equator approximately 

1 km2) global resolution with pixel values scaled 0–1, which I averaged across models 

per pixel to produce one ensemble image and intersected this image with state and 

country polygons (Araújo et al. 2019). Establishment potential for the 50 U.S. states and 

223 countries was estimated as the maximum pixel value for each state and country. 

Results and conclusions with mean and median pixel values instead of max were similar 

(see https://ieco-lab.github.io/slfrsk/). 

 

2.3.2.3 Impact Potential 

I used log10-transformed average annual production tonnages of grapes and wine 

as two separate estimates of impact potential. For consistency, I used grape and wine 

production during the same span of time as transport potential estimates, 2012–2017. 

Grape production for countries was from the Food and Agriculture Organization of the 

United Nations crop database (FAOSTAT 2019) and for states from the USDA National 

Agricultural and Statistics Service commodity database (USDA National Agricultural 

Statistics Service 2022), both accessed on January 24, 2020. Wine production in metric 

tons was from FAOSTAT for countries (FAOSTAT 2019), accessed on June 21, 2019, 

and from the Alcohol and Tobacco Tax and Trade Bureau (TTB) for states (U.S. Alcohol 

and Tobacco Tax and Trade Bureau 2019b), accessed on June 22, 2019, which was in 

https://ieco-lab.github.io/slfrsk/
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gallons but I converted it to metric tons assuming 3.776e-3 t/gallon (AVCALC 2019). 

Major viticultural regions (Figure 2.4) were aggregated and georeferenced from a TTB 

U.S. state data set (U.S. Alcohol and Tobacco Tax and Trade Bureau 2019a) and the 

global viticultural regions Wikipedia list (Wikipedia 2020) to better visualize impact 

within states and countries, both accessed on April 22, 2020.  

 

2.3.3 Step 2: Calculate Alignment Correlations 

To consider how all three invasion potentials may coincide for regions, I 

calculated alignment correlations for states and countries separately. Alignment was 

calculated for each of the two measures of impact potential as Spearman rank correlations 

between impact potential and the predicted values from linear regression models of each 

impact potential regressed on transport and establishment potentials together (Allison 

1999). I then visualized these multiple multivariate correlations as quadrant plots 

following a stakeholder-friendly and approachable format adapted from the pandemic 

severity assessment framework (Reed et al. 2013; Qualls et al. 2017). 

 

2.3.4 Step 3: Quantify Paninvasion Risk 

To determine if invasion risk for countries corresponds with economic impact to 

the global wine industry, I investigated the relationship between wine market size and 

predicted risk of invasion for individual countries. I estimated wine market size for 223  
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Figure 2.4 Strong spatial alignment of spotted lanternfly (Lycorma delicatula) transport, 

establishment, and impact potentials exists. Arrows point from the U.S. invaded region to 

the top ten states (a) and countries (b) with the highest transport potentials. Purple points 

are locations of important viticultural areas. Map shading is an ensemble of species 

distribution models that estimates establishment potential.  
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countries (including some that export but do not produce wine) as the value of wine 

exports corresponding with the years for my trade data (2012–2017, log10 USD) 

downloaded from the FAOSTAT detailed trade matrix (FAOSTAT 2019), accessed 

August 31, 2020. Then, I regressed country grape production on transport and 

establishment potentials with multiple linear regression. Each predicted value from this 

regression can be considered an estimate of the risk of SLF to invade and impact a 

country’s grape production. I rescaled these estimates from 1–10 to create an easily 

interpreted estimate of risk and then correlated these predicted values to wine export 

market size. To place overall SLF paninvasion severity on a clear scale for both 

researchers and stakeholders, I simply rescaled the Pearson correlation from 1–10, so that 

1 is a complete negative correlation and 10 is a complete positive correlation between 

country risk and wine export market size. 

 

2.3.5 Step 4: Articulate Caveats 

Paninvasion risk assessments should be performed iteratively as the invasion 

process continues across regions and responses are mobilized. Early assessments of 

emergent pests have great utility to support early responses but often come with caveats. 

The fourth step of the framework is to articulate the caveats of a current assessment to 

guide future research. These caveats should explicitly consider the assumptions made 

when estimating invasion potentials and how those potentials and risk could change as 

the invasion process continues. Below I articulate caveats of my SLF assessment to 

provide a basis for future refined assessments of SLF to disrupt the global wine market. 
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I calculate paninvasion risk of SLF via stepping-stone transport from the eastern 

U.S. However, major wine producing nations also heavily trade with China, Japan, and 

South Korea, where SLF is also established. Total SLF transport potential is thus greater 

than my estimates, meaning paninvasion risk is higher than what I report here. Future 

work should account for global trade network dynamics to other nations with established 

SLF populations. However, comprehensive surveys are first needed on the distribution of 

SLF in these other countries and the trade emanating from regions with established 

populations. Further research should focus on the identification of which industries and 

commodities are most likely to increase long-distance spread. This requires linking trade 

dynamic models to phenological models to indicate if high risk trade is occurring at the 

same time as egg laying, because eggs are the life-stage most likely to be transported 

long-distances (Urban 2020). Additionally, refinement of SLF propagule pressure 

dynamics (Lockwood et al. 2005), specifically propagule number and ratio of successful 

to failed transportation events, can improve estimates of transport potential. 

Establishment potential should be improved as additional data and models 

become available. Because I use MaxEnt, a presence only, correlative SDM method to 

estimate establishment, I measure suitability for SLF in a way that does not account for 

how SLF population density and possible plastic and adaptive responses to novel 

environmental conditions in invaded regions may affect establishment success. Omission 

of population density and other demographic variables can hinder accurate prediction, 

especially for SDMs (Ponti et al. 2021), and whenever possible, priority should be placed 

on using them alongside models that rely on pest physiology to predict establishment 
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potential (Briscoe et al. 2019). For SLF, two physiologically based models (Lewkiewicz 

et al. 2021; Maino et al. 2021) largely correspond with my SDM-based establishment 

potentials and thus support the global establishment potential for SLF I report here. Early 

assessments of paninvasion severity are unlikely to account for plasticity and adaptation 

that is common for invasive pests, especially when combined with variation in local 

weather patterns and climate change. Indeed, a recent analysis suggests that SLF will 

experience increased suitable habitat and a greater impact in China in the future due to 

climate change (Wang et al. 2021). The expected effect of climate change is likely more 

complicated for SLF, which has a flexible life cycle that can include but does not require, 

temperature-linked diapause for overwintering in cooler regions (Xin et al. 2020; Du et 

al. 2021; Keena and Nielsen 2021). Survivorship appears greater without such diapause 

(Keena and Nielsen 2021), and thus establishment potential may be even higher than 

expected in warmer climes. 

Variation in weather, climate change, host preference, and pest density can 

influence pest impacts. Such factors often act at different scales and in a spatially 

heterogenous manner. For example, SLF prefers grapes, but the degree to which it does 

over alternative hosts near vineyards remains poorly known, which is important, since 

SLF appear to have their highest densities at vineyard edge habitats (Leach and Leach 

2020a). The vulnerability of viticultural regions may be affected by the prevalence of 

particular grape cultivars or alternative hosts, but additional research is necessary to 

elucidate SLF feeding preference. Similarly, the relationship of SLF density within a 

vineyard and in the surrounding landscape remains poorly known, which is in turn likely 
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to be influenced by weather patterns and plant phenology (Leach and Leach 2020b). As 

SLF host preference and its relationship to landscape variables become better understood, 

they should be incorporated into considerations of impact potential. 

Lastly, to refine the SLF paninvasion risk assessment, future work should 

calculate invasion potentials for other grape pests like phylloxera to place SLF on an 

absolute scale of risk severity (Granett et al. 2001). My assessment of SLF relativizes 

invasion potentials with the assumption that regions with high potentials relative to other 

regions also have high absolute potentials. SLF has broad environmental suitability, a 

flexible life cycle, ability to lay many discrete egg masses on numerous substrates (Figure 

2.1b), observed rapid spread (Figure 2.3) and realized impacts to grape and wine 

production (Lee et al. 2009, 2019; Leach and Leach 2020b; Urban 2020; Du et al. 2021; 

Nixon et al. 2021; Urban et al. 2021), so its absolute potentials are likely very high. 

However, absolute potentials can only be assessed by comparing multiple paninvasive 

species, like what is done for pathogens. When a pathogen with pandemic potential 

emerges, the pandemic severity assessment framework compares the severity of the 

potentials of the current outbreak pathogen to past pandemic producing pathogens (Reed 

et al. 2013; Qualls et al. 2017; Freitas et al. 2020). The next step towards a mature 

paninvasion framework is to estimate invasion potentials for current paninvasive species, 

so that the likelihood of a paninvasion for any emerging regional pest can be placed on an 

absolute scale of severity. 
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2.4 Results 

2.4.1 Spotted Lanternfly Invaded Range 

To assess SLF paninvasion risk, I first estimated the current U.S. invaded range 

(ca. 2020). I aggregated distributional data from multiple sources, including 

announcements made by state departments of agriculture on cargo interceptions that did 

not lead to established populations (i.e., regulatory incidents). By 2020, SLF had 

established in nine U.S. states, with clear incidents of long-distance transport and 

establishment in Virginia, New York, and Pennsylvania. In eight additional states, 

individuals were intercepted in cargo and on transported goods originating from states 

with established SLF. California had intercepted the most with >40 individual SLF on 35 

flights found during cargo inspections, but all were dead or moribund and not egg masses 

(California Department of Food and Agriculture 2020). No international reports of 

regulatory incidents from the U.S. have been published. These regulatory incidents 

suggest that cargo with SLF were frequently transported from the invaded range in the 

U.S. northeast to at least as far as to the U.S. west coast (Figure 2.3). 

 

2.4.2 Alignment of Invasion Potentials 

I estimated the three invasion potentials—transport, establishment, impact—for 

50 U.S. states and 223 countries. For transport potential, I used the total metric tonnage 

of goods imported from invaded states (Oak Ridge National Lab 2017; U.S. Census 

Bureau 2019). The current SLF spread in the U.S. (Figure 2.3) was explained by total 

tonnage (Appendix A.1.2, Table A.1). States with the highest transport potential were 
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mostly in the eastern U.S., but Illinois, Texas, and California also heavily traded with the 

invaded states, indicating that SLF had high potential to be transported both regionally 

and transcontinentally (Figures 2.4a, 2.5a). Globally, transport potentials were highest in 

several European countries, Canada, and Brazil (Figures 2.4b, 2.5b). 

I based establishment potential on an ensemble estimate of species distribution 

models (SDMs) built on SLF and TOH geolocations (see Appendix A.1.3 for SDM 

methods, Figure 2.4; Derived dataset GBIF.org 2021). My ensemble estimate of SLF 

establishment potential was spatially similar to other SDMs (Jung et al. 2017; Wakie et 

al. 2020) and physiologically based demographic models of SLF (Lewkiewicz et al. 

2021; Maino et al. 2021). However, my estimate indicated urban landscapes as likely 

establishment locations and showed fine spatial-scale variation in establishment potential 

(see my interactive map https://ieco-lab.github.io/slfrsk/). For each state and country, I 

extracted the mean, median, and max predicted suitability to estimate establishment 

potential (Appendix A.1.3). Most U.S. states had high establishment potential (Figures 

2.4a, 2.5a), and all the countries with highest transport potential also had the highest 

establishment potential (Figures 2.4b, 2.5b). 

I estimated SLF impact potential as the annual average tonnage of grapes and 

wine produced for each U.S. state and country (FAOSTAT 2019; U.S. Alcohol and 

Tobacco Tax and Trade Bureau 2019b; USDA National Agricultural Statistics Service 

2022). States and countries with many important viticultural regions were geographically  

https://ieco-lab.github.io/slfrsk/
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Figure 2.5 Spotted lanternfly (Lycorma delicatula) invasion potentials are aligned for 

wine and grape producing regions. States (a) and countries (b) that produce most of the 

global supply of grapes (point size) and wine (point fill color) also have high transport 

and establishment potentials. Invaded regions and the top-10 grape producing regions are 

labeled; box plots split the distributions of establishment potential and transport potential 

into high (purple) and low (white) wine producing regions (center line is the median, box 

limits are the upper and lower quartiles, and whiskers are 1.5 x the interquartile range); 

dashed lines divide the data into high-high, high-low, and low-low potential quadrants; 

and axes are scaled and formatted as suggested by the pandemic severity assessment 

framework(Reed et al. 2013; Qualls et al. 2017). Point color indicates high and low wine 

producing regions. Point size depicts grape production in metric tons.  
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clustered (Figure 2.4). Those with the highest impact potentials included: California, 

Washington, and Oregon on the U.S. west coast; New York and Pennsylvania on the U.S. 

east coast (Figures 2.4a, 2.5a); and Italy, France, and Spain in western Europe (Figures 

2.4b, 2.5b). After discovery of the Pennsylvania invasion in 2014, it only took a few 

years for neighboring states to be invaded as well (Figure 2.3). Thus, should one region 

on the U.S. west coast or in western Europe become invaded by SLF, neighboring states 

and countries are likely to also become invaded quickly.  

SLF invasion potentials across states and countries were aligned (Figure 2.5). 

Alignment correlations calculated as Spearman’s rank correlation (ρ statistic) among 

transport, establishment, and impact potentials were positive for impact potential 

measured as state grape production (ρ = 0.41, P<0.005, Figure 2.5a), state wine 

production (ρ = 0.52, P<0.001), country grape production (ρ = 0.67, P<0.001, Figure 

2.5b), and country wine production (ρ = 0.63, P<0.001). This alignment of potentials is 

clear in the invasion potential alignment plots (Figure 2.5). Major grape producing 

regions fall in the upper-right quadrant of the plots where regions have both high 

transport and high establishment potentials. 

 

2.4.3 Paninvasion Risk 

I estimated the risk of SLF to disrupt the global wine market to be an 8 out of 10 

(Figure 2.6). To derive this value, I regressed country grape production on country 

transport and establishment potentials. Each predicted value from this multivariate 

regression can be considered an estimate of the risk of SLF to invade and impact a 

country’s grape production. I then rescaled these predicted values from 1–10 and  
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Figure 2.6 Spotted lanternfly (Lycorma delicatula) paninvasion risk is an 8 out of 10 due 

to the correlation between country wine export market size and invasion risk. Dashed 

lines are one-to-one guidelines at -0.5, 0, 0.5 intercepts. Point color indicates high and 

low wine producing regions. Point and label size depict wine production in metric tons.  
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correlated them to wine export market size (ρ = 0.66, P<0.001). To place SLF on a scale 

of paninvasion severity, I rescaled the correlation coefficient, ρ, from 1–10, so that 1 is a 

complete negative correlation and 10 is a complete positive correlation between predicted 

impact and market size. Low values on this scale indicate that the global market is 

buffered against a paninvasion, while high values indicate that a paninvasion is likely 

unless mitigation actions are taken to reduce invasion potentials. 

 

2.5 Discussion 

The risk of a spotted lanternfly (SLF) paninvasion is high and coordinated effort 

should be made to reduce its transport, establishment, and impact potentials globally. In 

the U.S., efforts to reduce SLF transport potential are primarily through quarantine and 

inspection of goods. SLF is a regulated plant pest and the U.S. Department of Agriculture 

(USDA) is working towards implementing consistent, science-based, and nation-wide 

transport protocols (Crowe 2018; US Animal and Plant Health Inspection Service 2019; 

Urban 2020). I recommend that estimates of SLF transport potential be updated regularly 

as more states become invaded. Finer spatial and temporal scale data are needed on high 

transport potential pathways such as rail, landscaping stone, and live tree shipments to 

better forecast long-distance transport (Park et al. 2013; Parra et al. 2018; Urban 2020). 

Egg masses in diapause are the most likely life stage to result in new satellite populations 

if transported. Thus, models should integrate annual trade dynamics with SLF annual 

phenology (Jones et al. 2021; Lewkiewicz et al. 2021). Such models would identify 
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goods to quarantine and inspect that are transported out of the invaded range when eggs 

are in diapause before spring hatch (Smyers et al. 2021). 

The main host plant for SLF is the globally invasive tree of heaven (TOH) and 

reduction of establishment potential in the U.S. focuses on removing and treating TOH 

with herbicide (Parra et al. 2018). The USDA and state departments of agriculture are the 

main agencies tasked with SLF control. However, these agencies lack resources to 

manage TOH at both broad and local scales needed to reduce establishment potential, and 

businesses and private citizens are increasingly burdened with TOH removal costs 

(Urban 2020). Future research should focus on cost-effective, targeted TOH biocontrol 

methods that can be implemented at broad spatial scales (Brooks et al. 2020). I suggest 

increased public funding for local TOH management around vineyards and properties at 

risk of transporting SLF (Urban 2020). Currently, TOH seeds are inexpensive and easily 

purchased online. I suggest eliminating the horticultural sale of TOH globally. The U.S. 

federal and state governments should put TOH on their noxious weed lists, making it 

unlawful to sell, grow, or move this weedy invasive (Commonwealth of Pennsylvania 

2019). As SLF spreads, it will encounter new hosts besides TOH. To anticipate novel 

hosts, association studies that track SLF survivorship, development speed, and attraction 

are needed across a wide range of potential hosts, especially for those in landscapes 

surrounding high transport and impact potential locations like railyards and vineyards 

(Barringer and Ciafré 2020; Derstine et al. 2020; Murman et al. 2020; Nixon et al. 2021). 

Reduction to SLF impact potential currently relies on reducing populations with 

tree-band trapping and broad-spectrum insecticides (e.g., carbamates, organophosphates, 
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pyrethroids, neonicotinoids) that have high nontarget mortality (Parra et al. 2018; Leach 

et al. 2019; Francese et al. 2020; Urban et al. 2021). However, existing management 

practices do not prevent vineyard reinfestations and pesticide application often overlaps 

with grape harvest when adults move into vineyards (Leach and Leach 2020b). Damaged 

vines can be pruned but grape yield is reduced (Penn State Extension 2021). More 

research on long-term control methods for established populations is critical for reducing 

SLF impact potential. First, trapping technologies that reduce bycatch must be refined 

and widely deployed (Francese et al. 2020; Nixon et al. 2020). Second, biocontrol agents 

that specialize on SLF, such as parasitoid wasps and fungus show promise, but more 

work is needed to understand non-target attack rates (Yang et al. 2015; Liu and Mottern 

2017; Clifton et al. 2020). Finally, like targeted mRNA vaccines developed to reduce the 

impact of SARS-CoV-2 on human health (Hogan and Pardi 2022), SLF-specific RNAi 

insecticides have the ability to control outbreaks in vineyards and beyond (Whyard et al. 

2009; Urban 2020). Although SLF impacts to vineyards within its invaded range are 

significant, to date, SLF has yet to invade a major viticultural area. Its actual impact on 

such regions with larger, wealthier, and interconnected wine economies is thus unknown. 

It is also unclear whether market elasticity might weaken or strengthen the disruption of a 

SLF paninvasion to the global wine market. It behooves governments to heed the 

paninvasion risk of this grapevine pest. 

When a pest like SLF with high paninvasion risk emerges, coordinated 

governmental efforts can mitigate global market disruptions. For example, the Great 

Wine Blight of the late 19th century caused by grapevine phylloxera (Hemiptera: 
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Daktulosphaira vitifoliae) was the largest shock to the global wine market ever recorded 

(Ordish 1972). Phylloxera decimated European vineyards, but the market recovered due 

to pest management solutions whose development were coordinated by high-level 

officials in the French federal government (Ordish 1972).  

For SLF in the U.S., early federal coordination was hampered. The U.S. National 

Invasive Species Council (NISC) contains high-level federal officials (e.g., Secretaries of 

State, Interior, Agriculture, and Defense) who coordinate reduction of invasive species 

impact (U.S. Department of the Interior 2016). In 2019, NISC funding was cut and the 

Invasive Species Advisory Committee (ISAC) was dissolved. The ISAC comprised 

scientific experts who advised the NISC by producing memoranda and white papers on 

emerging invasive species issues (U.S. Department of the Interior 2015). These actions 

decreased U.S. capacity to respond to emerging paninvasive species (Simberloff et al. 

2020a). In 2021, the ISAC was reinstated, and NISC’s funding is expected to be fully 

restored (Exec. Order No. 14048 2021). Based on my SLF risk assessment, I suggest the 

reinstated ISAC produce memoranda and white papers on solutions for SLF as soon as 

possible. SLF risk must be communicated to the NISC, who can mobilize the resources 

needed to reduce its impact. 

The paninvasion severity assessment framework is a stakeholder communication 

tool to assess if an invasive can cause market, environmental, and human-health 

disruptions at the global scale (Figure 2.1). It does so by equating pathogen transmission, 

infectivity, and virulence—well-known to the public due to COVID-19 pandemic—with 

invasive species transport, establishment, and impact potentials (Figure 2.2). Paninvasion 
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assessments produce accessible maps (Figures 2.3, 2.4), scatter plots (Figure 2.5), and 

easy to understand risk values (Figure 2.6). Going forward, invasion potentials for other 

species are likely to increasingly align and coordinated governmental efforts will be 

needed to reduce such potentials in the U.S. and internationally. It is prudent that when 

any new invasive species is found, the severity of its paninvasion risk be assessed.  
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CHAPTER 3 

PREDICTING HOST ASSOCIATIONS OF THE INVASIVE  

SPOTTED LANTERNFLY ON TREES  

ACROSS THE USA 

 

3.1 Abstract 

Global impacts of invasive insect pests cost billions of dollars annually, but the 

impact of any individual pest species depends on the strength of associations with 

economically important plant hosts. Estimating host associations for a pest requires 

surveillance field surveys that observe pest association on plant species within an invaded 

area. However, field surveys often miss rare hosts and cannot observe associations with 

plants found outside the invaded range. Associations for these plants instead are 

estimated with experimental assays such as controlled feeding trials, which are time 

consuming and for which few candidate hosts can be tested logistically. For emerging 

generalist pests, these methods are unable to rapidly produce estimates for the hundreds 

of potential suitable hosts that the pest will encounter as it spreads within newly invaded 

regions. In such cases, association data from these existing methods can be statistically 

leveraged to impute unknown associations. Here I use phylogenetic imputation to 

estimate potential host associations in an emergent generalist forest pest in the U.S., the 

spotted lanternfly (Lycorma delicatula; SLF). Phylogenetic imputation works when 

closely related plants have similar association strengths, termed phylogenetic signal in 

host association, which is common in phytophagous insects. I first aggregated known 
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SLF host associations from published studies. Existing research has estimated association 

strengths for 144 species across both the invaded and native range of SLF. These known 

associations exhibited phylogenetic signal. I then developed two protocols that combined 

known host association data and fit phylogenetic imputation models based on hidden 

state prediction algorithms to estimate association strength for 569 candidate tree species 

found across the continental U.S. Of candidate species considered, 255 are predicted to 

have strong associations with SLF in the U.S. and can be found in several clades 

including Juglandaceae, Rutaceae, Salicaceae, and Sapindaceae. Uninvaded regions with 

the highest numbers of these strongly associated species include midwestern and west 

coast states such as Illinois and California. Survey efforts for SLF should be focused on 

these regions and predicted species, which should also be prioritized in experimental 

assays. Phylogenetic imputation scales up existing host association data, and the 

protocols I present here can be readily adapted to inform surveillance and management 

efforts for other invasive generalist plant pests.  

 

3.2 Introduction 

As the Earth continues to become more interconnected and interdependent 

through human activities, invasive detrimental insects (insect pests) will continue to grow 

as impediments to agricultural and forestry production globally (Oerke 2006; Floerl et al. 

2009; Chapman et al. 2017; Seebens et al. 2017; Pureswaran et al. 2018; Lehmann et al. 

2020; Folke et al. 2021). Insect pests may pose a great threat to global biodiversity and 

ecosystem functioning, because they are spread easily via human trade networks (Smith 
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et al. 2009; Early et al. 2016; Chapman et al. 2017) and their introductions have 

considerable impacts. Insect pests of plants stand to induce crop loss, thereby producing 

shortfalls in food and medicine supply, fiber and building material stores, and biofuel 

reserves (Godfray et al. 2010; Lehmann et al. 2020). Such impacts are estimated to cost 

over 70 billion USD per year globally, with nearly 10% of cost localized to the U.S. 

(Pimentel et al. 2005; Bradshaw et al. 2016).  

Impacts depend on the breadth of host plants that a pest associates with (e.g., via 

feeding, sheltering, and egg laying) and the strength of such associations (Kenis et al. 

2009; Knolhoff and Heckel 2014; Liebhold et al. 2018). Insect pests can range from 

specialists with few host species, such as the emerald ash borer (Agrilus planipennis), 

which feeds on ash trees (Fraxinus spp.) and is responsible for the loss of over 25 

millions of acres of forest in the U.S. between 2014 and 2018 (Herms and McCullough 

2014; Cortés and Moltzan 2018), to the spongy moth (Lymantria dispar), a generalist 

with over 500 host plants and is responsible for the loss of over 6 million trees over the 

same five-year span (Lovett et al. 2016; Cortés and Moltzan 2018; Global Invasive 

Species Database 2022). Generalists associate with many different host species, but the 

comparative strength of association among host species can vary greatly and management 

must account for this variability (Barzman et al. 2015). Often this variability is unknown 

when a pest is introduced to a region with suitable host species that it has not encountered 

before. 

Pest associations are estimated using two different methods: field surveys and 

experimental assays (Knolhoff and Heckel 2014; Barzman et al. 2015). Observations 
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from field surveys identify host species, confirm associations for a new introduction, and 

justify initial management plans (Barzman et al. 2015). By contrast, experimental assays 

validate observations made in the field and investigate associations with species not 

observed in the field more closely (Knolhoff and Heckel 2014). In doing so, experimental 

assays can identify the comparative strength of relationships between a pest and members 

of its host species guild and ultimately uncover the factors that drive association 

preferences (Gilbert et al. 2012). Although both approaches are vital to estimate 

association strength and inform management, using only these two methods has 

drawbacks. First, field surveys are biased because they sample locations to determine 

where a pest is or is not, thereby sampling abundant plant host species more than rare 

ones. Furthermore, they must balance standardized methodology and optimal timeframes 

for sampling, which either limits the questions they can address or can produce 

inconsistent results. Second, experimental assays are resource intensive and can fail to 

assess important species without appropriate background knowledge, meaning that it can 

take a lot of time before they can accurately contribute to management plans (Gilbert et 

al. 2012; Knolhoff and Heckel 2014). Given these drawbacks to both methods, it is 

unsurprising that even though databases are improving (e.g., Magarey et al. 2009; Gilbert 

et al. 2012), plant host associations for insect pests remain poorly documented (Morales-

Castilla et al. 2015; Mollot et al. 2017). Unlike species constrained to their native range, 

introduced pests can have distributions not at equilibrium, encounter novel candidate host 

species, and experience ecological release (Le Maitre et al. 2008; Grarock et al. 2013; 

Elith 2017; Scudder 2017). These details are important for pest management but are often 
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poorly understood, especially early in an invasion. Therefore, it is necessary to seek 

additional methods for studying insect pest host associations, especially for emergent 

invasions. 

Imputation is a statistical process to estimate unknown data from observed 

relationships among known data and other covariates. Phylogenetic imputation methods 

predict species traits based on shared evolutionary history (Felsenstein 1985; Martins and 

Hansen 1997; Guénard et al. 2013; Morales-Castilla et al. 2015). Numerous phylogenetic 

imputation approaches exist (Penone et al. 2014; Louca and Doebeli 2018), all of which 

assume the trait of interest demonstrates phylogenetic signal, where closely related 

species have similar traits (Garland and Ives 2000; Blomberg et al. 2003; Zaneveld and 

Thurber 2014). To date, phylogenetic imputation has been used to predict biochemical, 

ecological, morphological, and physiological traits for contemporary and ancestral 

species (Guénard et al. 2011; Zaneveld and Thurber 2014). Host associations for insect 

pests often exhibit phylogenetic signal (Gilbert and Webb 2007; Gilbert et al. 2012, 2015; 

Pearse et al. 2013; Gougherty and Davies 2022), which can be considered a proxy for 

latent host variables that demonstrate phylogenetic signal as well (Agrawal 2007; Pearse 

and Hipp 2009), such as morphology, phytochemicals, and life history (Herms and 

Mattson 1992; Carmona et al. 2011; Gilbert et al. 2012). Phylogenetic signal has been 

suggested as a relationship to leverage for identifying novel host associations (Ødegaard 

et al. 2005; Weiblen et al. 2006; Gilbert et al. 2012), but no empirical work to date has 

used phylogenetic imputation to explicitly estimate potential host associations to inform 

monitoring and management for a high-risk pest. 
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The spotted lanternfly (SLF, Lycorma delicatula, Hemiptera, Fulgoridae) is a 

phytophagous forest pest planthopper that has been introduced outside its native range at 

least three times to date: South Korea and Japan in the early 2000s and then to 

Pennsylvania in the U.S. c. 2014 (Parra et al. 2018). Since its U.S. introduction, SLF has 

spread rapidly throughout the eastern U.S. and continues to spread to other states (Huron 

et al. 2022; NYIPM 2022). Continued rapid spread suggests that SLF is likely to have 

further introductions (Huron et al. 2022), including via stepping-stone invasions to new 

regions (Floerl et al. 2009; Urban 2020). Part of why SLF has spread so quickly in the 

U.S. may be because it is a generalist with a wide range of hosts (Urban 2020). SLF is 

known to feed on over 100 plant species worldwide, including economically important 

trees such as apples, cherries, maples, and walnuts (Barringer et al. 2015; Dara et al. 

2015; Parra et al. 2018; Barringer and Ciafré 2020). When heavy SLF feeding takes 

place, the tree can flag, mold can accumulate and branches can die back, all of which 

contribute to economic damage (Parra et al. 2018). 

 SLF associates more readily with some hosts over others (Urban 2020). Several 

preferred hosts have been identified, such as tree of heaven (TOH, Ailanthus altissima; 

Dara et al. 2015), but not all hosts appear to support SLF throughout its life cycle (Nixon 

et al. 2021). In fact, it was initially unclear if SLF needed to feed on TOH for part of its 

life cycle to complete development (Uyi et al. 2020), but more recent research indicates 

that SLF can develop on several other woody tree hosts (e.g., black walnut [Juglans 

nigra], butternut [J. cinerea], chinaberry [Malia azedarach], Chinese toon [Toona 

sinensis], and tulip tree [Liriodendron tulipifera]) and non woody hosts (e.g., grapes 
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[Vitis labrusca, V. vinifera], hops [Humulus lupulus], and Virginia creeper 

[Parthenocissus quinquefolia])(Urban 2020; Uyi et al. 2020; Laveaga and Acevedo 

2022). SLF preference for this diverse array of known hosts could be due to variation in 

phytochemicals, plant sugar content, or other phylogenetically conserved traits such as 

venation structure (Agrawal 2007; Pearse and Hipp 2009; Dara et al. 2015; Song et al. 

2018; Lee et al. 2019; Murman et al. 2020), but it is unclear which of the above 

contribute to variation in SLF host association or the extent to which SLF prefers one 

host over another (Urban 2020; Uyi et al. 2020). 

 As SLF spreads, additional hosts that it will readily associate with for some or all 

its life cycle will be discovered. Therefore, it is prudent to elucidate patterns of known 

and potential SLF host association, especially for trees, because SLF has already 

demonstrated a preference for several woody host species that are important food crops, 

sources of lumber, or cultivated ornamentals. If additional suitable hosts are not identified 

promptly, there may be consequences to affected industries. Concern over SLF is clear, 

as considerable resources have been allocated by U.S. state and federal governments 

(Crowe 2018; US Animal and Plant Health Inspection Service 2019; Urban 2020) to 

better understand this pest and its host plants. As such, host association data measured by 

traditional methods (e.g., field surveys and experimental assays) are increasing but likely 

to remain incomplete for some time.  

Here, I present a phylogenetic imputation approach to ask which novel tree 

species are predicted to be strongly associated with SLF as it spreads throughout the U.S. 

(Figure 3.1), given the high proportion of known hosts that are trees. I then set high risk 
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trees within an applied management context by building a map of the U.S. to identify 

areas with many known and likely host species for SLF that should be monitored. 

 

 

Figure 3.1 Map of candidate tree species by county. Spotted lanternfly (Lycorma 

delicatula; SLF) candidate host tree species are distributed throughout the contiguous 

U.S. Candidate species richness is concentrated heavily in established regions for SLF 

(mid-atlantic and northeast, states outlined boldly) but also includes uninvaded regions.  

 

 

3.3 Methods 

3.3.1 Known Host Association Strengths and Candidate Hosts 

I searched the literature for studies on SLF host association by querying Google 

Scholar (https://scholar.google.com) and Web of Science 

(https://www.webofscience.com) for Lycorma delicatula or spotted lanternfly as well as 

https://scholar.google.com/
https://www.webofscience.com/
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reviewing SLF-specific collection of studies produced by the SLF Working Group 

(https://stopslf.org) to identify those that compared associations across species. I sought 

studies in the following categories: field survey observations, survival experimental 

assay, and decision experimental assay, which resulted in 16 studies (Kim et al. 2011; Liu 

2019, 2020; Avanesyan and Lamp 2020; Barringer and Ciafré 2020; Derstine et al. 2020; 

Keller et al. 2020; Mason et al. 2020; Murman et al. 2020; Uyi et al. 2020, 2021; 

Dechaine et al. 2021; Jung et al. 2021; Nixon et al. 2021; Cooper et al. 2022). I then 

screened studies to find those that compared numerous species and looked at associations 

for individual hosts rather than combinations. I contacted authors for data when the data 

in a relevant study were not public. Wherever possible, I used studies that include 

comparisons of a variety of plant species and across SLF life stages to maximize 

knowledge of host associations. After screening, five final host association studies 

remained for my analyses. 

I combined unique species across all retained studies to determine a list of known 

SLF host species. To use all available data for measuring association, I included all 

known woody and non-woody hosts. Species names were screened for taxonomic updates 

with the R package taxize (Chamberlain and Szöcs 2013) v. 0.9.99 to ensure proper 

species and family-level relationships among them (and candidate hosts later) according 

to the Integrated Taxonomic Information System (IT IS; USGS 2013). Some known host 

taxa were still represented ambiguously for some studies (e.g., Quercus spp. in Dechaine 

et al. 2021), because the authors did not specify which species within the genus was used. 

I addressed these taxa by identifying known hosts that are congeners present in other 

https://stopslf.org/
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studies and geographically plausible (recoding: Arctium spp. = Arctium lappa, Fraxinus 

spp. = Fraxinus americana, Quercus spp. = Quercus rubra, Sassafras spp. = Sassafras 

albidum, Syringa oblata var. dilatata = Syringa oblata, and Vitis spp. = Vitis vinifera). 

I then obtained observed measures of SLF host association from the retained 

studies. For those with continuous data (Table 3.1), I calculated the mean association 

measures for each plant species that spanned as many life stages or length of season as 

possible. If data were reported for multiple seasons (e.g., Dechaine et al. 2021), I 

averaged measured associations across all reported seasons. The decision to group life 

stages or seasonal sampling together was motivated by a desire to standardize association 

data and provide an initial assessment that can be refined as finer resolution data become 

available. In practice, association was most often a measure of the proportion of 

individuals that chose a particular host over all others assessed (Table 3.1). I also 

considered one other continuous association measure, mean longevity per host species 

(Murman et al. 2020). Available studies that measured continuous association were 

unable to incorporate many known hosts, and so I also created a dataset derived from the 

list of known host species reported in Barringer and Ciafré (2020). Their results include 

broad SLF life stage use of particular hosts (egg, nymph, and adult), which I converted 

into an ordinal measure of association by counting the number of life stages that use a 

particular host, thereby rounding out my SLF host association dataset (Table 3.1). 

  



 

45 

Table 3.1 Summary of known host studies data. Individual studies used to predict host 

association from known plant host species for spotted lanternfly (Lycorma delicatula; 

SLF). The number of hosts with measured SLF association included many tree species 

and differed across studies. Specific study citations can be found in the main text 

references. 

Study Name Hosts 
Measured 

Hosts 

Measured 
Tree 

Hosts Measure 
Study 
Type 

Life Stage 
Coverage 

Barringer and Ciafré 
2020 (barringer1) 

157 127 112 ordinal number of 
life stages (1–3) 

field 
survey 

all 

Dechaine et al. 
2021 (dechaine23) 

31 31 26 continuous log 
total relative 
proportion on tree 

field 
survey 

all 

Derstine et al. 2020 
(derstine_sum) 

14 14 10 continuous 
proportion of 
yes:no choices 
(negative control) 

decision 
experiment 

incomplete 
all 

Kim et al. 2011 
(kim_sum) 

13 13 13 continuous log 
total relative 
proportion on tree 

field 
survey 

3rd instar–
adult 

Murman et al. 2020 
(murman4) 

25 25 23 continuous mean 
longevity per host 

survival 
experiment 

all 

Total Unique 174 144 125    
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Since SLF is known to feed on numerous tree species, including those that are 

economically important, I focused my efforts here on candidate host tree species found  

within the U.S. To obtain a list of candidate host species, I began with an inventory of 

tree species found in the U.S. (Petry 2020) This species list combines several published 

surveys of tree species (Critchfield and Little 1966; Little 1971, 1976, 1977, 1978), 

which were aggregated but preserved in their original form. I then updated family and 

species-level taxonomy as for known species. Given that this dataset did not include 

some agriculturally important tree species (e.g., avocados, Persea americana), I also 

queried the USDA National Agricultural Statistics Service (USDA NASS) Quickstats 

database (USDA National Agricultural Statistics Service 2022) on 28 June 2022 for 

additional tree species that are cultivated domestically to add as candidate hosts for 

consideration. 

 

3.3.2 Host Plant Phylogeny 

To build an appropriate phylogeny of all known and candidate SLF hosts, I 

harnessed a recently published R package, V.PhyloMaker (Jin and Qian 2019) v. 0.1.0. 

V.PhyloMaker provides convenient means to prune or graft tree branches based on the 

most recently updated mega-trees that show relationships among extant seed plants. I 

combined known and candidate host species lists and extracted a phylogeny using the 

default backbone megatree, GBOTB.extended.tre (Jin and Qian 2019), which updates 

taxonomy for and combines a recent seed plant phylogeny (Smith and Brown 2018) with 

one for pteridophytes (Zanne et al. 2014). There were 176 species not in the phylogeny, 
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which I grafted on the tree under V.PhyloMaker scenario 3, an author-recommended 

approach for robust species-level phylogenetic analyses (Qian and Jin 2016) that binds 

new families or genera at branch distances based on relative clade branch lengths and 

new species to the basal node for its genus (see Jin and Qian 2019 for details).  

Preliminary phylogeny construction was checked to identify potential taxonomic 

inconsistencies between the backbone megatree and my species lists. As a result, I 

revised the family placement of several genera (changed to Family: Genus as follows: 

Cucurbitaceae: Luffa, Malvaceae: Firmiana, Malvaceae: Tilia, Moraceae: Broussonetia, 

and Nyssaceae: Nyssa). I also treated several synonyms in the backbone tree as species in 

the known and candidate host dataset without more explicit correct tips, which were 

altered for phylogeny construction but returned to their original state for future analyses 

(host dataset = backbone phylogeny as follows: Salix koreensis = S. pierotii, Chamerion 

angustifolium = Epilobium angustifolium, Humulus japonicus = H. scandens, Platanus x 

acerifolia = P. hispanica, Prunus x yedoensis = Cerasus yedoensis, Pseudocydonia 

sinensis = Chaenomeles sinensis, Rosa hybrida = Rosa hybrid cultivar). By making the 

above changes, I reduced the number of ad hoc grafts to my phylogeny while likely 

placing such species in the tree most appropriately, given current taxonomic 

understanding. 

 

3.3.3 Phylogenetic Imputation Protocols for Predicting Association 

I developed two protocols for combining known host association data across 

multiple studies and using phylogenetic imputation to predict candidate host association 



 

48 

strengths. Hidden State Prediction (HSP; Zaneveld and Thurber 2014) is a phylogenetic 

imputation method related to ancestral state reconstruction and phylogenetic comparative 

methods. I chose HSP over other methods because it relies on the entire phylogenetic 

topology to predict terminal tips.  

My first HSP protocol (HSP1) estimated host associations with data from each 

study individually and then combined the results as a composite association metric. This 

protocol allowed us to use both continuous and ordinal data, because I fit a separate 

model for each of the data sets that came from the association studies. For HSP1 

continuous data, I added the lowest value for each study and log10 transformed the data. 

The states for each study were rescaled and then combined. My second HSP protocol 

(HSP2) averaged the continuous data studies and then conducted HSP with the average 

known association data. The one ordinal data study (Barringer and Ciafré 2020) was not 

included in this protocol. Continuous data for HSP2 were similarly log10 transformed and 

rescaled (see below) and then averaged for each species across studies with known host 

data before their use in HSP. 

 I used the R package castor (Louca and Doebeli 2018) v. 1.7.2, which provides 

HSP methods for both continuous and ordinal data. For continuous association data, I 

performed HSP with phylogenetic independent contrasts (Felsenstein 1985) under default 

settings (castor::hsp_independent_contrasts), which employs a postorder traversal 

algorithm to predict internal node values and then assigned hidden tip states to their most 

recent reconstructed ancestor estimated value. Predicted hidden states for continuous data 

were in the same units as the known host input data. For ordinal data, I used a fixed-rates 
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continuous-time Markov model to estimate transition rates between each ordinal state 

(castor::hsp_mk_model), which was fit with maximum likelihood. This fitted model was 

used to calculate marginal likelihoods for each possible state first for internal nodes using 

the rerooting method proposed by Yang et al. (1995) and then estimated hidden tip states 

from the most closely reconstructed ancestral node while accounting for the intervening 

patristic distance via exponentiation of the transition matrix (Zaneveld and Thurber 2014; 

Louca and Doebeli 2018 SI). Ordinal data HSP was parameterized under default settings 

except for as follows: Nstates = 3, rate_model = "ARD", Ntrials = 1000, 

optim_max_iterations = 1000, and optim_rel_tol = 1e-10. I selected the number of rates 

and transition rate model based on the number of states in the ordinal association data and 

to allow for the expectation that transitions away from use by many SLF life stages is 

more costly than towards them. Predictions for ordinal HSP then were probabilities for 

each possible state. For all HSP methods, known host input data remained unchanged in 

output (treated as known rather than in need of prediction). 

SLF host association values used in HSP analyses were natively in different units 

across studies, making a single determination of SLF association difficult for each 

species (Table 3.1). To address this obstacle, I calculated two different composite 

association metrics, one each for HSP1 and HSP2. To standardize data across studies 

(𝑖 =  1, … , 𝑛) and species (𝑗 =  1, … , 𝑚), I rescaled associations, 𝑥𝑖𝑗, to [0,1] as: 

𝑥𝑖�̃� =
𝑥𝑖𝑗−max(𝑥𝑖)

max(𝑥𝑖)−min(𝑥𝑖)
      (1) 

The rescaling step in (1) was conducted for predicted association after HSP but before 

combining into a composite association metric for HSP1 (𝑥𝑖𝑗−𝑜𝑢𝑡̃ ) and prior to averaging 
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and HSP for HSP2 (𝑥𝑖�̃�). For HSP1, predicted states for my ordinal data required 

additional steps to obtain a single measure of association from the probabilities for each 

of the three possible states. Given that both states 2 and 3 represent multiple SLF life 

stages using a species as a host, I calculated the sum of those two probabilities and used 

the resulting values as a single measure of association for the ordinal data HSP. 

With rescaled associations for each species for each study, I calculated an average 

association across studies. To do so for HSP1, I computed the product of the HSP output 

associations 𝑥𝑖𝑗−𝑜𝑢𝑡̃  and a contribution weight 𝑤𝑖𝑗 = 0.20 that was summed across the 

five study data sets to obtain a composite SLF association value (analogous to the 

arithmetic mean) for each candidate host as: 

𝑢𝑗−𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 = ∑ 𝑤𝑖𝑗
𝑛
𝑖=1 𝑥𝑖𝑗−𝑜𝑢𝑡̃     (2) 

 

To obtain composite associations for HSP2, I first calculated 𝑢𝑗 similarly to 𝑢𝑗−𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑  

in (2) by replacing 𝑥𝑖𝑗−𝑜𝑢𝑡̃  with 𝑥𝑖�̃� and setting 𝑤𝑖𝑗  equal to the reciprocal of the number 

of studies that include species 𝑗. Consequently, some species were represented by fewer 

studies in HSP2 (𝑤𝑖𝑗  was not the same for all species). The resulting averaged known 

associations were then used to conduct HSP for continuous data to obtain composite 

predicted associations under HSP2 (also referred to as 𝑢𝑗−𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑). 

 

3.3.4 Assessing Prediction Accuracy 

To confirm correspondence between host phylogenetic topography and known 

SLF host association strength, I first tested for phylogenetic signal for known hosts using 
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known averaged associations from HSP2 (𝑢𝑗) with Blomberg’s K (Blomberg et al. 2003) 

in the R package phytools (Revell 2012) v. 0.7-90. I evaluated significance in K via a 

randomization test with 10000 simulations. 

I then assessed the accuracy of the host association predictions with a leave-one-

out jackknife procedure (Efron 1982) to measure bias for both HSP1 and HSP2 host 

associations (similarly to Ives and Godfray 2006). For each jackknife replicate, I fit HSP 

models by leaving out association data for a single known host from all studies it is found 

in and estimating predicted associations. For HSP1, I combined the jackknifed HSP 

predictions with the other studies (ones that predicted the jackknifed species to begin 

with if that species was not present in all studies) and recalculated 𝑢𝑗−𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 . HSP2 

calculations did not require this step, as combining of associations occurs prior to HSP. 

Jackknife 𝑢𝑗−𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑  were correlated to 𝑢𝑗−𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 for each known host species 

(Pearson product moment correlation). A strong correlation among the known and 

jackknifed values for known host species corresponds to high accuracy with low bias 

prediction, whereas a weak or lack of correlation would suggest that this method has a 

high bias and does not predict SLF host association well. Bias was also visually inspected 

by considering the deviations from a 1:1 correspondence between 𝑢𝑗−𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑  and 

jackknife 𝑢𝑗−𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑  for known hosts and by comparison of jackknife 𝑢𝑗−𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑  

values and 𝑢𝑗−𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑  for candidate host species. Strong performance of the composite 

association metric is best described by consistent jackknife 𝑢𝑗−𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑  compared to 

𝑢𝑗−𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 for known hosts. Additional support for the composite metric is also 

https://latex-staging.easygenerator.com/eqneditor/editor.php?latex=u_%7Bj%20jackknife%7D#0
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confirmed by candidate host jackknife distributions that are narrow and in close 

proximity to their 𝑢𝑗−𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑  value. 

 

3.3.5 Geography of Association 

I overlaid the estimated composite SLF host association measures within a 

geographic context of the contiguous U.S. to better understand how associations may 

shape SLF’s spread. Current geographic inventories of tree species within the U.S. are 

available publicly at county level resolution from the USDA PLANTS Database (USDA 

NRCS 2022), which I downloaded manually as a raw county-level inventory for each 

contiguous U.S. state. Each of these raw datasets were cleaned to address erroneous 

entries, outdated taxonomy, ambiguous taxa, and other database artifacts. Taxonomy was 

checked against ITIS and updated with the R package taxize similarly to known and 

candidate hosts datasets to ensure that each species has an accepted Latin name that maps 

back to all county FIPS codes provided in the inventories. I also included data from 

USDA NASS Quickstats (USDA National Agricultural Statistics Service 2022) to 

account for regions where cultivated candidate hosts may not have been reported in 

PLANTS. All cleaned plant inventories were saved and combined as a single dataset. I 

intersected this plant inventory with the average of HSP1 and HSP2 estimated host 

associations and calculated summary statistics for each county to better understand how 

known and predicted tree hosts are distributed across the newly invaded U.S. range and 

beyond for SLF. 
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3.4 Results 

3.4.1 Known Host Association Strengths and Candidate Hosts 

Estimation of SLF host associations in the U.S. began with aggregation of known 

host observations. Given its recent introduction, I included publications both within the 

U.S. and internationally. As of 2022, I identified 16 candidate SLF association 

publications, which varied widely in taxonomic scope and data collection methods. After 

screening and taxonomic updates, I identified five final research articles that assess 

associations with experimental assays or field surveys for 144 known host species from 

43 families (125 and 32 for tree species only, Table 3.1). Study species coverage varied 

across the final dataset from 13–127, of which Barringer and Ciafré (2020) was the only 

dataset with > 50 species measured. I then identified candidate plant hosts by building 

and refining a working list of tree species in the U.S. Prior to additional analyses, I 

updated taxonomy for both known and candidate host species datasets, resulting in 569 

candidate host species from 79 families and a combined dataset of 743 species from 95 

families.  

 

3.4.2 Host Plant Phylogeny and Association Prediction 

My initial phylogeny of known and candidate host species comprised a tree with 

765 terminal tips. I first removed 22 ambiguously coded species (many of which are 

conspecifics of other species in the host datasets: e.g., Quercus sp.), since they lacked 

known host data. The resulting final phylogeny containing 743 terminal tips, 174 of 

which are known hosts (Figure 3.2). Of the tips, 567 species were present within the 
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backbone tree and 176 (26 known host species) were grafted to the tree. To minimize 

grafting, seven species were recoded to match phylogenetic backbone taxonomy but were 

returned to their original labeling thereafter.  

Estimation of SLF host association was conducted for all species with hidden 

state prediction (HSP) using two approaches that calculate a composite measure of 

association. For HSP1, I used all five studies with 144 known host species with data 

(number of studies: 𝜇 = 1.4583, σ = 0.8183). Known hosts had a moderate average 

composite association (𝜇 = 0.4276, 𝜎 = 0.1520) whereas the mean for candidate hosts 

was slightly lower (𝜇 = 0.4161, 𝜎 = 0.0883). For HSP2, I used the four continuous data 

studies for 60 known host species (number of studies: 𝜇 = 1.3833, 𝜎 = 0.6911), which 

predicted a similar association relationship but with smaller predicted values for known 

hosts (𝜇 = 0.3620, 𝜎 = 0.2352) and candidate hosts (𝜇 = 0.3579, 𝜎 = 0.1834).  

Although the composite metric was bounded [0,1], these observed associations 

did not span that full range (Figures 3.2, 3.3). This slightly reduced range for composite 

associations can likely be attributed to use of an average association that reduces outliers 

from a study when it is incongruent with all others.  
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Figure 3.2 Phylogeny of known and candidate host associations. A phylogeny of plant 

species that are known or candidate host species for the spotted lanternfly (Lycorma 

delicatula; SLF) shows known and predicted host associations, which are mapped onto 

branches, with warmer colors indicating stronger association and cooler colors weaker 

associations. Taxonomic families are labeled that contain at least one known host (red), at 

least one development host (light purple), and only candidate species (black) at 

corresponding branch tips and are followed by the number of known host and total 

species within a family. Some families contain a single species in the phylogeny and are 

not labeled here.   
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3.4.3 Assessing Prediction Accuracy 

To confirm the basis for and assess the quality of my predictions, I evaluated the 

phylogenetic signal of host association and prediction bias. Phylogenetic signal was 

estimated with composite associations for known hosts from HSP2, as they do not 

include any predictions. I detected weak but significant phylogenetic signal (K = 0.2579, 

P = 0.0457). I then evaluated the quality of HSP-predicted SLF host association via a 

jackknife procedure performed on known hosts. Jackknifed predictions for known host 

species were obtained via the same methods as other composite association metrics above 

for HSP1 and HSP2. Known hosts demonstrated a strong correspondence between both 

methods (Figure 3.3A 𝜌 = 0.7600, 𝑡 = 8.9056, 𝐷𝐹 = 58, 𝑃 = 1.899e-12). Those found in 

more studies tended to have lower values for HSP2 compared to HSP1 (Figure 3.3A). 

When compared to their jackknife predicted associations, known hosts demonstrated 

significant relationships for HSP1 (Figure 3.3B, 𝜌 = 0.6868, 𝑡 = 12.393, 𝐷𝐹 = 172, 𝑃 < 

2.2e-16) and HSP2 (Figure 3.3C, 𝜌 = 0.3812, 𝑡 = 3.1400, 𝐷𝐹 = 58, 𝑃 = 0.0027), with 

HSP1 showing a stronger relationship. Jackknife predictions for known hosts indicated 

that predicted SLF host associations are conservative, as many jackknifed known host 

predictions were less than their observed counterparts (Figure 3.3B,C). All but one of the 

known host trees capable of sustaining SLF to adulthood in laboratory or field conditions 

were predicted with smaller jackknife associations (Figure 3.3D purple labels). This 

observation is consistent with observed composite associations that did not fully extend 

to rescaled extrema. Regardless of  
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Figure 3.3 Jackknife and observed host associations. Host associations appear consistent 

across phylogenetic imputations methods. Observed associations for known hosts (red 

points) under my phylogenetic imputation models HSP1 and HSP2 were related (A). 

Similarly, known hosts showed a strong relationship between observed values (x-axis) 

and their jackknife predicted values (y-axis) for HSP1 (B) and HSP2 (C). For HSP1, both 

known and candidate hosts had similar values between observed and jackknife replicates 

(D). Candidate hosts were shown as black points for the mean jackknife predicted value 

(y-axis) and predicted association value (x-axis) with vertical bars indicating the standard 

deviation for jackknife predicted values. Known host associations along both axes for A–
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C are rescaled and centered, and point size indicates the number of studies that a 

particular host species is present. Known development host species are labeled for HSP1 

(D, light purple). A dashed line indicates a 1:1 relationship line drawn through the origin. 
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direction, most jackknifed predictions tended to exceed or fall short of observed values 

by ≤ 0.10, indicating they are similar to observed host associations. Such proximity to 

observed associations is somewhat surprising, since known host observed associations 

are not necessarily normally distributed. Rather, numerous known hosts appear to have 

either very weak or strong association with SLF, which in turn may explain differences 

between observed and jackknife predicted composite associations (Appendix B). 

For HSP1, jackknife procedures also produced predictions of candidate hosts 

without each known host in turn. These jackknife candidate host predictions provided a 

distribution for devising confidence around predicted associations. Jackknifed predictions 

of candidate hosts corresponded well with those obtained with the full set of known 

hosts, with most mean jackknife predictions near those predicted with the full dataset 

(Figure 3.3D black points). Furthermore, standard deviation across jackknife replicates 

was small for candidate hosts, suggesting high confidence in predicted associations 

(Figure 3.3D black bars). Additionally, smaller standard deviations indicate that the 

contribution of each known host to predicted candidate host association does not differ 

drastically. In other words, no one known host disproportionately determined candidate 

host composite associations. 

 

3.4.4 Geography of Association 

For application of SLF host association identified here, I considered tree species 

across the contiguous U.S. To do so, I intersected county-level plant species inventories 

from the USDA PLANTS database with my combined known and candidate host dataset 
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(filtered for tree family membership for known hosts for mapping here). Known host 

species richness per county was greater for those within the current SLF invaded range, 

including many of the regions that have invested resources into SLF research and 

management. Altogether, the average number of known tree hosts per county was 18.68 

(σ = 14.55) species with the highest number of known host species therein at 70 species 

and 133 counties reporting no known species, suggesting that the spatial distribution of 

suitable known hosts is heterogeneous. The addition of candidate hosts yielded a 

similarly uneven distribution (μ = 55.02, 𝜎 = 34.61) but with increased species richness 

for U.S. counties across the eastern midwest and west coast. However, the specific 

pattern of observed heterogeneity of host species is influenced by underreporting of plant 

species for counties in IA and MD as well as several counties without any data: Cherokee 

County, AL, Broomfield County, CO, all parishes of LA, Oglala Lakota County, SD, and 

Juneau County, WI. Without further data, it may be reasonable to expect that these areas 

follow neighboring regions and should be assessed when better data are available. 

I then used my composite measure of SLF host association averaged across HSP1 

and HSP2 to identify regions more accurately in the U.S. with known hosts and predicted 

hosts with increased likelihood of association. Rather than arbitrarily determine a cutoff 

for strong association species, I elected to use the lowest observed composite association 

for a known host species that SLF can reach adulthood on, Liriodendron tulipifera (mean 

association = 0.3893, Figure 3.3). For this mean threshold, I found that 255 candidate and 

70 known host species (64 tree species) species were predicted as strong SLF hosts. This 

biological threshold reduced the number of suitable host species for each county 
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considerably (Figure 3.4) for both known hosts (𝜇 = 9.772, 𝜎 = 8.505) and predicted plus 

known hosts (𝜇 = 28.96, 𝜎 = 20.69). Nevertheless, many of the regions inside and beyond 

the current invaded range with more naive predicted plus known host species richness 

demonstrated relatively higher numbers of predicted hosts (Figure 3.4B). Much of the 

U.S. midwest, southeast, and west coast contain many species that are predicted to 

associate with SLF strongly. 

 

3.5 Discussion 

SLF is a generalist phytophagous insect pest that boasts an ever-increasing list of 

hosts, and efforts should be made to better understand the extent and limitations of its 

host associations to help curtail its rapid spread. When it was first detected in the U.S., 

SLF was believed to feed on over 70 plant species from 25 families (Dara et al. 2015), 

but since then, the published number has grown to over 100 species from 33 families, 

including at least 15 species that were not previously known to associate with SLF before 

research began on the U.S. invaded region (Barringer and Ciafré 2020). Continued 

growth in known hosts underscores the importance of continued study of SLF host 

breadth via field surveys and experimental assays like those used for this study. Although 

both methods can contribute to our understanding of host associations, I recommend that 

field surveys be used to direct focus for experimental assays. Host field observations can 

be documented alongside ongoing federal and state monitoring efforts, making them an 

inexpensive source of information. For similar reasons, I also encourage citizen  
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Figure 3.4 Map of tree species with strong association by county. Species richness of 

strongly predicted known and candidate host tree species of the spotted lanternfly 

(Lycorma delicatula; SLF) are shown for the contiguous U.S. Biologically informed 

strongly predicted hosts were set as species with a predicted association greater than or 

equal to tulip tree, Liriodendron tulipifera, the lowest association adult development host 

species. Strong association known host species (A) are mostly restricted to the known 

SLF distribution (mid-atlantic and northeast, states outlined boldly) and immediately 

adjacent areas (midwest). When strongly predicted candidate species are added (B), many 

of these same regions are still the most species rich for hosts but with the addition of 

other regions (southeast and west coast).  
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science reporting endeavors that capture host association (e.g., Norman-Burgdolf and 

Rieske 2021). Documentation of host associations under field conditions is an important 

early filter, but other methods are necessary to validate and contextualize field data. 

In contrast with field observations, comparative association experiments are vital 

for ground-truthing host associations and determining the factors that drive such 

preferences. For example, a field observation of a nymph on one tree species may suggest 

association but not confirm how it is used (e.g., egg laying, feeding, or dispersal) or how 

association tracks throughout the SLF life cycle (Barringer and Ciafré 2020). The 

tradeoff between uncertainty in field observations and limited design capacity of 

experiments to date (e.g., few host species) motivated my use of both kinds of studies. 

However, limitations for experiments can be addressed more directly through study 

design, and so I recommend additional controlled experiments of SLF preference. As 

resources allow, effective studies should measure fitness-related association consistently 

(e.g., survivorship rates and per capita offspring production) under natural conditions, 

prioritize presumptive host diversity, evaluate association throughout SLF’s life cycle, 

and initially avoid combining hosts in treatments. These design attributes aim to 

standardize otherwise disparate association units measured (e.g., Table 3.1) while 

accounting for key SLF discoveries, such as physiological feeding limits at different life 

stages (Urban 2020), apparent narrowing of host associations as SLF matures (Lee et al. 

2009; Kim et al. 2011), and the role of phytochemicals for attraction (Cooperband et al. 

2019; Derstine et al. 2020) and toxin sequestration (Song et al. 2018). The ability to 

account for important covariates in study design is a strength of experiments that makes 
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them ideal for validating the results of other methods like field surveys and predictive 

modeling when they cannot do so (as is the case here). 

Although field surveys and comparative experiments can contribute to our 

knowledge of insect pests like SLF, they also have limitations that reduce their speed. To 

address emergent pests of concern like SLF, additional approaches like phylogenetic 

imputation are necessary, even if they must be validated or expanded upon later. If well-

constructed phylogenies and association data are available, predictive models that harness 

them can be inexpensive and fast, especially compared to alternatives like molecular gut 

analysis (Avanesyan and Lamp 2020) or environmental DNA sampling (Valentin et al. 

2020). In the present study, I demonstrated that SLF host associations show phylogenetic 

signal and identified potential high-risk hosts without any direct ‘traditional wet lab’ 

costs. Nevertheless, further elucidation of host association for SLF is hampered due to 

data availability. For example, we can point to high estimated association for key taxa 

that contain phytochemicals linked to toxin sequestration in SLF, such as quassinoids in 

known hosts like Ailanthus altissima and Picrasma quassioides (Heisey 1996; Li et al. 

2019), but we lack information on quassinoid presence in related predicted high 

association species, such as Castela emoryi, Leitneria floridana, and Simarouba glauca. 

Therefore, we can identify that SLF is likely to associate with species in the clade they all 

belong to, Simaroubaceae. However, why they are suitable for SLF remains unclear, in 

part because we do not have adequate data for quassinoids across species. The same is 

true for other clades with many predicted high association species like Juglandaceae and 

Salicaceae, which are known defensive phytochemical reservoirs (Barringer and Ciafré 
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2020). It is clear that better phytochemical data could inform the phylogenetic signal I 

observed for host association (Barringer and Ciafré 2020). The same is broadly true for 

plant trait data (Cornwell et al. 2019; Kattge et al. 2020), which could provide support for 

alternative drivers of SLF host association like plant structure, sugar content, or sap 

availability (Lee et al. 2009; Barringer and Ciafré 2020). To determine the veracity of 

these different drivers for SLF and other phytophagous insect pest host associations, gaps 

in global plant trait data must be filled in. 

SLF continues to spread throughout its newly invaded range in the U.S. (Huron et 

al. 2022), and recent spread (NYIPM 2022) corresponds with early exposure to areas that 

contain species I identify as predicted high suitability hosts, especially in the midwest 

(Figure 3.4). Other U.S. regions that are especially vulnerable to SLF because of many 

known and predicted suitable hosts include regions where SLF is already found (mid-

atlantic and northeast) and where it has not yet been found (the west coast and southeast). 

Regulatory incident reports for several of these not yet invaded regions demonstrate 

evidence of SLF transportation (Huron et al. 2022). However, future investigation of 

observed geographic patterns in SLF association should include multiple plant inventory 

sources (e.g., EDDMapS and GBIF) to address insufficient sampling for certain regions 

here (e.g., all individual parishes in Louisiana and many counties in Iowa). Nevertheless, 

future robust plant inventories for these regions is necessary. Nevertheless, the currently 

uninvaded regions above contain strongly predicted host species (members of 

Anacardiaceae, Betulaceae, Celastraceae, Fagaceae, Juglandaceae, Rutaceae, Salicaceae, 

and Sapindaceae) in addition to known hosts found there. The U.S. west coast and 
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southeast also contain predicted hosts in Burseraceae and Simaroubaceae, unlike the 

midwest (known hosts only). Lastly, the southeast (specifically Florida) contains 

mahogany (Swietenia mahagoni, Meliaceae), a predicted host predicted to strongly 

associate with SLF. I recommend that field monitoring efforts take these regions and taxa 

into account and that experimental studies prioritize quantifying SLF association strength 

for representative members of these clades beyond those already sampled for them. 

No one approach is a panacea for understanding a generalist insect pest’s host 

associations, but when used together, associations can become clearer. I have shown here 

how host phylogenetic relationships and sampled association data can be used together to 

close gaps in knowledge for a particular pest. Such information can often be obtained 

inexpensively and more importantly directs management practices and future research 

using traditional methods for identifying at-risk taxa and regions. Model-based methods 

are not appropriate for all systems (e.g., not for highly specialized pests) but are useful 

early in invasions when resources and data are limited or when the biology of a pest is 

not well understood. Additionally, the research questions about the focal pest must have a 

scope that phylogenetic relationships can accurately capture and be interpreted cautiously 

for poor data coverage or in the absence of additional covariates until results can be 

validated. Despite these limitations, phylogeny-based predictive modeling is a promising 

tool to inform insect pest surveillance and management. 
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CHAPTER 4 

TESTING GENERAL MODELS OF NON-RANDOM EXTINCTION INDICATES 

HISTORIC DIRECTIONAL EXTINCTION IS FOLLOWED BY 

CONTEMPORARY STABILIZING EXTINCTION  

WITHIN A GENUS OF ISLAND LIZARDS 

 

4.1 Abstract 

The rate of extinction is accelerating in the Anthropocene. Humans have greatly 

intensified extinction pressures, making efforts to detect general non-random patterns of 

extinction increasingly important. Much research has focused on detecting which 

characteristics make some species more likely to go extinct than others, such as large 

body size and slow reproductive rate in animals; limited dispersal range in vascular plants 

and narrow habitat requirements in cacti. However, general models for such non-random 

characteristic patterns of extinction are lacking. Here, I adapt the three general models of 

natural selection to classify non-random extinction as directional, disruptive, or 

stabilizing extinction. I develop a quantitative method for testing which of the three 

general extinction models best describes observed extinction data and apply it to the 

Caribbean lizard genus Leiocephalus as a case study. I surveyed the literature for 

recorded dates of last occurrence for extinct species and obtained threat status for extant 

species. Eight species of Leiocephalus have gone extinct and ten species are predicted to 

go extinct in the near future based on IUCN red list categories. Past extinctions in 

Leiocephalus showed directional extinction of large bodied species, while future-
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predicted extinctions exhibited a more complex extinction model similar to both random 

and stabilizing extinction with respect to body size. Similarly, future-predicted 

extinctions exhibited stabilizing extinction with respect to limb and tail lengths. Lizards 

with either very long or very short appendages are most likely to go extinct in the future. 

This shift from directional to stabilizing extinction for Leiocephalus is consistent with 

hunting, introduced predators, and habitat loss that first increased extinction pressure on 

the largest species and then extinction pressure on species that deviate from an adaptive 

peak centered on a generalist ground-lizard body plan. As adaptive optima shift in the 

Anthropocene, general models of non-random extinction are essential to developing a 

mature strategy for future successful conservation efforts. 

 

4.2 Introduction 

Extinction can be evaluated with respect to characteristics of the extinct species in 

comparison to extant species (Hooper et al. 2005; Díaz et al. 2007; Cardinale et al. 2012; 

Tilman et al. 2014). When species go extinct within a clade, the loss may be broadly 

considered random or non-random for a particular characteristic. Random extinction is a 

stochastic process to describe background extinction rates that occurs irrespective of 

species characteristics, while non-random extinction is loss that deviates from random 

with respect to measured characteristics (Purvis et al. 2000; Raffaelli 2004). Non-random 

extinction is often used to connect extinction to specific and often anthropogenic impacts 

(Brook and Alroy 2017). For animals, common characteristics that are non-random 

indicators of extinction include life history traits like large body size and slow 
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reproductive rate, small population size or geographic range, high sensitivity to 

environmental stress that is exacerbated by humans, and phylogenetic distinctiveness 

(Purvis et al. 2000; Cardillo 2003; Raffaelli 2004; Vamosi and Wilson 2008; Yessoufou 

and Davies 2016). Non-random extinction of species with certain characteristics can be 

especially concerning when characteristics can be linked to ecosystem functions 

(Cardinale et al. 2012; Mouillot et al. 2013), a phenomenon that has been reported for 

several systems (Brook et al. 2008; Dirzo et al. 2014). 

Efforts to identify patterns of non-random extinction also termed extinction 

selectivity (Raup 1994) have first focused on broad taxonomic categories and easily 

measured traits to identify extinction-prone taxa (Grenyer et al. 2006; Brook et al. 2008; 

Barnosky et al. 2011; Forest et al. 2015; Lyons et al. 2016; Yessoufou and Davies 2016; 

Chichorro et al. 2020). However, the advent of large molecular phylogenetic datasets has 

made quantifying extinction and its risk with phylogenetic relationships more tractable 

than ever before (Isaac et al. 2007; Davies and Yessoufou 2013; Forest et al. 2015; 

Yessoufou and Davies 2016; Maliet et al. 2018). Such advances have prompted 

development of modeling methods that consider phylogeny and traits jointly to identify 

non-random extinction (e.g., BiSSE, QuaSSE, and related SSE models; Maddison et al. 

2007; FitzJohn 2010), but these methods have their limitations. For example, phylogenies 

are useful for measuring diversification (speciation and extinction), but it may be 

impossible to accurately resolve reliable extinction records for empirical data with them, 

since they must identify when species are no longer present in a phylogeny (Purvis 2008; 

FitzJohn 2010). Moreover, the number of species that can be evaluated using modern 
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molecular phylogenetic methods is increasing, but there are many species for which data 

are still unavailable (Mora et al. 2011; Yessoufou and Davies 2016; Lewin et al. 2022). 

Therefore, it is wise to seek other methods alongside phylogenetic-based ones for 

identifying when extinctions are non-random for particular characteristics (Purvis 2008), 

especially when they correspond with contributions to ecosystem function (Forest et al. 

2015; Hull 2015). Although some studies to date test for non-random vs. random 

extinction, few focus on classifying observed non-random extinction beyond identifying 

if an extreme characteristic state seems related to loss. This is especially clear when 

studies that summarize drivers of extinction describe extinction selectivity from the 

literature (e.g., McKinney 1997; McKinney and Lockwood 1999; Brook et al. 2008; 

Barnosky et al. 2011; Hull 2015; Yessoufou and Davies 2016; Brook and Alroy 2017), 

but has even become apparent in how non-random extinction is modeled (e.g., Gross and 

Cardinale 2005 but see Ciampaglio et al. 2001; Korn et al. 2013; Puttick et al. 2020 for 

slightly improved approaches). Although methods for describing non-random extinction 

increasingly consider different extinction selectivity patterns, they lack a cohesive set of 

models to evaluate extinctions against. In contrast, natural selection with respect to traits 

has long been classified into three separate models. To address this gap I develop a 

method for evaluating how extinction for a clade affects diversity of a trait over time. 

To classify non-random extinction, I propose to follow a similar classification 

scheme to the general natural selection models from population genetics (Rueffler et al. 

2006). If one considers an adaptive landscape with one or more peaks corresponding to 

maximum species viability, then three general selection models emerge: directional 
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selection can lead species to shift trait frequencies towards a peak from its base, 

disruptive selection can lead species out of adaptive minima in rugged landscapes, and 

stabilizing selection keeps species near a peak once they approach it (Arnold et al. 2001; 

Pfaender et al. 2016). Similarly, when one considers non-random deviations from random 

extinction with respect to species characteristics, three similarly-named possible models 

arise: (1) directional, (2) disruptive, or (3) stabilizing extinction (Figure 4.1). Directional 

extinction, whereby loss is greater for species at one trait distribution extreme for a 

particular measure of biodiversity, is the most commonly reported form of non-random 

extinction in literature (e.g., large-bodied animals; Pregill 1986; Cardillo 2003; Cardillo 

et al. 2005; Kemp and Hadly 2015; Yessoufou and Davies 2016). The second model, 

disruptive extinction, occurs when species with intermediate trait values (those closest to 

the mean) experience greater rates of extinction than the extremes. Although the location 

of extinction pressure differs from directional extinction, the idea that a single portion of 

the distribution is preferentially lost is common between the two. Disruptive extinction is 

elusive in the literature but has been reported for body mass in Australian (Woinarski et 

al. 2017) and New Zealand (Duncan and Blackburn 2004) bird species and dispersal 

ability in butterflies (Thomas 2000). Lastly, stabilizing extinction describes the case in 

which two loci of extinction pressure exist, whereby species with extreme trait values are 

preferentially lost (e.g., predicted threat for body size in multiple vertebrate taxa; Ripple 

et al. 2017; Leclerc et al. 2018).  
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Figure 4.1 Extinction models conceptualized. Extinction for a particular trait for a clade 

of interest can be random or non-random based on changes to the clade-wide trait mean 

and variance as species are lost. In the first column, extinction annotations (red arrows 

and x’s) show the localized area(s) of the distribution where loss occurs for a particular 

extinction model (proceeding in increasing color intensity). The second column shows 

the expected change in the absolute frequency distribution that follows each extinction 

model and includes estimates of μ and σ2 for the past (dashed) and extant (solid) trait 

distributions.  
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Based on extinction model expectations, one can predict how a trait distribution 

for a clade will change as species are lost. First, suppose a clade of 𝑛 species (𝑖 =

1, . . . 𝑛), each made up of many individuals that all have a continuous characteristic or 

trait, 𝑥. For this scenario, I ignore intraspecific trait variation and only focus on the 

intraspecific mean for 𝑥 for each species 𝑖, 𝑥�̅�, and how it relates to variation in extinction 

probability among species within the clade. Values of 𝑥�̅� follow a Gaussian distribution 

with a clade mean, μ, standardized to zero, and clade variance, σ2, standardized to one for 

simplicity. As species go extinct, μ and σ2 can change, depending on 𝑥�̅� of lost species. If 

loss is random, the expected values of μ and σ2 will not change. Random extinction 

follows a uniform probability distribution that is independent of species trait values, 

which leads to the same expected clade mean and variance (Δμ = 0, Δσ2 = 0) following 

a set of sequential extinctions that have occured over time (i.e., an extinction sequence, 

𝑖 = 1, … , 𝑒 total extinctions). In contrast, non-random extinction produces different Δμ 

and Δσ2 depending on the model of extinction it follows (Figure 4.1). Directional 

extinction exhibits changes in both μ and σ2 due to disproportionate loss of species from 

one of the tails of the distribution. The sign of Δμ is negative if loss occurs from the right 

tail (species with the largest trait values are lost) or positive if loss occurs from the left 

tail (species with the smallest trait values are lost). Under both directional extinction 

sequences, Δσ2 is negative. Disruptive and stabilizing extinction exhibit no expected 

change to the clade mean (Δμ = 0), but opposite expected Δσ2 signs. Disruptive 

extinction is characterized by loss of species near the center of the distribution (those 

closest to μ), leading to a positive Δσ2, whereas stabilizing extinction corresponds with 
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loss of species with extreme values (those farthest from μ), resulting in a negative Δσ2. 

Therefore, methods that observe Δμ and Δσ2 for an extinction sequence should be able to 

distinguish the three general models of non-random extinction from one another and from 

non-random extinction. 

To test the three general non-random extinction models and their corresponding 

predicted changes to a characteristic distribution across species in a clade, I employed an 

empirical case study. Specifically, I evaluated past and predicted-future extinction in a 

clade from the Caribbean Islands biodiversity hotspot (Myers et al. 2000b; Mittermeier et 

al. 2004; Zachos and Habel 2011). Although Caribbean islands are biodiverse, reptiles in 

particular are one of the most speciose, yet imperiled vertebrate groups found there 

(Myers et al. 2000b; Mittermeier et al. 2004; Ricklefs and Bermingham 2008; Böhm et 

al. 2013). Several taxa typify distinct Caribbean reptile diversity (e.g., the well-studied 

Anolis adaptive radiation; Losos 2009), but one particular genus is an exemplar for 

diversity, endemicity, and threat of extinction: Leiocephalus, or curly-tailed lizards 

(Mittermeier et al. 2004; Hedges 2022). Over half of described Leiocephalus are either 

extinct or threatened with extinction (25% and 34.4% of species, respectively; IUCN 

2020). Proposed sources of past extinction include introduced mammal predators and 

selective foraging by humans while current threats also include habitat loss (Steadman et 

al. 1984; Powell et al. 1999; Daltry 2007; Borroto-Páez and Woods 2012; IUCN 2020). 

Kemp and Hadly (2015) reported in a study of Caribbean lizards that larger Leiocephalus 

species have gone extinct, thereby suggesting past directional extinction. I first 

articulated a method to test the three general models of non-random extinction and 
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performed simulations to produce expected distributions under each model to assess 

observed patterns. I then demonstrated its practical implementation to investigate past 

and expected future extinctions for Leiocephalus morphological traits. I found that past 

and expected future extinctions provide evidence for different patterns of non-random 

extinction and thereafter discuss the implications of shifting non-random extinction. 

 

4.3 Methods 

4.3.1 Case Study 

I evaluated which non-random extinction model best explained observed 

extinctions for the lizard genus, Leiocephalus, which comprises 32 described species 

from the Caribbean (Henderson and Powell 2009; Köhler et al. 2016; Hedges 2022). 

According to current IUCN threat assessments (IUCN 2020), 8 species are extinct, and of 

the 24 extant species, 13 species are least concern (LC), 1 is near threatened (NT), 2 are 

vulnerable (VU), 1 is endangered (EN), 5 are critically endangered (CR), and 2 are data 

deficient (DD). Since Leiocephalus has experienced changes in extinction pressures, I use 

this clade as an empirical case study to address if past extinctions and expected future 

extinctions follow the same extinction model. 

 

4.3.1.1 Observed Extinction Sequence 

For Leiocephalus, I used the most recently published species IUCN threat status 

(IUCN 2020). I assigned the two DD species based on the best available data: 

Leiocephalus sixtoii to VU (personal observation, S. B. Hedges) and Leiocephalus varius 
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to LC based on the lack of a prior record in the IUCN red list. For all analyses, I used 

these updated statuses to place species into three groups: extinct (EX species), threatened 

(all extant but not LC species), and least concern species (extant LC species). Dates were 

centered at 1950CE, which was set to 0 to ensure continuity between geologic time and 

dates that use CE across literature sources. 

To estimate the past Leiocephalus extinction sequence, date ranges for extinct 

species were based on two possible approaches. If a species had an estimated epoch or 

age of last occurrence in the literature (Etheridge 1965, 1966; Pregill 1981, 1984), 

published start and end dates for corresponding epochs or ages were used. For all other 

extinct species, the year last seen, as recorded in current IUCN data (IUCN 2020), was 

used. IUCN data include both individual years and date ranges; the latter were used 

whenever possible. For all single year data, I treated that year as an extinction date 

midpoint for a range buffered on each side by 10 years. 

For predicted-future extinction sequence, I used current IUCN threat status and 

red list categories criterion E (IUCN 2012) to extrapolate the future date (in years) of 

likely extinction. IUCN criterion E sets a probability of extinction within a particular 

number of years for CR (𝑃𝑒𝑥𝑡𝑖𝑛𝑐𝑡 ≥ 0.50 within ten years), EN (𝑃𝑒𝑥𝑡𝑖𝑛𝑐𝑡 ≥ 0.20 within 

twenty years), and VU (𝑃𝑒𝑥𝑡𝑖𝑛𝑐𝑡 ≥ 0.10 within one hundred years) species. 

Corresponding probabilities are not published for NT or LC species. Therefore, I 

followed Oliveira et al. (2020) for both categories (NT: 𝑃𝑒𝑥𝑡𝑖𝑛𝑐𝑡 ≥ 0.01 within one 

hundred years; LC: 𝑃𝑒𝑥𝑡𝑖𝑛𝑐𝑡 ≥ 0.0001 within one hundred years).  
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I solved for the date of extinction for 𝑃𝑒𝑥𝑡𝑖𝑛𝑐𝑡 = 0.95 as extrapolated from 

criterion E probabilities by assuming that the probability of extinction and remaining 

extant over the same time interval sum to unity (1). 

𝑃𝑒𝑥𝑡𝑖𝑛𝑐𝑡 + 𝑃𝑒𝑥𝑡𝑎𝑛𝑡 = 1     (1) 

From this, I treated the probability of remaining extant as an exponential decay function 

(2): 

𝑃𝑒𝑥𝑡𝑎𝑛𝑡 = (1 − 𝑃𝑒𝑥𝑡𝑖𝑛𝑐𝑡−𝐸)
𝑇

𝑌𝐸      (2) 

where 𝑃𝑒𝑥𝑡𝑖𝑛𝑐𝑡−𝐸 is the probability of extinction, 𝑌𝐸 describes the time interval in years 

for each category from criterion E in years, and 𝑇 describes the time in years it takes to 

fulfill 𝑃𝑒𝑥𝑡𝑎𝑛𝑡 at the set value. By algebraic manipulation of (2), one can arrive at (3): 

𝑇 = 𝑌𝐸
log(𝑃𝑒𝑥𝑡𝑎𝑛𝑡)

log(1−𝑃𝑒𝑥𝑡𝑖𝑛𝑐𝑡−𝐸)
                (3) 

I set 𝑃𝑒𝑥𝑡𝑎𝑛𝑡 = 0.05 and calculated the value of 𝑇 for all extant Leiocephalus based on 

red list categories. The resulting 𝑇 values were treated as extinction date midpoints with a 

single year last seen (𝑇 ± 10 years). 

The exact year of extinctions is unknown for all the species, thus there were ties 

among some species that prevented their ordering along individual, unique past and 

future-predicted extinction sequences. To generate an observed extinction sequence, I 

broke ties as follows. For species with overlapping ranges, the species with the earliest 

year was ordered first. If the earliest years were the same, then I ordered the species with 

the earliest oldest bound first. For example, for a species with a range of 150–350 and 

one with a range of 150–200, I would order the second species before the first species. 

Finally, for species whose extinction year ranges were identical, I heuristically sampled 
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ties in the extinction sequence and calculated the mean Δμ and Δσ2 across 10,000 tie-

sampling replicates for empirical extinction. Notably, the species that lacked ties remain 

unchanged with this heuristic approach. 

 

4.3.1.2 Extinction Associated Traits 

My assessment of non-random extinction for Leiocephalus focused on 

morphological traits, because lizards have demonstrated a strong link between 

morphology and ecology (Losos 1990; Aerts et al. 2000; Melville and Swain 2000; Reilly 

et al. 2007; Goodman et al. 2008; Tulli et al. 2009; Edwards et al. 2022), and lizard 

ecology has been shown to explain patterns of extinction (Aerts et al. 2000; Reilly et al. 

2007). For Leiocephalus, body size was the only trait for which data could be obtained 

for all 32 species. I also measured morphological diversity as body size-corrected 

morphological diversity for available extant species (𝑛 = 22 species). The difference in 

species coverage for morphological diversity data can be attributed to several species that 

lack suitable available vouchered museum specimens (e.g., species only known from 

fossils). Body size was measured as the maximum observed snout-vent length (SVL), a 

common measure of lizard body size that is independent of tail length. I obtained 

maximum SVL measures from an updated list of previous publications (Pregill 1981; 

Henderson and Powell 2009; Kemp and Hadly 2015; Köhler et al. 2016), except for L. 

varius, for which I obtained a maximum value from museum specimens.  

To summarize extant morphological diversity, a principal component analysis 

(PCA) of 15 body size-corrected morphological characters was conducted. I measured 
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fluid-preserved specimens for: snout-vent length, fore-hindlimb distance, pelvis width, 

pelvis height, total tail length, head length, head width, head height, finger IV metatarsal 

length, upper arm length, forearm length, toe IV metatarsal length, toe IV width, thigh 

length, and shank length. Prior to conducting the PCA, I normalized my data via log-

transformation and then corrected for body size allometry by dividing trait values by 

snout-vent length (except snout-vent length). I then used the first two principal 

component axes, which jointly explained 69.3% of the variance, each as a trait that I 

tested for evidence of non-random extinction. 

 

4.3.1.3 Extinction Model Selection 

I tested four extinction sequences for evidence of non-random extinction under 

the three general models: past body size, predicted-future body size, and the predicted-

future sequences of the two morphological diversity PCA axes. For body size extinction 

sequences, I evaluated all recorded extinctions starting with all described Leiocephalus 

species (𝑛 = 32, 𝑒 = 8) and predicted-future extinctions starting with all extant species 

until only IUCN red list LC species remain (𝑛 = 24, 𝑒 = 10). Similarly, morphological 

diversity predicted-future extinction sequences began with all extant species and ended 

with only LC species (𝑛 = 22, 𝑒 = 8, based on available trait data). For each sequence, I 

separately evaluated Δμ and Δσ2 for each of the 10,000 tie-sampling replicates. There 

was little difference across replicates (Figures C.4, C.5), and so I calculated Δμ and Δσ2 

at each time step across the tie-replicates for each of the four extinction sequences, and 

tested for non-random extinction in these mean extinction sequences.  
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4.3.2 Testing Non-random Extinction Models 

For a given data set of 𝑛 species whose extinction sequence of 𝑒 extinctions has 

been observed with respect to a trait 𝑥, simulations can be performed to ask if any of the 

three general models of non-random extinction fit the data better than a simple random 

extinction model. To do this, I developed simulations under each model assuming 

Gaussian distributions of continuous values for 𝑥�̅� (μ = 0, σ2 = 1), each with 𝑛 species, 

the number in the observed data. Species were removed sequentially from the simulation, 

and Δμ and Δσ2 recorded at each loss step compared to starting μ and σ2 (up to the total 

number of extinctions observed in the data, 𝑒). For the random extinction simulation, the 

extinction sequence up to 𝑒 proceeded independent of 𝑥 via random uniform sampling 

across the 𝑛 species. I created two directional extinction simulations to test in which tail 

extinctions occur—one where the largest 𝑥�̅� values are lost in decreasing order and 

another where the smallest are lost in increasing order. The simulation of disruptive 

extinction removed species with the smallest distances from μ in increasing order as 

calculated by the absolute value distance of each species mean from the clade-wide mean, 

|𝑥�̅� − μ|. Lastly, simulation of stabilizing extinction used the same absolute value 

distance but removed species with the largest distances in decreasing order. For a given 

observed data set, each of the simulations were repeated 10,000 times. All R code 

functions used to perform these simulations can be found at https://github.com/ieco-

lab/leiocephalus and can be adapted for any observed data set. 

https://github.com/ieco-lab/leiocephalus
https://github.com/ieco-lab/leiocephalus
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Once a distribution of simulations is produced under each of the extinction 

models, the observed data can be compared using a root-mean-square error (RMSE) 

goodness-of-fit statistic. For each extinction model, I first determined the mean values of 

Δμ and Δσ2 (μ𝑠𝑖𝑚−𝑚𝑒𝑎𝑛 and μ𝑠𝑖𝑚−𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒) across the 10,000 simulations at each 

sequence step a species is lost relative to starting values. 𝜇𝑠𝑖𝑚−𝑚𝑒𝑎𝑛 and 𝜇𝑠𝑖𝑚−𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒  

were then used to calculate RMSE for each extinction model and species loss simulation 

(𝑅𝑀𝑆𝐸𝑠𝑖𝑚−𝑚𝑒𝑎𝑛 and 𝑅𝑀𝑆𝐸𝑠𝑖𝑚−𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒), as in (4) for Δμ and Δσ2 by replacing Δμ𝑖 with 

Δ𝜎𝑖
2 and μ𝑠𝑖𝑚−𝑚𝑒𝑎𝑛 with μ𝑠𝑖𝑚−𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 . 

𝑅𝑀𝑆𝐸𝑠𝑖𝑚 = √
∑ (Δμ𝑖−μ𝑠𝑖𝑚−𝑚𝑒𝑎𝑛)2𝑒

𝑖=1

𝑒
    (4) 

RMSE for observed extinction data relative to each extinction model was calculated with 

(4) by replacing simulated Δμ𝑖 with the observed equivalent, producing five total sets of 

𝑅𝑀𝑆𝐸𝑜𝑏𝑠−𝑚𝑒𝑎𝑛 and 𝑅𝑀𝑆𝐸𝑜𝑏𝑠−𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 .  

To conduct model selection for extinction models that jointly considers changes 

in both distribution metrics, I calculated Euclidean distances for each extinction model on 

a plane of Δμ and Δσ2. Before measuring distances, RMSE values were centered and 

rescaled. Mean values across simulations were then calculated for rescaled 

𝑅𝑀𝑆𝐸𝑠𝑖𝑚−𝑚𝑒𝑎𝑛 and 𝑅𝑀𝑆𝐸𝑠𝑖𝑚−𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒  for each of the five extinction models 

(μ𝑅𝑀𝑆𝐸−𝑠𝑖𝑚−𝑚𝑒𝑎𝑛 and μ𝑅𝑀𝑆𝐸−𝑠𝑖𝑚−𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒). Euclidean distances were then measured 

between each of the five sets of μ𝑅𝑀𝑆𝐸−𝑠𝑖𝑚 points and (i) rescaled 𝑅𝑀𝑆𝐸𝑜𝑏𝑠 to obtain a 

goodness-of-fit metric for the observed data and (ii) rescaled 𝑅𝑀𝑆𝐸𝑠𝑖𝑚 to develop 

reference distributions for each extinction model. To assess significance for this 

goodness-of-fit metric and identify the best fit model, I conducted a nonparametric one-
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tailed Wilcoxon signed-rank test, W, comparing the Euclidean distances for each model. 

The Wilcoxon signed-rank test was used here, since Euclidean distances for all extinction 

models demonstrated a consistent right skew, which is suggestive of deviation from 

Gaussian distribution expectations that are necessary for analogous parametric tests like 

the z-test. Wilcoxon signed-rank tests were conducted to identify the extinction model 

with the highest W that also failed to reject the left tail null hypothesis, meaning that the 

simulated extinction model could have the same or greater Euclidean distance as the 

observed data and therefore could have come from the same distribution. 

 

4.4 Results 

Past extinctions of Leiocephalus were best explained by directional extinction of 

species with large body size (Figure C.1, Figure 4.2). Model selection confirmed that 

directional extinction of large species was the only model that fit observed data 

significantly (Table 4.1, Figure C.2). In contrast, none of the extinction models fit the 

observed predicted-future extinction sequence for body size (Table 4.1, Figure C.2). The 

two best-fit models were the non-random model, where future loss was independent of 

body size, followed by the stabilizing model, where species of intermediate body size are 

the most likely to persist in the future. However, the observed data differed significantly 

from both models, indicating the possibility of a more complex extinction scenario that 

was not simulated under the three general models. 
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Figure 4.2 Extinction of body size through time for Leiocephalus. Species of 

Leiocephalus show directional extinction of large values in the past (TOP) and random 

extinction for predicted-future loss (BOTTOM) for body size as measured by maximum 

snout-vent length. For each analysis of extinction, changes in the clade-wide trait mean 

and variance are plotted as species are lost for the observed data (black solid and dashed 

lines) and for a distribution of simulations of the same species richness and number of 

extinctions for each extinction model. For each extinction model, median values are 

plotted as a solid or dashed line and the 95% confidence interval as the corresponding 

shaded region. The best fit extinction model is the one that observed data lines fall within 

the model distribution for changes in both mean and variance.  
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Table 4.1 Extinction model fits for Leiocephalus loss through time. Extinction models 

were fit for body size as measured by maximum observed snout-vent length and the first 

two axes from a morphological diversity PCA conducted on 15 traits. Significant model 

fits are presented in bold based on a one sample Wilcoxon signed-rank test. 

Trait Timeframe Model W statistic P-value raw P-value 

Body Size Past Directional (small) 0 0 1 

Body Size Past Directional (large) 42865130 1 0 

Body Size Past Disruptive 0 0 1 

Body Size Past Stabilizing 137727 0 1 

Body Size Past Random 21 0 1 

Body Size Future Directional (small) 278 0 1 

Body Size Future Directional (large) 0 0 1 

Body Size Future Disruptive 42 0 1 

Body Size Future Stabilizing 68132 0 1 

Body Size Future Random 13305878 0 1 

Morphological PC1 Future Directional (small) 4398 0 1 

Morphological PC1 Future Directional (large) 0 0 1 

Morphological PC1 Future Disruptive 21 0 1 

Morphological PC1 Future Stabilizing 334624 0 1 

Morphological PC1 Future Random 37481589 1 0 

Morphological PC2 Future Directional (small) 0 0 1 

Morphological PC2 Future Directional (large) 5019 0 1 

Morphological PC2 Future Disruptive 0 0 1 

Morphological PC2 Future Stabilizing 33485382 1 0 

Morphological PC2 Future Random 738809 0 1 
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Further analysis of extinction for other morphological traits was first done by 

performing PCA on body-size corrected morphological traits. The first two principal 

component axes (PCs) accounted for 49.43% and 19.87% of explained variance  

(all subsequent PCs explained <10% of variance each), with trait loadings that suggested 

two axes that were describing different morphological features (Table C.1). For PC1, 

body size, pelvis width, head height, head length, head width, finger IV length, toe IV 

length, and toe IV width and for PC2, fore–hind limb distance, upperarm length, forearm 

length, thigh length, shank length, and total tail length all loaded strongly and positively 

for their respective PCs (Table C.1). Thus, I viewed PC1 as a composite measure of 

several traits that describe head, body, and digit size while viewing PC2 as a summary of 

limb and tail lengths. For the morphological PCA, the area of the minimum convex 

polygons occupied by all extant species was compared to that for least concern species 

only, showing that the polygon for least concern species occupies only 44.07% of the 

area for all extant species (Figure 4.3). Contraction from loss of threatened species is 

especially noticeable along PC2. Plots of predicted-future extinction for PC1 and PC2 

yielded different trajectories (Figure 4.4). Empirical extinctions for PC1 were most 

similar to random extinction while those for PC2 were similar to stabilizing extinction. 

Extinction model selection confirmed that only random extinction significantly fit PC1 

and only stabilizing extinction significantly fit PC2 (Table 4.1, Figure C.3). 
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Figure 4.3 Morphological diversity principal components analysis (PCA) and 

corresponding best fit extinction models. Predicted-future extinctions of Leiocephalus 

show a loss of morphological diversity as measured with PCA for 15 traits. The first two 

axes explained 59.30% of the variance and corresponded to general body shape and size 

(PC1) and appendage lengths (PC2). The minimum convex polygons for extant species 

(A) and predicted-future species after extinctions expected from IUCN red list 

status(IUCN 2020) (B) show considerable contraction, especially along PC2. Species are 

represented by points scaled according to species distribution size and colored red if 

introduced outside the Caribbean and black otherwise.  
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Figure 4.4 Future extinction of morphological diversity through time for Leiocephalus. 

For morphological diversity as measured by the first two axes of a PCA conducted on 15 

traits, Leiocephalus predicted-future extinctions support two different patterns. The first 

axis (PC1) corresponds with traits that measure general body shape and size and is best 

explained by random extinction (TOP) while the second axis (PC2) describes appendage 

lengths and shows stabilizing extinction (BOTTOM). For each analysis of extinction, 

changes in the clade-wide trait mean and variance are plotted as species are lost for the 
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observed data (black solid and dashed lines) and for a distribution of simulations of the 

same species richness and number of extinctions for each extinction model. For each 

extinction model, median values are plotted as a solid or dashed line and the 95% 

confidence interval as the corresponding shaded region. The best fit extinction model is 

the one that observed data lines fall within the model distribution for changes in both 

mean and variance.  
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4.5 Discussion 

As an imperiled clade, lizards in the genus Leiocephalus demonstrate changing 

non-random extinction for morphology. Leiocephalus extinctions to date appear driven 

by competition and predation by introduced mammals and hunting by humans, leading 

larger species to go extinct first (directional extinction; Borroto-Páez and Woods 2012; 

Kemp and Hadly 2015). For example, one of the largest species recorded, Leiocephalus 

cuneus was estimated at 200 mm SVL and was last seen in the 17th Century on 

Guadeloupe but previously was known from at least three other islands (Anguilla, 

Antigua, and Barbuda; Henderson and Powell 2009; IUCN 2020). The last observations 

of L. cuneus correspond with the arrival of European settlers who brought rodents, cats, 

dogs, and other mammals with them (Steadman et al. 1984), which have since been 

identified as contributing to extinction of native Caribbean faunas (Borroto-Páez and 

Woods 2012). Although direct evidence does not exist for the cause of all extinctions of 

Leiocephalus, examples like L. cuneus support the proposed drivers above and add to 

growing global trends (Sax and Gaines 2008; Bellard et al. 2016; Wood et al. 2017). Loss 

of large species has likely impacted Caribbean ecological communities. Leiocephalus are 

omnivorous, but diets differ across species (Schoener et al. 1982; Henderson and Powell 

2009). Although many Leiocephalus tend to eat mostly invertebrates, some are 

saurophagous, feeding on other lizards like Anolis and have been shown to exert selective 

pressure on fitness-related traits in Anolis (Schoener et al. 2002; Henderson and Powell 

2009; Vanhooydonck et al. 2009). Future extinctions stand to alter Caribbean ecosystems 

further but likely will differ in effect because of predicted non-random extinctions. 
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Predicted-future Leiocephalus extinctions are expected to be complex for body 

size with none of the general models fitting the observed data significantly, but with 

random and stabilizing models fitting the data best. Similarly, predicted-future 

extinctions demonstrate support for stabilizing extinction of Leiocephalus morphological 

diversity. This means that species with particularly small and large morphological trait 

values (when body size is accounted for) will be preferentially lost. In particular, species 

with extreme appendage lengths are expected to go extinct first. Loss of species with 

extreme values for these traits in Leiocephalus is noteworthy because as their common 

name suggests, they lift and curl their tails upwards for a number of reasons, including 

courtship and as a predator deterrent (Cooper 2001, 2007; Kircher and Johnson 2017). 

Tail curling in response to predation threat has been hypothesized to demonstrate fitness 

of the Leiocephalus individual and may be used for deterrence or deflection (and 

distraction via tail autotomy) of predatory attacks (Cooper 2007; Kircher and Johnson 

2017). Stabilizing extinction here may reflect loss of species that are unable to optimize 

this anti-predator behavior because of short relative tail length or for whom failed 

deterrence may become too costly because of reduced fitness associated with autotomy of 

longer tails in many lizards (McElroy and Bergmann 2013). Similar stabilizing extinction 

of extreme limb lengths in Leiocephalus may reflect loss of species with more specialized 

locomotor performance on particular substrates (e.g., longer relative limb lengths 

performing better on firmer substrates like rocks and shorter on more fluid substrates like 

sand; Irschick and Garland 2001; Goodman et al. 2008) or association with particular 
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habitats (e.g., Losos 1990; Melville and Swain 2000; Wiens et al. 2006; Losos 2009; 

Tulli et al. 2009; Edwards et al. 2022).  

The transition from directional to stabilizing extinction for Leiocephalus may 

coincide with increased anthropogenic extinction pressures like habitat loss due to urban 

and agricultural development, charcoal production, and wood harvesting (Brooks et al. 

2002; Zachos and Habel 2011; Leisher et al. 2013; IUCN 2020) as well as intensifying 

predation by invasive mammals like the mongoose, which can inhabit a wide range of 

habitats (Borroto-Páez and Woods 2012; IUCN 2020). Such pressures are great for 

Hispaniola, the most species rich island for extant Leiocephalus (Hedges 2022), where 

deforestation and development have become prolific over the last few decades 

(Sangermano et al. 2015; Hedges et al. 2018). Correspondence between habitat loss and 

extinction of species with extreme appendage lengths may result from loss of species that 

are more specialized to particular microhabitats (Blackburn and Gaston 2003). 

Additionally, invasive predators like the mongoose have now even penetrated remote 

mountains on islands like Hispaniola and prey readily on diurnal, ground-dwelling lizards 

like many species of Leiocephalus (Borroto-Páez and Woods 2012; Hedges and Conn 

2012). Therefore, mongoose might indirectly benefit from the mismatch between more 

developed, less diverse habitats and Leiocephalus with more extreme phenotypes that are 

poorly suited to remaining habitats. Surviving Leiocephalus species then may be 

“microhabitat generalists” (Arnold 1998; Tulli et al. 2012) that perform at an 

intermediate level across different microhabitats and consequently manage to avoid 

predation.  
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Changing extinction pressures and the transition from directional to stabilizing 

extinction has conservation implications for Leiocephalus. Species prefer mesic and xeric 

habitats but habitats can range from coastal rocky shrubland and beaches to forests 

further inland (Henderson and Powell 2009). Regardless of type, some Leiocephalus have 

restricted habitat preferences and are therefore likely to be impacted as human 

development continues. Therefore, the diverse habitats of these species need to be 

protected. I recommend that development plans include setting aside resources for 

dedicated protected areas and reserves to maintain such habitat (Hedges et al. 2018). 

Similarly, I urge that control plans be formed for invasive species like the mongoose, 

which have already demonstrated capacity to cause Caribbean lizard extinctions (Hedges 

and Conn 2012). These efforts are especially important for conservation of Leiocephalus, 

because under my predicted stabilizing extinction, I would expect a reduction in 

Leiocephalus trait diversity, which will further diminish the clade’s ability to respond to 

future disturbances.  

Shifts in non-random extinction for Leiocephalus can be understood as a 

conceptual extension of G.G. Simpson’s adaptive landscape (Simpson 1944). The 

adaptive landscape depicts a surface of fitness for all combinations of trait values and 

includes at least one region where a set of trait values maximize fitness, the adaptive peak 

(Arnold et al. 2001). For whole clades, species reside on the landscape and change in 

position to maximize viability by moving towards the nearest adaptive peak (Hansen 

1997; Arnold et al. 2001). However, the surface can change, such as in response to 

altered environmental conditions or disturbances (Arnold et al. 2001). Species can 
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respond to peak shifts, but those that fail to do so can go extinct. In the case of 

Leiocephalus, the past adaptive peak corresponded with a smaller body size, and species 

closer to that peak may have been able to avoid competition or predation from introduced 

mammals and hunting by humans because of it. Conversely, larger species were unable to 

respond quickly enough and went extinct. Over time, extinction pressures have changed, 

causing intermediate appendage lengths to be most viable (a pattern supported by an 

estimated extant Leiocephalus adaptive landscape; Appendix C.1, Figures C.6, C.7). 

Patterns in the adaptive landscape for Leiocephalus differ from those expected for larger 

or especially diverse clades, where multiple adaptive optima might exist across the 

landscape. In such cases, it may become difficult to resolve non-random extinction due to 

competing signals corresponding to different peaks. It may then become necessary to 

restrict analyses to a single peak of interest first to disentangle patterns of extinction, as is 

the case for current Leiocephalus. As such, in the absence of intervention or rapid shifts 

in phenotype, stabilizing extinction will shape Leiocephalus trait space. 

Future development and enactment of methods to characterize non-random 

extinction should account for several factors. The case study here included a random 

extinction model that was recovered as the best but not significant fit for the data. 

Therefore, it may be difficult to recover a specific model for random extinction and 

alternative estimations should be considered. Additionally, I were able to identify 

stabilizing extinction, but it may be difficult to distinguish between it and random 

extinction in some cases. This may be caused by identical expectations for μ and smaller 

changes in σ2 for sets of fewer extinctions that correspond with adjacent, wide 
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confidence intervals for both stabilizing and random extinction models. Difficulty in 

identifying stabilizing and random extinction models contrasts with distinct expected 

patterns and narrower confidence intervals for directional and disruptive extinctions. 

Nevertheless, methods like those here should be assessed via simulation to determine the 

limitations in statistical power in clades with varying levels, timescales and intervals, and 

confidence in extinction history. My method also assumes characteristics with a Gaussian 

distribution as implemented here, but future extensions should explore other 

distributional parameters as well. Ultimately, addressing such questions will ensure 

confidence in extinction model fit that can be compared across taxa.  

Characterizing patterns of extinction remains an important goal to improve my 

understanding of biodiversity change, and the methods I describe advance efforts to do 

so. By looking at extinction patterns across the tree of life, broad patterns in the effects of 

different sources of extinction pressure can emerge. Knowledge of such patterns can be 

applied to predict future changes in biodiversity and inform conservation efforts. In doing 

so, we will be better prepared to preserve biodiversity in the Anthropocene. 
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CHAPTER 5 

SUMMARY 

 

Interest in biodiversity change has grown considerably in recent years, which is 

reflected in mounting concern of contemporary accelerating biodiversity loss (Barnosky 

et al. 2011; Dirzo et al. 2014; Ceballos et al. 2017). Contemporary loss is driven mainly 

by extinction pressures from human activities: overexploitation, habitat modification and 

destruction, climate variability, spread of pathogens, and invasion by exotic species 

(Barnosky et al. 2011; Mouillot et al. 2013; Ceballos et al. 2015; Yessoufou and Davies 

2016; Isbell et al. 2017). As species are lost, the ecosystem functions they contributed to 

may change, which can impact both human and natural flourishing (Cardinale et al. 

2012). This dissertation contributes to a fuller understanding of biodiversity change 

dynamics through several distinct approaches while identifying related lines of inquiry 

for future work. 

Introduction of invasive species is arguably one of the most important drivers of 

biodiversity loss (Clavero and Garcia-Berthou 2005; Bellard et al. 2016; Ducatez and 

Shine 2017) and continues to increase as disparate regions across the globe become more 

connected (Floerl et al. 2009; Early et al. 2016; Chapman et al. 2017; Seebens et al. 2017; 

Folke et al. 2021). I address the role of introduced invasive species as an extinction driver 

by first developing the paninvasion severity assessment framework for evaluating the risk 

of an invasive species to spread and establish globally, and thus, impact an associated 

commodity market (i.e., become paninvasive). This framework builds upon existing 
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invasion process theory (Blackburn et al. 2011) by unifying terminology from invasive 

species dynamics with existing human health frameworks for assessing the severity of 

pathogens to cause global epidemics (Reed et al. 2013). I then demonstrate the 

framework’s utility with an emergent invasive insect pest of grapes, the spotted lanternfly 

(Lycorma delicatula, SLF), which has a great risk of becoming paninvasive and 

disrupting the global wine market. Specifically, Chapter 2 shows that important 

viticulture regions trade heavily with invaded U.S. states and also contain suitable 

environments for SLF establishment. The possibility of SLF invading vital viticultural 

regions like California, France, Italy, and Spain is high, indicating that the global wine 

market is at great risk of disruption without intervention. I end Chapter 2 with a 

discussion of the caveats of the current assessment for SLF, which can direct future 

studies for the next iteration of its paninvasion severity assessment and evaluation of 

other invasive species with it. 

The impact of insect pests like SLF largely depends on the breadth of host plant 

species they associate with and the strength of those associations (Kenis et al. 2009; 

Liebhold et al. 2018). Although phytophagous insect pests can range from specialists that 

strongly prefer a few select hosts to generalists with many suitable hosts, it is generalists 

that often present more obstacles for monitoring and management (Kloth et al. 2012), 

especially when host associations are not fully known. Typically, host associations are 

first identified from field surveys and then investigated with experimental assays to 

quantify association strength, but both of these methods take time and resources. In 

Chapter 3, I leverage available data on SLF known plant host associations and plant 
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phylogenetic relationships to predict host associations for U.S. tree species with a 

phylogenetic imputation method, hidden state prediction (Zaneveld and Thurber 2014). 

After demonstrating phylogenetic signal of SLF host association, I found that candidate 

species in Juglandaceae, Rutaceae, Salicaceae, and Sapindaceae demonstrated strongly 

predicted association with SLF. Furthermore, uninvaded regions of the contiguous U.S. 

with many strong association species include the U.S. midwest and west coast. Predicted 

strong association species and regions containing them should be prioritized for SLF 

association experimental assays and monitoring efforts, respectively. Ultimately, Chapter 

3 demonstrates how phylogenetic imputation can be used to build up host association 

data for emergent pests like SLF to inform their management and hopefully prevent 

biodiversity loss associated with them. 

Chapter 4 transitions from identifying impacts of invasive species and taxa that 

may be impacted by them to a more direct characterization of patterns in biodiversity 

loss. Biodiversity loss as extinction of species has been evaluated to identify non-random 

patterns and is increasingly conducted with respect to species characteristics or traits. 

Extinction of species with particular traits is important, as non-random loss for a shared 

trait can lead to irreversible changes in functioning of the ecosystems those species 

inhabited (Mouillot et al. 2013). Most studies of extinctions that include traits identify 

simple patterns of loss, but in Chapter 4 I suggest that additional models of non-random 

extinction of traits can be evaluated with relative ease. Specifically, I propose three 

general non-random extinction models that follow the classification scheme of population 

genetics selection models (directional, disruptive, and stabilizing; Rueffler et al. 2006) 
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and describe a method for their detection. I then use a case study of the imperiled 

Caribbean lizard genus, Leiocephalus, to illustrate use of this method. Past Leiocephalus 

extinctions indicate directional extinction of large-bodied species, but future-predicted 

extinctions for body size are more complex and are similar to both random and stabilizing 

extinction. Future-predicted extinctions for Leiocephalus show analogous support for 

stabilizing extinction of limb and tail lengths. The shift from directional to stabilizing 

extinction of Leiocephalus appears to correspond with intensifying anthropogenic 

extinction pressures like habitat loss and predation by introduced invasive mammalian 

predators. Consequently, extinction pressure for Leiocephalus appears to be strongest for 

species that differ from an adaptive peak that  corresponds with generalist ground-lizard 

morphology. Shifting extinction pressure is likely for other imperiled species, and the 

method described here can be used for identifying cases of it. 

Biodiversity science is a burgeoning field of study with important implications for 

life on Earth. In this dissertation, I have proposed incremental advances to our 

understanding of biodiversity loss. However, I have considered only a few of the major 

drivers of current biodiversity loss, mainly habitat modification and introduction of 

invasive species, in a handful of relevant taxa. Additional work is necessary to improve 

our knowledge of the factors that contribute to biodiversity loss and identify how it 

differs across biological systems. Fundamentally, as we continue to learn more about 

biodiversity change dynamics, we will also strengthen our ability to steward life on Earth 

hereafter. 
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APPENDIX A 

SUPPLEMENTARY INFORMATION FOR  

PANINVASION SEVERITY ASSESSMENT OF A U.S. GRAPE PEST TO 

DISRUPT THE GLOBAL WINE MARKET 

 

A.1 Supplementary Methods 

Below, I provide additional details for terminology and methods for the analyses 

conducted in my study. 

 

A.1.1 Term Definitions 

• alignment correlation—multivariate relationship among invasion potentials. 

• establishment potential—likelihood of a region to contain suitable habitat for 

transported individuals of a non-native species to form a spreading population. 

• impact potential—likelihood of a region to experience negative economic effects 

from an established non-native species. 

• invasion potentials—likelihoods of a species to move through stages in an invasion 

process across regions (Blackburn et al. 2011). I focus on the main stages: transport, 

establishment, impact. 

• MaxEnt—abbreviation for maximum entropy, a presence-only SDM methodology 

that uses machine-learning to estimate the probability distribution of maximum 

entropy based on environmental variables and species occurrence records (Phillips et 

al. 2006, 2017). 
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• paninvasion—invasion of a species at the global scale that disturbs a global 

economic market. 

• paninvasion risk—the likelihood of a regional invasive species to become a globally 

invasive species and cause economic repercussions. 

• paninvasive species—globally invasive species that goes through the three main 

invasion stages and thus can disturb global economic markets. 

• phylloxera—Daktulosphaira vitifoliae is grapevine root pest native to North America 

that was responsible for the Great Wine Blight of the late 1800’s, which was the 

largest economic disturbance to the global wine market ever recorded. The disruption 

was mitigated by widespread planting of European vines that were grafted to North 

American grapevine root stocks. The paninvasion of phylloxera continues to this day 

(Ordish 1972; Gale 2011). 

• species distribution model (SDM)—spatial model used to predict the environmental 

niche, habitat suitability, and establishment potential of a species. 

• spotted lanternfly (SLF)—Lycorma delicatula is a planthopper native to China, 

Vietnam, and India. It invaded South Korea and Japan in the early 2000’s and the 

northeastern U.S. ca. 2014. It is known to feed on >100 different host species, 

including grapes (Barringer and Ciafré 2020; Urban 2020). 

• transport potential—likelihood of a region to have an introduction of a non-native 

species. 
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• tree of heaven (TOH)—Ailanthus altissima is an invasive deciduous tree that is 

native to China, Taiwan, and northern Korea, but has been spread globally. It is a 

highly preferred host for SLF and may determine SLF establishment potential. 

A.1.2 Confirmation of Relationship Between Import Tonnage and SLF Invasion Status 

for Transport Potential 

The prevailing hypothesis on SLF transport potential is that regions that import 

more tonnage of commodities from the invaded U.S. region also import more total 

tonnage of goods and trade infrastructure (e.g., cargo containers, pallets, railcars) that 

inadvertently transport SLF egg masses long-distances. SLF propagules have been found 

hitchhiking on and in shipments of pharmaceutical containers, baking ingredients, paint 

shipments, building materials, boxes of pumpkins, pallets and many other commodities 

(Park et al. 2013; Parra et al. 2018; Lee et al. 2019; Liu 2019, 2020; Urban 2020). To test 

if total tonnage can explain the current spread of SLF, I fit two logistic regressions with 

my metric of transport potential based on total tonnage as the covariate. This metric was 

the log10 of the average annual metric total tonnage imported between 2012 and 2017 

from U.S. states invaded by SLF (Figure 2.3). I regressed the presence/absence of 

established populations and regulatory incidents (i.e., has a state experienced and 

reported any observations of SLF, dead, moribund, or alive, independent of the presence 

of established populations?). For both establishment and regulatory incidents, the 

relationship between SLF-status and my measure of transport potential was significant, 

thereby providing support for my estimate of SLF transport potential (Table A.1). These 
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results suggest that total tonnage of imports is a suitable proxy for transport potential 

until new metrics are developed that include refined pathway analyses. 

 

A.1.3 Modeling Establishment Potential and the Influence of Chilling Periods for 

Diapause 

I estimated establishment potential as an ensemble from three global species 

distribution models (SDMs): a multivariate SDM of TOH (sdm_toh), a multivariate SDM 

of SLF (sdm_slf1), and a univariate SDM of SLF that modeled SLF presence on the 

predicted values from sdm_toh (sdm_slf2). Models were constructed with MaxEnt ver. 

3.4.1 by following best practices for estimating unbiased niche models (Araújo and New 

2007; Phillips et al. 2017; Araújo et al. 2019). I first queried GBIF for TOH and SLF 

presences on October 20, 2020. For TOH, 67,100 records were obtained and for SLF 

3,180 records were obtained (Derived dataset GBIF.org 2021). Records were checked for 

errors, duplicate records removed, and the remaining records were rarefied (spatially 

filtered) by omitting records <10 km from each other to reduce bias from spatial 

autocorrelation (Boria et al. 2014; Zhu et al. 2020). The result was 8,022 unique, error 

checked TOH presence records and 325 unique, error checked SLF presence records. 

Thus, sdm_toh was built on 8,022 TOH global presence records, and sdm_slf1 and 

sdm_slf2 were built on 325 SLF presence records (see my research compendium and 

Dryad repository for the data, https://github.com/ieco-lab/slfrsk and 

https://doi.org/10.5061/dryad.msbcc2g1b).  

https://github.com/ieco-lab/slfrsk
https://doi.org/10.5061/dryad.msbcc2g1b
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To find the best models that explained TOH and SLF presences, I started with 22 

potential covariates hypothesized to influence SLF and TOH global distributions. The 

covariates included 20 topographic and bioclimatic variables from WorldClim, which is a 

standard database of covariates used in global SDMs (Hijmans et al. 2005; Fick and 

Hijmans 2017). WorldClim has also been used in two previous SDMs for SLF (Jung et 

al. 2017; Wakie et al. 2020). In addition to these 20 covariates, I added Global Forest 

Canopy Height (Simard et al. 2011) because SLF feeds on multiple tree species 

(Barringer et al. 2015), and Global Access to Cities (Weiss et al. 2018) because TOH and 

SLF are often established along transportation networks (Parra et al. 2018). I analyzed 

these covariates to identify a subset to include in final best-fit SDMs with low model 

collinearity. To do this, I calculated pairwise Pearson correlations among the 22 

covariates, and fit each covariate to SLF and TOH in univariate SDMs (i.e., 44 models in 

total). I then compared covariates that were highly correlated and retained only the 

covariates that fit best to the TOH and SLF presences. This reduction of potential 

covariates resulted in a set of six minimally correlated covariates (pairwise absolute 

Pearson correlations <0.70) that I used to fit my models: annual mean temperature 

(BIO01), mean diurnal temperature range (BIO02), annual precipitation (BIO12), 

precipitation seasonality (BIO15), elevation (ELEV), and access to cities (ATC).  

I fit sdm_toh and sdm_slf1 with these six covariates; sdm_slf2 was fit from the 

sdm_toh predicted values. The three models were fit under default settings of the MaxEnt 

program except for the following changes: (1) all features were enabled but still set to 

“Auto Features”, (2) response curves were created, (3) variable importance was measured 
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via jackknifing (I did not do this for sdm_slf2 because it was a univariate model), (4) the 

threshold rule was set to “Minimum Training Presence”, and (5) the number of replicates 

was set to five for SLF and ten for TOH. This last modification sets the number of k-fold 

cross-validation replicates and determines the test proportion from k, thus I validated the 

three models with k-fold cross-validation via evaluation of the receiver operating 

characteristic of the AUC (area under the curve) and omission error (Fielding and Bell 

1997; Phillips et al. 2006; Pearson et al. 2007; Anderson and Gonzalez 2011). For AUC, 

the fraction of true positives relative to type I error (positive background points) is 

compared at all possible thresholds for each model (Fielding and Bell 1997; Phillips et al. 

2006). The resultant AUCs were assessed relative to a random model where AUC = 0.50, 

such that values close to 1.00 indicate strong model performance and those ≤ 0.50 

suggest poor performance (Fielding and Bell 1997). Given presence only data, measured 

AUC cannot reach 1.00, but model AUCs that approach 1.00 are considered to perform 

well (Wiley et al. 2003; Phillips et al. 2006). Given concerns with model evaluation with 

AUC (Lobo et al. 2008; Peterson et al. 2008; Jiménez‐Valverde 2012), I also confirmed 

model performance with average omission error, which is the proportion of presence 

point(s) predicted with suitability less than the threshold averaged across replicates 

(Pearson et al. 2007; Anderson and Gonzalez 2011).  

All three models performed well according to AUC and omission error. Models 

yielded test AUC values >0.75 while boasting average test omission error rates <0.01, 

indicating that each model performed better than random and identified areas of known 

species presence as suitable for the cross-validation partitions. sdm_toh had a lower AUC 
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(0.7779) and omission error (0.0003) than sdm_slf1 (AUC = 0.9828, omission = 0.0064) 

and sdm_slf2 (AUC = 0.9675, omission = 0.0032). For both multivariate SDMs, I 

compared the variable contributions for congruence. The top four contributing variables 

were the same for both models (ATC, BIO01, BIO12, and BIO15 in descending order). 

The remaining two variables (ELEV and BIO02) contributed <2% in each model, with 

ELEV contributing more in sdm_toh and BIO02 contributing more in sdm_slf1. For 

sdm_toh, two other variables, BIO12 and BIO15 also contributed <2% each but still 

contributed more than ELEV and BIO02 (for a more detailed comparison, see my 

research compendium, https://ieco-lab.github.io/slfrsk/). 

I averaged my three best-fit models to produce one ensemble image at the 30 

arcsecond resolution, and intersected this image with state and country polygons (Araújo 

and New 2007). I then calculated summary statistics for the ensemble pixels within each 

state and country (mean, median, and maximum). The R function I wrote to perform this 

task, extract_enm2(), is available with the R companion package, slfrsk (see 

https://github.com/ieco-lab/slfrsk). Establishment potential for the 50 U.S. states and 223 

countries was estimated as the maximum pixel value for each state and country. Results 

and conclusions with mean and median pixel values instead of max were qualitatively 

similar (see https://ieco-lab.github.io/slfrsk/).  

Although my work suggests widespread establishment potential, SDM-based 

establishment potential might overestimate suitability in warmer climates if SLF require a 

chilling period to initiate diapause to complete development (Shim and Lee 2015). 

However, recent work suggests that while SLF can diapause as eggs in the invaded U.S. 

https://ieco-lab.github.io/slfrsk/
https://github.com/ieco-lab/slfrsk
https://ieco-lab.github.io/slfrsk/
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region, native populations across China include sub-tropical regions that do not provide 

the colder temperatures necessary for completing diapause (Du et al. 2021), and SLF in 

the U.S. do not require diapause to develop (Xin et al. 2020). Indeed, under lab 

conditions, eggs in the U.S. that do not undergo diapause exhibit higher survivorship than 

those that do undergo diapause (Keena and Nielsen 2021). This observation suggests that 

my global ensemble model does not overestimate SLF establishment potential and 

instead may be a conservative estimate, especially for warmer regions (Figure 2.4).  

In summary, my estimate of SLF global establishment potential was based on an 

ensemble of models for SLF and TOH environmental suitabilities. Two previous 

estimates of SLF global establishment potential have been published but did not include 

TOH, were not ensemble estimates, and were not built on as many presence records (Jung 

et al. 2017; Wakie et al. 2020). These other estimates also did not include an 

anthropogenic covariate like Global Access to Cities (Weiss et al. 2018), which I found to 

be important in determining TOH and SLF environmental suitability. Finally, although 

my estimate of SLF establishment potential is broadly like these previous estimates (as 

observed by comparing my map to theirs), it differs in three key ways: I provide my 

estimate in a finer resolution, my estimate differs across globally important viticultural 

regions, and I provide the data as open access. To visualize and download my estimate 

please see my Google Earth Engine app (https://ieco.users.earthengine.app/view/ieco-slf-

riskmap). 

 

  

https://ieco.users.earthengine.app/view/ieco-slf-riskmap
https://ieco.users.earthengine.app/view/ieco-slf-riskmap
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Table A.1 Confirmation of transport potential measure. Logistic regression of spotted 

lanternfly (SLF) status on trade with established U.S. states as average annual metric total 

tonnage demonstrates a significant relationship for all U.S. states and Washington D.C. 

Trade with established states predicts both presence or absence of established SLF 

populations and record of SLF regulatory incidents (identification of SLF, deceased, 

moribund, or alive). Logistic regression model coefficients are shown above with 

standard error below in parentheses. 

Establishment Status  

 

Regulatory Status 

 
 

Log10(average annual metric tonnage) 5.64*** 3.10*** 

 (2.03) (0.90) 

Constant -42.74*** -22.64*** 

 (15.27) (6.49) 

Observations 51 51 

Notes: ***P < .01  
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APPENDIX B 

COMPARISON OF OBSERVED AND JACKKNIFE ASSOCIATION BY STUDY 

 

Figure B.1 Comparison of observed and jackknife association by study. For individual 

studies under HSP1, the jackknife predicted values are plotted against corresponding 

observed values. Several studies (Barringer and Ciafré 2020; Derstine et al. 2020; 

Murman et al. 2020) show strong concentrations of observed known host associations 

that are clustered at distribution extrema but are more diffuse for jackknife predictions.
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APPENDIX C 

SUPPLEMENTARY INFORMATION FOR  

TESTING GENERAL MODELS OF NON-RANDOM EXTINCTION INDICATES 

HISTORIC DIRECTIONAL EXTINCTION IS FOLLOWED BY 

CONTEMPORARY STABILIZING EXTINCTION  

WITHIN A GENUS OF ISLAND LIZARDS 

 

C.1 Supplementary Text 

C.1.1 Analysis of Leiocephalus Adaptive Landscape 

A theoretical development of the extinction model selection methods I introduced 

is the description of shifting non-random extinction as an extension of G.G. Simpson’s 

adaptive landscape (Simpson 1944). Simpson’s adaptive landscape is an impactful 

metaphor for biological diversification that describes a multidimensional surface of 

fitness for all possible trait value combinations for a lineage. Elevation (the height of the 

surface) for particular trait combinations corresponds with its adaptive fitness. At least 

one region on the adaptive landscape maximizes fitness, the adaptive peak (Arnold et al. 

2001). When a clade is evaluated on an adaptive landscape, individual species reside on 

the landscape and move towards the nearest adaptive peak to maximize viability (Hansen 

1997; Arnold et al. 2001). However, adaptive landscapes are not necessarily static and are 

likely to change in response to altered environmental conditions, thereby prompting new 

sets of traits that correspond to adaptive optima (Arnold et al. 2001). Examples of altered 

environmental conditions have been suggested to correspond with known sources of 
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extinction pressure (Arnold et al. 2001), such as introduction of invasive species or 

sudden destruction of habitat (such as anthropogenic development; Barnosky et al. 2011; 

Ceballos et al. 2015). Under pressures that correspond with topographical shifts in the 

adaptive surface, species can respond, depending on their phenotypic plasticity or genetic 

variation that corresponds with particular trait values. As such, species that successfully 

survive shifts likely do so via changes in the frequency of traits that better correspond 

with the “new” adaptive peak(s). The mechanisms by which species trait frequencies 

might change rapidly in response to peak shifts are varied and beyond the scope of this 

study. However, species that are unable to respond quickly enough go extinct, which may 

provide a clearer picture of how an adaptive landscape has changed over time. 

Given the shifting extinction pressures described for Leiocephalus (see Chapter 

4), it seems prudent to characterize the adaptive landscape for this genus. To do so, I 

assessed the number of selective regimes for Leiocephalus morphology with SURFACE 

(Ingram and Mahler 2013). SURFACE is a method that uses phylogenetic relationships 

and continuous trait data to assess if different lineages in a clade have corresponding 

selective regimes via model fitting with AIC. Different selective regimes are sequentially 

added as Ornstein-Uhlenbeck process (OU) models (termed “Hansen models” for 

SURFACE; Ingram and Mahler 2013). OU processes have previously been pointed to as 

reasonable depictions of evolution towards adaptive optima (Hansen 1997), and thus 

Hansen models are suitable for describing selective regimes. Sequentially added Hansen 

models are jointly considered on the phylogenetic tree topology and evaluated for model 

fit (“forward phase”). Following identification of the best fit forward phase model, a 
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second phase attempts to reduce the number of distinct regimes by converting distinct 

forward phase regimes into convergent regimes and evaluating the change in model fit. 

This “backward phase” assesses all pairwise combinations of collapsed regimes 

iteratively to identify the best fit model of selective regimes.  

To estimate the adaptive landscape for Leiocephalus, I used a phylogeny of 

inferred relationships among Leiocephalus species from cytochrome-b [Cyt-b] mtDNA 

sequence data (Hedges, unpublished data) and the morphological trait data used for PCA 

(Chapter 4). For the phylogeny, a maximum likelihood phylogeny was constructed from a 

concatenated sequence alignment for all available species (n = 19) in MEGA7 (Kumar et 

al. 2016). Sequences were partitioned by codon position (all three codon positions and 

noncoding), and nucleotide substitution was modeled with the Generalized Time 

Reversible model with a discrete gamma distribution for rate variation. To properly 

polarize the phylogeny, I used three outgroup squamates, Anolis carolinensis, Iguana 

iguana, and Sceloporus occidentalis. The tree with the highest log likelihood was then 

selected for subsequent analyses. The resultant phylogeny branch lengths were multiplied 

by a constant (29.6, the mean clade age (Kumar et al. 2017)) and pruned to include only 

extant Leiocephalus (Figure C.6). For traits, the same 15 morphological traits were used 

to conduct phylogenetic PCA (hereafter pPCA; Revell 2009). Prior to pPCA, I log-

transformed morphological trait data and corrected for body size allometry via 

phylogenetic size-correction of snout-vent length (SVL) against all other traits with GLS 

regression (Revell 2009). The resultant residuals and log-transformed SVL were rescaled 

and centered to conduct pPCA. I found that for the pPCA of Leiocephalus, 77.44% of the 
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variance was explained in the first 4 PCs (Figure C.7). These four PCs were thus treated 

as traits for analysis with SURFACE. 

I conducted SURFACE in R (R Core Team 2020) ver. 4.0.2 with the package 

surface (Ingram and Mahler 2013) ver. 0.5 under default settings with the pruned 

Leiocephalus phylogeny and first four PCs from the corresponding pPCA. After 

conducting both phases of the analysis, two selective regimes could be recovered, 

including the regime for the whole tree (Figure C.7). The second selective regime 

corresponded to a single branch containing Leiocephalus raviceps, an IUCN least 

concern species (IUCN 2020) with moderate loadings in my original morphological PCA. 

Both regimes were necessarily recovered as non-convergent because of the lack of other 

peaks fit in the data. Given the paucity of recovered adaptive regimes (and therefore lack 

of peak shifts), I assessed the model fit of the SURFACE analysis against Brownian 

motion and a single peak OU process. Of the three models, Brownian motion fit the data 

least well (AICc = 326.918), whereas the single peak OU and SURFACE models better 

fit the data but had similar fits (AICc = 292.132 and 292.012, respectively). Given the 

similarity of the two best fit models, I plotted the peaks recovered for each (Figure C.7), 

which showed that the lineage-wide regime and OU peak to be in close proximity across 

PCs. Given the negligible differences in model fit for these two models and the principle 

of parsimony, it seems prudent to assume that based on the species and traits analyzed 

here, Leiocephalus likely have a single adaptive peak. 

The analysis here suggests a single adaptive peak for extant Leiocephalus 

morphology, which is an unsurprising result. Recovery of an adaptive landscape peak 



 

141 

shift corresponding to the shifting extinction pressures observed in Chapter 4 was 

unlikely, given the data that are currently available for Leiocephalus. Notably, analyses in 

Chapter 4 compared both extinct and extant species to suggest shifts linked to extinction. 

Phylogenetic relationships among several extant and all extinct species were not able to 

be reconstructed, as the inferred phylogeny was based solely on molecular data. Such 

molecular data was unavailable for missing species, either due to lack of compatible 

sequence data or material to sequence (several extinct species are known only from 

fossils, see Chapter 4). The case was the same for morphological trait data to a lesser 

degree. As such, part of the data necessary to detect the past extinction to expected future 

extinction shift were unavailable for this study. I suggest that future research should 

pursue the methods outlined here and in Chapter 4 for Leiocephalus and other imperiled 

clades, should sufficient data become available. Nevertheless, it appears that a single 

adaptive peak for extant Leiocephalus corresponds with an intermediate phenotype for 

the morphological traits considered here (Figure C.7), even though trait loadings for the 

morphological PCA and pPCA are similar but not identical. As such, the results of this 

analysis may be viewed as additional support for selection that corresponds with 

stabilizing extinction of morphological traits as described in Chapter 4. 
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Table C.1 Axis loadings for morphological principal components analysis for 

Leiocephalus.  

Trait Description PC1 PC2 

1 SVL 0.3197 0.0031 

3 Fore-Hind Limb Distance -0.1315 0.3489 

6 Pelvis Width 0.3078 -0.0974 

7 Pelvis Height 0.2738 -0.2651 

9.1 Total Tail Length -0.1411 0.2399 

11 Head Length 0.2638 -0.0273 

12 Head Width 0.3248 -0.1566 

13 Head Height 0.3091 -0.1589 

17 Finger IV Metatarsal Length 0.2975 0.1335 

20 Upperarm Length 0.1518 0.4619 

21 Forearm Length 0.1903 0.4265 

23 Toe IV Metatarsal Length 0.2868 0.0026 

24 Toe IV Width 0.2728 -0.2138 

26 Thigh Length 0.2660 0.2585 

27 Shank Length 0.2124 0.4059 
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Figure C.1 Leiocephalus body size by grouped threat status. Extinction of Leiocephalus 

species to date seem to predominantly include larger species (EX). Extant species do not 

appear to differ in body size when compared by threat status (least concern species, LC, 

and all other threat categories as threatened, TH, based on IUCN red list status; IUCN 

2020). 
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Figure C.2 Extinction of body size histogram. Histograms that compare extinction 

models for body size for goodness-of-fit based on Euclidean distances between observed 

data (vertical black line) and simulations (colored histograms) support past directional 

extinction of large species and future random extinction with respect to body size for 

Leiocephalus. 
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Figure C.3 Extinction of morphological diversity histogram. Histograms that compare 

extinction models for morphological diversity as measured by the first two axes in a 

principal components analysis (PCA) conducted on 15 traits for goodness-of-fit based on 

Euclidean distances between observed data (vertical black line) and simulations (colored 

histograms). Predicted-future extinctions are closest to random extinction for the first axis 

(PC1) and stabilizing extinction for the second (PC2) for Leiocephalus. 

  



 

146 

 

Figure C.4 Heuristic path of body size extinction. Heuristic resampling of extinction 

order for Leiocephalus body size extinctions shows little variation in changes to the 

clade-wide mean and variance for extinctions to date (lines in dark grey zone) and 

predicted-future extinctions of all but least concern species (lines in light grey zone). 

Sampling of least concern species (lines in white zone) shows an expected set of varying 

trajectories. 
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Figure C.5 Heuristic path of future morphological diversity extinction. Heuristic 

resampling of extinction order for Leiocephalus morphological diversity as measured by 

the first two axes in a principal components analysis (PCA) of 15 traits shows little 

variation in changes to the clade-wide mean and variance for predicted-future extinctions 

of all but least concern species (lines in light grey zone) for the first PC (LEFT) and 

second PC axis (RIGHT). Sampling of least concern species (lines in white zone) shows 

an expected set of varying trajectories. 
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Figure C.6 Phylogeny of extant Leiocephalus used for SURFACE method. A maximum 

likelihood phylogeny constructed from molecular data shows the relationships among 

extant species of Leiocephalus. Tip labels depicted with red text correspond to species 

that are threatened and black text for those that are least concern according to the IUCN 

red list (IUCN 2020: all non-least concern species are TH and least concern species LC). 
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Figure C.7 Phylogenetic principal components analysis (PCA) of Leiocephalus with 

adaptive peaks. Phylogenetic PCA results are plotted for the first four PCs used in the 

SURFACE analysis. Individual species of Leiocephalus are represented by black points 

with point shapes that correspond to grouped IUCN red list status (IUCN 2020: all non-

least concern species are TH and least concern species LC). Adaptive peaks recovered by 

SURFACE and single peak Ornstein-Uhlenbeck process models are represented by red 

points that are labeled. SURFACE label suffixes correspond to the whole-lineage peak 

(a) and single species peak for Leiocephalus raviceps (b). 
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