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Abstract 

Species’ responses to anthropogenic have been varied and complex. Some species and 

areas have flourished, whilst others have been reduced to a fraction of their previous 

extent or diversity levels. Are these responses idiosyncratic or are there generalizable 

patterns that we can extract in order to prevent further losses of biodiversity by 

prioritizing those species that require it most? I examine spatial and temporal responses 

of approximately 300 species of Canadian butterflies over the past century over a wide 

spatial and environmental gradient. I test whether species’ intrinsic biology as well as the 

magnitude and direction of both climate and land use change have dictated biological 

responses at 3 levels: species, community and phylogenetic. I find that range size 

emerges as the most important predictor of a species’ ability to track climate change at 

its’ northern range margin. It is also the most important predictor of a species’ ability to 

both colonize a new quadrat as well as their likelihood of being extirpated from another. 

Additionally, I find that climate change as well as land use change have played a 

significant role in shaping those community responses. Specifically, agricultural 

development and climate change have resulted in an overall decline in species richness 

and a concurrent phylogenetic overdispersion of community members. Meanwhile, 

agricultural abandonment has resulted in net gains in species richness, though the 

species that are added tend to be close relatives of those already present. Altogether, 

these responses have had a homogenizing effect on the geography of Canadian 

butterfly diversity, and the corresponding impact of these changes on abundance 

remains unknown. These results may help resolve the recent discrepancy between 

global and local diversity trends (no net change vs an extinction crisis). Although I found 

that species richness has, on average, slightly increased within a quadrat, this masks a 

variety of other more nuanced changes in community composition and phylogenetic 

structure. These results do not negate other widely-documented insect declines. Rather, 

they underscore the importance of studying multiple axes of biodiversity change in order 

to get a complete picture of responses. Finally, alternative strategies, such as 

phenological shifts, may offset the lack of observed range shifts in many Canadian 

butterfly species. The potential simultaneous retraction at Southern range margins, 

however, may further endanger these species. Future studies should focus on layering 

these responses on to what has already been found in order to get a complete picture 

how and why Canadian diversity has and will continue to change into the Anthropocene. 
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Preface: a tale of two butterflies 

Apodemia mormo (A) is a host-plant specialist that has been extirpated to 

approximately 2000 individuals (Southern Interior Invertebrates Recovery Team, 2008) 

due in large part to the widespread conversion of sagebrush habitat to agriculture and 

viticulture in the Okananagan-Similkameen valley (B).  

Erynnis baptisiae (C) is a host-plant generalist that is rapidly expanding its range 

as a result of adapting to the introduced crown vetch as a larval foodplant (Hall et al. 

2014). Crown vetch is used to stabilize banks along roadways (D).  

These two case studies highlight the main theme of my thesis, namely the wide 

variation in Canadian butterfly responses driven by intrinsic and extrinsic factors. One, a 

specialist, is experiencing habitat loss because of human activity (a so-called “loser”), 

while the other, a generalist, has gained habitat (a “winner”). In the words of Arne 

Mooers, “evolution is just the study of variation”; I would agree and go further: “ecology 

and evolution are both just the study of variation”. 

 
Apodemia mormo © Jayme Lewthwaite; B. Snow buckwheat in the Okanagan-Similkameen 
valley; © Jayme Lewthwaite; C. Erynnis baptisiae © NABA; D. Crown vetch on roadside © James 
H. Miller, USDA Forest Service. 
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Chapter 1.  
 
General Introduction 

The only thing that has remained constant in Earth’s history is change. The world 

has been in a constant flux of change since it first formed, and biodiversity has swelled 

and dwindled accordingly. 99% of the estimated 5 billion species that have ever existed 

have gone extinct (Jablonski, 2004), and estimates of the average ‘life expectancy’ of a 

species range from 0.5 million years up to 10 million years (Lawton and May 1995). 

Such relentless change has been the norm. However, many have argued that the 

contemporary change wrought by humans over the past few centuries has become a 

unique force in Earth’s history. It has homogenized environments across the planet, from 

the global decline in forest covers (Daskalova et al. 2020), to the expansion and 

intensification of agriculture (Raven and Warren 2021), to the urbanization of natural 

habitat (Knop et al. 2016). This has transformed a once heterogenous adaptive 

landscape into a relatively narrow set of ecosystems in which species can now distribute 

themselves. Though climate has changed in the past, the velocity and magnitude of 

contemporary climate change is unprecedented in Earth’s recorded history (Marcott et 

al. 2013). This may outpace any potential biological response on a species’ part (Hof et 

al. 2011). 

In response to these forces, species can, in theory, undergo any combination of 

the following 3 responses: (i) they can adapt in situ; (ii) they can respond ecologically (by 

shifting phenologies, range shifts etc.); or (iii) they can fail to respond, and risk perishing 

(Habary et al. 2017). There is mounting evidence for all of these responses, although the 

results have been far from straightforward or uniform. Why is there so much variation 

across species and space? 

Many factors (both intrinsic and extrinsic) may dictate which of the above 

strategies a species exhibits, and butterflies are a well-suited taxonomic group to 

examine their relative influences. They have rapid generation times, are sensitive to 

environmental change, and have been relatively well-documented by naturalists and 

entomologists. As a result, their responses to anthropogenic change are well-understood 

(Roy and Sparks 2000, Wilson et al., 2005, Parmesan, 2006). Indeed, each of the three 
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strategies listed above have been documented in butterflies (Warren et al., 2001; 

Diamond et al., 2011; Dongmo et al. 2021).  

1.1. Global threats to butterfly diversity 

At the extrinsic level, climate change and land use change have emerged as two 

of the main culprits of biodiversity change, and their effects have not been distributed 

evenly across geography (Newbold et al. 2020) nor taxonomy (Newbold et al. 2019). 

The effects of this change have been especially catastrophic on insects (Forister et al. 

2019). For example, Singapore has witnessed the extirpation of almost half of their 

native butterfly species over the past 160 years (Theng et al. 2020). Insects have been 

documented as one of the most at-risk groups (McKinney 2001) and simultaneously, 

among the least well-studied (Donaldson et al. 2016).  

Specifically, within climate change, droughts (Forister et al. 2018) and increasing 

variability in temperatures (Halsch et al. 2021) are perhaps some of the greatest threats 

to insects, though they must also contend with increased storm (Ries et al. 2018) and 

forest fire frequency and intensity (Koltz et al. 2018). Within land use change, agricultural 

intensification, deforestation, and urbanization are amongst the most serious threats, 

and the most immediate effect of each is habitat loss (see Chapter 5 for an in-depth 

discussion of this). Other threats that often accompany these changes include 

insecticide use, pollution, introduced species, and nitrification, and these can compound 

and interact with one another, resulting in their so-called “death by a thousand cuts” 

(Wagner et al. 2021). 

The reasons for insects’ increased risk are many and varied. As ectotherms, they 

are particularly vulnerable to a changing climate due to their poor ability to cope with 

temperature changes (Paaijmans et al. 2013). Additionally, the reliance of many groups 

on host plants often makes them vulnerable to land use change or disturbance (Weiner 

et al. 2014). A multi-stage life history (ex. egg, larva, pupa, adult) brings varied, and 

often complex requirements, and simultaneously exposes them to different and 

potentially compounding threats at each stage (Kingsolver et al. 2011). Their short adult 

lifespans (particularly in temperate species) leave a narrow window within which to 

complete what is often their only goal as an adult: mating. Any amount of disturbance 
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during this time that stems from ongoing climate change or land use change can foil their 

best efforts. 

There is also variation between insect species in terms of their intrinsic risk: 

species can range from diet generalists to specialists, and species may require 

specialized habitat to survive or range across a wide spatial or environmental expanse 

(Pöyry et al. 2009). These traits, along with others may influence how well a species can 

cope with the extrinsic threats enumerated above (see Chapters 2 and 3 for a discussion 

of this). 

In general, Lepidoptera are one of the best-studied groups within insects (a 

generally poorly-studied group) due to their charismatic nature. This is certainly true in 

Europe and particularly the UK, where butterfly responses to change have been well-

documented (Parmesan et al. 1999; Warren et al. 2001; Brooks et al. 2017). However, 

the responses within North American (and particularly Canadian) butterflies have been 

less well-documented (although see Kharouba et al. 2009, Breed et al. 2013, Titley et al. 

2017 and Crossley et al. 2021, among others). There are many case studies (ex. 

Kharouba et al. 2021, Wilson et al. 2021), but broad-scale studies are lacking. As such, 

much remains unknown, which affects our ability to effectively conserve them. 

1.2. Canadian butterfly diversity and responses 

There are approximately 300 species of butterflies in Canada. Species richness 

in Canadian butterflies tends to be clustered towards the southern border (Figure 1.1), 

where human density is also highest. The rise of citizen science (and particularly 

eButterfly) has been incredibly beneficial in monitoring butterfly trends (Soroye et al. 

2018). However, this has (at least, in part) contributed to a temporal bias in sampling 

that may complicate any measurements of biodiversity change through time (see Figure 

2.4 for a temporal distribution of Canadian butterfly records). As such, patterns of 

species richness in Canada must be interpreted cautiously as areas of high richness 

tend to be where humans (and therefore sampling intensity) is also highest (Figure 1.2). 

However, corrected versions of species richness that take into account uneven and 

incomplete sampling (both spatial and temporal) can help alleviate these issues (see 

Chapter 3 for further discussion). 
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Figure 1.1. Species richness of Canadian butterflies obtained from all 
observation records spanning 1900-2015.  

Grid cells are 100 km x 100 km. All quadrats, regardless of sampling intensity are included. 
Quadrats are coloured by raw (uncorrected) species richness estimates. Grey areas correspond 
to areas that have not been sampled. 
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Figure 1.2. Distribution of butterfly sampling records across Canada.  
A 100 km x 100 km grid system is overlaid. Orange points represent records from 1945-1975 (n = 
63363 records). Blue records span 1985-2015 (n = 338042 records) 

Across Canada, there has been fluctuations in within-quadrat and across-quadrat 

species richness, as a result of i) colonizations by invasive species (ex. European 

common blue, Polymommattus icarus; Kharouba et al. 2021) and ii) species 

experiencing range shifts as northern climatic thermal limits are lifted (ex. Bog Copper, 

Lycaena epixanthe; Kharouba et al. 2018) as well as in response to landscape 

modifications (ex. Wild Indigo Duskywing, Erynnis baptisiae; Hall et al. 2014). Species 

that were once only occasional visitors during their migration are now becoming more 

frequently observed in Canada (ex. Giant swallowtail, Papilio cresphontes; Wilson et al. 

2021), and may potentially begin producing an extra generation when they arrive (ex. 

Monarch, Danaus plexippus; Crewe et al. 2019) or even become residents (Maxim 

Larrivée, pers. communication). Though there have been no extinctions of any species 

within Canada, there have been national and provincial extirpations of many subspecies 
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(Eastern Persius Duskywing, Erynnis persius persius; COSEWIC 2021) and full species 

(Frosted Elfin, Callophrys irus; Karner Blue, Plebejus samuelis; COSEWIC 2021). 

Approximately 13 species and 6 subspecies are currently listed as At-Risk of extinction 

in Canada (COSEWIC 2021). 

This extinction risk may be non-randomly distributed with respect to evolutionary 

history and species traits, as found in other groups. Phylogenetic distance may be 

correlated with trait distance (Cadotte and Davies, 2010). And if some traits make 

species more vulnerable to anthropogenic change, any diversity change may be 

clustered on the phylogeny, resulting in a potential loss of unique and irreplaceable 

evolutionary history. 

In this thesis, I aim to examine spatial and temporal Canadian butterfly 

biodiversity trends through a variety of lens. In Chapters 2 and 3, I look at intrinsic 

drivers of change, firstly at the species level, and then at the community level. Chapter 2 

focuses on life history traits that predict species’ ability to keep pace with ongoing 

climate change. In Chapter 3, I once again use the same life history traits as in Chapter 

2, but this time to examine a species’ likelihood of colonizing or being extirpated from a 

quadrat, and how this is may be linked to biotic homogenization at the community level. 

In Chapter 5, I focus on extrinsic drivers of change, both at the species level and 

phylogenetic level. I examine whether a (lack of) change at the species level is 

potentially underlain by phylogenetic clustering or overdispersion of species within a 

quadrat. In order to do so, I build a complete and dated phylogeny of all Canadian 

butterflies (Chapter 4). I subsequently map that phylogenetic diversity back on to 

Canada. 

Canada is poised to inherit species as thermal barriers are lifted at poleward 

margins as a result of climate change. Understanding the factors that structure 

biodiversity and communities in the Anthropocene is crucial for ensuring their success, 

as well as protecting Canada’ current diversity. 

1.3. Contributions 

Each study in this thesis (including Chapters 2, 3, 4 and 5) was collaborative in 

nature and benefitted from the expertise and guidance of co-authors. In the case of 
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Chapters 2 and 3, these are now published manuscripts, As such, these chapters are 

written in the first-person plural. In both cases, I was responsible for writing the initial 

draft, collecting the data, running the analyses, and incorporating edits. Chapters 4 and 

5 are not yet published. Although they were also a joint effort between myself and 

colleagues referenced in the Acknowledgements, they are written in the first-person 

singular. This is to reflect that they have not yet been extensively edited by my co-

authors. The general introduction and conclusion are works of my own. 
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Chapter 2.  
 
Species-level responses to climate change: 
distributional shifts over the past century 

2.1. Abstract 

Climate change is causing rapid shifts in species’ range limits, leading to 

poleward expansions and range losses toward the equator. However, ‘climate debt’, the 

gap between climatically-available and realized range shifts under changing climates, 

can accumulate when species are unable to track shifting conditions sufficiently rapidly 

to keep pace with climate changes. Currently, we do not know the rate at which species 

will keep pace via dispersal to track their climate envelopes, yet understanding potential 

differences in climate debt is central to estimating how climate change will influence 

extinction risk. Here, we use historical observations of 155 butterfly species found in 

Canada to construct climate-based environmental niche models for each species and 

then compare projections with observed modern distributions to quantify climate debts. 

This approach suggests that high levels of climate debt are accumulating within the vast 

majority of these species. Such failure to track changing climates may arise from some 

combination of interspecific interactions such as particular food availability for 

specialists, abiotic barriers such as mountain ranges, or species’ intrinsic dispersal 

capacities. Our linear models relating climate debt to a variety of biological predictors 

suggest that the debts we documented are accumulating independently of dispersal 

ability, diet breadth, and phylogeny. A proxy for range size is the only significant pre-

dictor of climate debt, with species with narrower ranges accumulating more debt: this 

suggests that species with narrow ranges may be at risk from both a reduction of 

suitable habitat in their current range and the failure to colonize newly available habitat. 

Identifying the factors, whether intrinsic or imposed by local environmental conditions, 

that limit species’ capacities to colonize areas beyond their historical limits is vital to 

conservation planning.1 

 

1 A version of this chapter is published as: Lewthwaite, J. M. M., Angert, A. L., Kembel, S. W., 
Goring, S. J., Davies, T. J., Mooers, A. Ø., Sperling, F .A. H., Vamosi, S. M., Vamosi, J. C. & 
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2.2. Introduction 

Climate change has reduced the thermal barriers that previously limited species’ 

poleward and elevational range limits, and in response, their geographic ranges are 

expanding rapidly both upward in elevation and northward in latitude (Chen et al. 2011). 

However, recent studies have suggested that ‘climate debt’ can accumulate when 

species fail to track changing climatic conditions along the leading edge of their ranges 

(Devictor et al. 2012, Zhu et al. 2012, Kerr et al. 2015). If edges contract on the 

equatorward side along with poleward climate debt, then species ranges can shrink, cre-

ating immediate conservation concern (Kerr et al. 2015). Given that full occupancy of 

newly suitable habitat cannot be assumed, this observed failure to track complicates 

conservation planning using projected distributions. Thus, it is important to pinpoint the 

species that exhibit the greatest climate debts, and identify the attributes that 

characterise these species.  

Species may show differential sensitivities to climate change depending on their 

climatic niches (the range of temperature and precipitation conditions over which a 

species may persist, and which may limit geographic extent; Tingley et al. 2009) and will 

show variation in the amount of newly suitable climatic area available to them. Climate 

debt can be estimated using environmental niche modelling that quantifies the dis-

crepancy between climatically suitable habitat and occupied habitat (Hof et al. 2012). 

Climate debt may arise by a combination of species’ intrinsic dispersal limitations (Urban 

et al. 2012), extrinsic dispersal barriers (Feeley and Rehm 2012), or disruption of 

interspecific interactions (Schweiger et al. 2008). Previous work has shown that, for 

animals, traits such as small range sizes (Schwartz et al. 2006), a high degree of habitat 

specialization (Jiguet et al. 2007) and morphological traits associated with flight and 

reproduction, such as small wing aspect ratios (Hill et al. 2011) can negatively influence 

species’ dispersal capacity and cause lags in response to climate change. Species 

interactions might be especially important in modulating responses because successful 

climate tracking could require synchronous responses in two or more species, such as 

an insect and its host plant. For example, spatial or phenological mismatches might 

exacerbate lags in species’ responses to rapid climate change (Schweiger et al. 2008). 

 
Kerr, J. T. (2018). Canadian butterfly climate debt is significant and correlated with range size. 
Ecography, 41(12), 2005-2015. 
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Host specialists may be more susceptible to climate debt than host generalists (Fig. 2.1), 

yet the role of specialization is not yet characterized.  

 

Figure 2.1. Schematic representation of the traits measured in this study and 
their hypothesized effect on a species’ climate debt.  

Blue panels indicate trait values expected to increase climate debt and red panels represent 
values expected to decrease debt. (a) Species that feed on host plants with a higher phylogenetic 
distance between them are expected to be host plant generalists, enabling greater ecological 
opportunity to expand their range. (b) Species that span a larger distance geographically are 
hypothesized to be more plastic in their habitat selection or have greater dispersal ability, 
whereas geographically restricted species have specific habitat requirements or are poor 
dispersers. This will impede their ability to colonize novel habitats and reduce their ability to track 
climate change. (c) Environmental niche models are constructed using historical records and 
temperatures (Time 1) and projected to modern conditions (Time 2). Climate debt in this study is 
measured as the difference between predicted suitable habitat in Time 2 and the amount of this 
suitable habitat that is occupied by the species, adjusted for sampling effort. 

If certain traits can predict species’ ability to expand into newly suitable habitat 

following climate change, and such traits are phylogenetically conserved, then their 

(a) 

(b) 

(c) 
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responses to climate change (e.g. degree of climate debt) may depend on the extent of 

their shared evolutionary history. Furthermore, to the extent that closely related species 

are constrained in their trait range, then phylogenetic history may reflect functional (trait) 

diversity more widely (Webb et al. 2002, Cadotte et al. 2008, Srivastava et al. 2012). 

Where closely related species show convergent responses to climate change, the 

distribution of other traits (beyond those central to this analysis) that are also shared 

may shift in a similarly correlated manner, reducing functional diversity across the 

landscape (D’agata et al. 2014). Alternatively, range responses may be independent of 

traits or traits might be phenotypically plastic, such that there is little evolutionary signal 

in species responses, reflecting instead the interactions between a species and its local 

environment. If so, predicting how species will respond to global change could involve 

examining extrinsic barriers or responses of particular interaction partners (such as the 

response of a critical host plant). In either case, predicting responses will be 

considerably more complex.  

Butterflies are among the best-studied insect groups, and their response to 

anthropogenic change has been well-documented (Roy and Sparks 2000, Wilson et al. 

2005, Parmesan 2006). Rapid responses in this group to climate change and habitat 

loss have been observed, both via changes in spatial distribution (Warren et al. 2001) 

and phenology due to advances in dates of first appearance (Diamond et al. 2011). 

Canada (an area of over 9.9 × 106 km2) encompasses the northernmost edge of many 

species’ ranges, offering an opportunity to monitor and measure poleward range shifts in 

this group. Although poleward range shifts have been observed in many Canadian 

butterflies (Kharouba et al. 2009), the traits that facilitate these shifts as well as the 

extent of accumulating climate debt have yet to be quantified.  

Here we combine trait data and environmental niche modeling using historical 

records for a large number of Canadian butterfly species to identify correlates of climate 

debt in this group. In particular, we ask whether wingspan, mobility, a proxy of range size 

and measures of host plant specialization are associated with the degree of mismatch 

between new areas with suitable climate and new colonizations. Because many such 

traits show phylogenetic signal (Symonds and Blomberg 2014), we additionally explore 

phylogenetic structure in our data and statistical models. Additionally, as a phylogeny 

depicts accumulated evolutionary differences within an assemblage, it may account for 
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unmeasured but nonetheless important traits that may influence the accumulation of 

climate debt.  

By integrating predictive range modeling with phylogenetic and trait-based 

analyses, we ask, first, whether butterfly species in Canada have tracked their 

historically-measured climatic niches during rapid climate changes observed over recent 

decades. Second, we test whether trait-based measures of dispersal, host plant 

specialization and range size statistically predict accumulated climate debt. Finally, we 

test whether observed mismatches between current and expected geographical 

distributions reflect shared evolutionary history, a pattern that could disproportionately 

elevate extinction risk among some lineages. 

2.3. Methods 

We use an ensemble modeling framework to predict butterfly distributions in our 

study region, Canada (~9.9 × 106 km2), which includes gradients of human land use from 

high intensity agricultural and urban land uses to intact, natural areas across much of the 

country (Kerr and Cihlar 2003). Using historical (1900-1975) records of occurrence for 

193 species with climatic measurements contemporary to each observation, we 

calibrated and constructed environmental niche models (ENMs), describing climatic 

associations and the potential historical distribution of each species. We calculated each 

species’ historical niche occupancy as the ratio of truly occupied cells (using the 

historical observation records) compared to those predicted by the historical ENM, 

adjusted for sampling (see below). We then projected the cross-validated, consensus 

ENM for each species using contemporary (1985-2010) climatic conditions to model 

potential distributions given recent climatic change. To quantify the potential for recent 

range expansions, we calculated the difference between the historical and modern 

ranges predicted using ENM ensembles. Independent of modelled expectations, we 

estimated realized range expansions based on the proportion of newly suitable area in 

which each species has been recently observed (between 1985-2010) after accounting 

for spatial variation in sampling effort (see below). Models were also run backwards 

(calibrated on 1985-2010 records, projected to 1900-1975) to test if there was a 

sampling bias in either time period. We then tested whether differences among species 

in realized range expansions are related to life history and other traits. A more detailed 
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explanation of the construction of these ENMs can be found in the Supplementary 

Methods (Section 2.7.1). 

2.3.1. Records of occurrence 

We analyzed approximately 250000 georeferenced and temporally dated 

butterfly distribution records compiled from a variety of sources, including CBIF 

(Canadian Biodiversity Information Facility), the Toronto Entomological Association, e-

Butterfly.org (Larrivée et al. 2014), museum collections and many personal collections 

by lepidopterists, comprising 193 butterfly species. Records from across Canada were 

used to construct the Environmental Niche Models (discussed below). Only species with 

10 or more records were included in ENM constructions, although the large majority of 

species are vastly better collected than this.  

Distribution records were amended to follow the latest taxonomic treatment of 

North American butterflies (Pelham 2014). The geographical coordinates or 

identifications for a small proportion of observations were incorrect, placing species 

either in regions far beyond their plausible distributions within Canada (Layberry et al. 

1998, Brock and Kaufman 2006) or beyond terrestrial limits. After consulting with experts 

on Canadian butterflies (see Acknowledgements), these records were eliminated from 

further analysis. 

2.3.2. Estimation of climate debt 

To estimate a regional climate debt (within Canada), we used the species-

specific ENM of species’ forecasted modern distributions. We calculated the number of 

newly suitable grid cells (range gains) forecasted by the ENM in which the species had 

been documented in the 1985-2010 period. We divided this by the number of newly 

suitable grid cells that had been adequate sampled in that time period (specifically, that 

had at least 5 documented species records of any species in the projection period of 

1985-2010). 

Climate Debt (CD)=1-
Newly suitable cells in which species has been observed 

Newly suitable cells (adjusted for sampling)
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Values range from 0 to 1, where 1 indicates that a species did not track changing 

climatic conditions at all, and 0 represents perfect tracking and no climate debt. We also 

repeated this analysis by increasing the sampling cutoff to 10 documented species 

records in the projection period to test the sensitivity of the results to sampling (see Fig. 

2.6 for these results).  

In addition to testing if there was a sampling bias in either time period, running 

the models forwards and backwards enabled us to calculate climate debt in both 

temporal directions. Species occupy varying proportions of their climatic niche, so, a 

propensity to underfill their niches through time could mistakenly be attributed to climate 

debt and failure to track climate change. If niche-underfilling is a persistent characteristic 

for a species, then we expect forwards and backwards debt values to be similar. 

Conversely, if a species truly has failed to track climate change, then we expect forward 

climate debt scores to be higher, as climate change erodes realized niche occupancy. 

2.3.3. Goodness of fit measurements 

Goodness of fit for each ENM was measured using both area under the curve 

(AUC) and true skill statistic (TSS) using the presence.absence.accuracy function in the 

PresenceAbsence package (Freeman and Moisen 2008). AUC measures the area under 

the receiver-operator curve, and seeks to maximize the ratio of true positives to false 

positives (Hanley and McNeil 1983). Values range from 0 (no agreement between the 

model and observations) to 1 (total agreement) (Hanspach et al. 2010). TSS is similar, 

but less biased to prevalence (the proportion of presences compared to all grid cells) as 

it takes absences into account. It is calculated as the sum of sensitivity and specificity – 

1 (Allouche et al. 2006). Values range from –1 to 1, where higher values indicate better 

fit. 

2.3.4. Phylogeny of Canadian butterflies 

A phylogeny of 193 Canadian butterflies was drawn from a larger phylogenetic 

tree including all known Canadian species based on eight mitochondrial and protein-

coding nuclear genes, totalling 6716 nucleotides. The phylogeny was generated using 

MrBayes ver. 3.2.2 (Ronquist et al. 2012), and was run for 120 million generations with 

25% burn-in fraction. Species on the larger tree that were missing genetic data were 
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added post-hoc by using taxonomic constraints in the PASTIS workflow (Thomas et al. 

2013). All analyses were run across 1000 trees sampled from the posterior distribution of 

tree topologies as well as the consensus topology. A complete description of the 

methods used to generate the tree topologies can be found in the Supplementary 

Methods section 2.7.2. 

2.3.5. Trait data 

We tested the effect of mobility, wingspan, longitudinal extent, and a measure of 

host plant generalism on each species’ climate debt score (Fig. 2.1). Average wing span 

measurements were obtained from Layberry et al. (1998) and James and Nunnallee 

(2011). Mobility scores were obtained from Burke et al. (2011), and represent 

consensuses of expert opinion. These latter scores incorporate each species’ ability and 

tendency to reside in the same habitat or frequently move throughout the landscape, as 

well as their normal length of flight time. A list of the experts consulted can be found in 

Burke et al. (2011). Because many species straddle the Canada/USA border and our 

database is only for Canada, longitudinal extent was used as a substitute for range size, 

calculated as the maximum longitudinal distance (measured in kilometres) between 

observation records (Fig. 2.1). We also repeated all analyses with latitudinal extent as 

well as total Canadian extent (measured as the number of 10 × 10 km cells occupied by 

the species in both periods combined). 

Host plant associations were obtained primarily from field guides and relevant 

literature (Howe 1975, Morris 1980, Scott 1992, Layberry et al. 1998, Guppy and 

Shepard 2001, Cech and Tudor 2005, Wagner 2005, James and Nunnallee 2011, Hall et 

al. 2014), as well as from the butterflies and moths of North America database (Opler 

and Wright 1999). These measurements were collapsed to the level of plant genera 

because of uncertainty in the host plant associations. Host plant generalism is commonly 

calculated as the raw number of host plants that a phytophagous insect consumes (Dyer 

et al. 2007) or this is converted into a categorical variable (Pöyry et al. 2009). However, 

because related plant species have similar chemistry (Ehrlich and Raven 1964), we 

used a metric of host breadth that incorporates taxonomic distance between host plants, 

where species that consumed two or more host plants that were very distantly related 

had a higher generalism score than a species that consumes two closely-related plants. 
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Host plant generalism was thus calculated as the sum of host plants consumed by each 

butterfly species using the following formula: 

Generalism = no. of plant orders + (no. of plant families-1) + (no. of plant genera-1) 

For some species, host plant associations are documented only at the level of 

plant families that were consumed and we lacked information on the number of plant 

genera consumed within a family. For these species, we used a conservative estimate 

that the butterfly species consumes 10% of plant genera within the indicated family. We 

repeated this analysis using a recent plant phylogeny (Harris and Davies 2016) complete 

at the family level, where generalism was measured as the maximum patristic distance 

(MPD) between host plant families. The final results were consistent across both 

metrics.  

2.3.6. Trait analyses 

All trait analyses were conducted in R ver. 3.2.2 (R Core Team). We tested for 

phylogenetic signal in all traits and the response variable using the R package picante 

(Kembel et al. 2010), which calculates a K statistic that compares the observed phy-

logenetic signal in a trait to what would be expected under a Brownian motion model of 

evolution (Blomberg et al. 2003). Higher values of K indicate greater phylogenetic signal, 

i.e. the tendency for more closely related species to share more similar trait values than 

distantly related species. Statistical significance is tested with permutation tests, which 

compare observed K-values to a null distribution generated by randomly shuffling trait 

values on the phylogeny.  

We evaluated the relationship between climate debt and the different explanatory 

variables using phylogenetic generalized least squares regression (PGLS) as 

implemented in the packages APE (Paradis et al. 2004) and Caper (Orme et al. 2013) to 

correct for the potential confounding influence of phylogenetic non-independence in our 

data. The mean lambda value for each trait was calculated from the distribution of 1000 

phylogenies. The PGLS was also conducted across the 1000 tree topologies assuming 

the maximum likelihood estimate of Pagel’s λ parameter (Pagel 1999), which effectively 

scales branch lengths to best control for phylogenetic signal in the data. PGLS assumes 

that the residual error in the regression model is normally distributed, with variances and 
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covariances proportional to the branch length (in the phylogeny) between each pair of 

species in the analysis (Felsenstein 1973). Violation of this assumption has been linked 

to poor statistical performance and specifically poor parameter estimation (Revell 2010). 

To account for non-normality in model residuals as well as zero-inflation in the 

response variable, the comparative analysis was repeated in a Bayesian framework 

using the R package MCMCglmm (Hadfield 2010). Uninformative priors were specified, 

as advocated by Hadfield (2010). We used an inverse Wishart distribution on the 

random effects and residuals and a Cauchy parameter expansion, with variance, V, set 

to 1 and nu = 0.002. Because our response is a proportion and zero-inflated, we re-

coded it as a binary variable with species that did not move at all into their forecasted 

new range coded as ‘0’, indicating complete climate debt, and species showing some 

tracking coded as ‘1’. To evaluate sensitivity of this threshold, we additionally varied the 

cut-off between classes (i.e. responses less than 0.999 were classified at ‘0’ for 

movement, etc.). We then modelled both the binomial response as well as the non-zero 

responses (i.e. species which showed some tracking) in separate analyses. The con-

sensus phylogeny was included as a random effect in both models. We used the R 

package coda (Plummer et al. 2006) to assess convergence and, specifically, the 

Raftery and Lewis diagnostic to evaluate whether the number of iterations, thinning, and 

burn-in fraction specified were adequate to satisfy our specified conditions (quantile = 

0.025, accuracy = 0.005, probability = 0.95). Convergence in model chains was deter-

mined using the Gelman–Rubin statistic (Gelman and Rubin 1992), which measures the 

potential scale reduction factor (PSR). All models should have a PSR below 1.1. 

2.4. Results 

2.4.1. Environmental niche model performance and climate debt 

In total, 155 of 193 species in the total dataset had sufficient numbers of 

observations to model their distribution, with counts of between 23 and 3064 historical 

observations per species distributed across Canada and 7 and 10354 modern 

observations. We did not find a strong relationship between model fit and number of 

records (Table 2.4). 
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Average AUC and TSS scores decreased significantly from the historical 

calibration data (AUC = 0.95, TSS = 0.81) to the contemporary prediction data (AUC = 

0.84, TSS = 0.63), with a mean difference between the time periods of 0.11 for AUC 

(paired t-test, p < 0.001, df = 154, t = 16.24) and 0.18 for TSS (p < 0.001, df = 154, t = 

14.99). However, AUC and TSS values for most species remained well above 0.5, 

indicating that the calibration models perform better than chance at predicting current 

distributions.  

Climate debt among Canadian butterflies ranged from 0.185 to 1 with a 

remarkably high mean of 0.873 (Fig. 2.2a as well as Fig. 2.6 for a stricter sampling 

threshold). These high values indicate that most cells with forecasted gain since the 

historical time window have no observed presence in the modern time window. The 

distribution of these debts is skewed toward 1 but do not fit either an exponential or 

gamma distribution (Kolmogrov–Smirnov tests, p < 0.001), supporting our use of a 

binomial response approach for the GLMM. Climate debt does not show significant 

phylogenetic signal (K = 0.09, p = 0.283), with all families showing similar average 

levels.  

For each species’ individual ENM, there was a high correlation between 

goodness of fit (AUC) in Time 1 and Time 2 (Fig 2.8; Pearson’s r = 0.634, df = 153, 

Bonferroni p < 0.001), indicating that some species may be more suitable to model than 

others. There are more records in the second time period (1985-2010) and this could 

have potentially affected the outcomes of the ENMs. However, modeling forwards (past 

climate to current distributions) and backwards (current climate to past distributions) 

yielded similar relationships for goodness of fit (AUC) between the two times periods, 

indicating that that the sampling pattern in each time period did not influence the results 

(Fig. 2.8). Goodness of fit in the forward model and the magnitude of a species’ climate 

debt were weakly correlated (Fig. 2.2b; Pearson’s r = 0.29, df = 146, Bonferroni p < 

0.05). The relationship between goodness of fit and climate debt appeared as though 

there might be a mid-domain peak, which indicated that a linear model would fit poorly. 

Thus, we fit a LOESS curve (span = 0.75, degree = 2) to the data (Fig. 2.9). The R2 

improved from 0.07 to 0.17, but the residual SE remained similar (0.17 to 0.16). We 

compared forwards-projected climate debt to backwards-projected climate debt (Fig. 2.7) 

to examine both sampling biases as well as niche-filling. Although they are significantly 

correlated (p < 0.01), the R2 is low (0.255). Finally, species predicted to experience 
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larger gains in suitable habitat in the second time period were better able to track shifting 

climatic conditions (Fig. 2.3; Pearson’s r = 0.30, df = 153, p < 0.001) and accumulated 

smaller climate debts. A linear regression between predicted range gains and 

longitudinal extent yielded a small, but significant positive relationship (Pearson’s r = 

0.005, df = 14, p < 0.001), suggesting that wide-ranged species will accumulate more 

climatically-suitable area than species with small geographical ranges  

 

Figure 2.2. (a) Distribution of climate debt scores across all of Canada’s 
butterfly species; (b) Goodness of fit (measured as Area Under the 
Curve) for each environmental niche model in Time 2 vs. each 
species’ climate debt score. 

The climate debt metric is calculated as 1 - the fraction of grid cells occupied in Time 2 by each 
species over the number of grid cells predicted to become suitable for a species in Time 2 using 
species-specific ENMs. Only cells that recorded > 5 observations in Time 2 were included in the 
count of projected suitable grid cells. Coloured by family (n=149 for both plots). 



20 

 

Figure 2.3. Distribution of predicted and observed range gains in number of 
grid cells in Time 2 using each species individual ensemble ENM 
(n=155). Points are coloured by family. 

2.4.2. Trait-based analyses 

Wingspan and mobility were the only measured traits that showed phylogenetic 

signal (p = 0.026 and p = 0.075 respectively, after correction for false discovery rate). 

However, the only trait that had any effect on our response variable was longitudinal 

extent (Table 2.1), which we consider here as a proxy for range size. Both the PGLS and 

GLMM analyses found that species with larger longitudinal extents were better able to 

respond to climate change and accumulated smaller climate debts (Table 2.1). In the 

PGLS model, the slope of the relationship between longitudinal extent and climate debt 

is –0.004 (SE = 0.0005, df = 139, p < 0.01). The binomial MCMCglmm analysis yielded 

an estimate of 3.747 (CI 1.823–5.549, p < 0.01) for the log odds ratio, again revealing 

that species with larger extents had higher odds of moving into novel areas. Both 

methods control for the effect of phylogenetic relatedness among species but 
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MCMCglmm methods can yield more reliable estimates for non-Gaussian distributions in 

error structures (Hadfield 2010). Results were consistent at each sampling cut-off (5 or 

10 species records per grid cell in the contemporary period; see Methods). We replaced 

longitudinal extent with both latitudinal extent and, separately, with total Canadian 

extent; the results were consistent across all three metrics of range size (Tables 2.5 and 

2.6). We modelled our response in two ways: first, by using the binomial response 

(Table 2.1) and second, by modelling the non-zero responses separately (see Table 2.3 

for model output). Both methods yielded identical conclusions, with longitudinal extent as 

the only significant predictor of climate debt. Because we were interested in whether 

sampling affected our results, we reran the analyses with two measures of sampling 

effort included (Table 2.3). When the number of records from each time period was 

included in these models, longitudinal extent remained a highly significant predictor of 

climate debt (p < 0.001). Finally, we tested whether the ratio of each species’ historical 

niche occupancy predicted the degree to which they accumulated climate debt. We 

inserted this ratio into the PGLS and GLMM analyses; longitudinal extent remains a 

significant predictor even after accounting for historic occupancy scores (Table 2.7). 

Table 2.1. Relationship between species’ traits (average wing span, mobility 
score, host plant generalism index, and longitudinal extent) and 
their climate debt score (n = 144).  

 Phylo. Signal PGLS 
(branch lengths scaled) 

GLMM 
(binomial response variable) 

Trait k p Slope SE p λ Est. lower CI upper CI p 

 

Wingspan 0.931 0.026* -0.010 0.015 0.504 0.953 21.219 -23.851 70.579 0.342 

Mobility 0.311 0.075 -0.011 0.016 0.503 0.784 -17.619 -65.151 28.249 0.446 

Generalism 
Index 

0.092 0.992 -0.004 0.004 0.337 0.210 -2.527 -13.759 8.469 0.638 

Long. 
Extent 

0.087    0.992 -0.004 0.0005 <0.01* 0.037 3.737 1.823 5.549 <0.01* 

K statistics were calculated for each trait, and represent the degree of phylogenetic signal present, with p values after 
Bonferroni correction. PGLS results are scaled to a non-fixed optimal branch length transformation. GLMM results 
represent the estimate from 5 000 000 iterations with 10000 burn-in and thinning interval of 500). Lower CI = lower 
95% confidence interval of the estimate. Upper CI = upper 95% confidence interval of the estimate. 

2.5. Discussion 

Global responses to climate change have varied widely among species 

(Parmesan 2006). There is well-documented evidence that phenology is shifting in many 
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groups such as insects (Buckley and Kingsolver 2012), plants (Anderson et al. 2012) 

and birds (Møller et al. 2010) to reflect changing climates. Although there is mounting 

evidence that many taxa are shifting poleward and upward in altitude in response to 

modern-day climate change (Parmesan et al. 1999, Chen et al. 2011), concern is 

growing around the wide variation in the rate at which these groups have accumulated 

climate debts (Devictor et al. 2012, Kerr et al. 2015). Historically, however, there is 

documentation that some groups (such as some groups of beetles) that have tracked 

shifting climatic conditions through the Quaternary (Coope and Wilkins 1994, Ashworth 

2001), often more successfully than their mammalian counterparts (Elias 2015). This 

discrepancy between historical and contemporary tracking of shifting climatic conditions 

suggests that extinction risks due to recent climate changes may be more significant. 

The unprecedented rate of projected warming combined with contemporary land use 

change could hinder species’ abilities to sufficiently respond to a changing climate 

(Davis and Shaw 2001).  

Our results show that high levels of climate debt are accumulating in many of 

Canada’s butterflies as species fail to expand their ranges with changing climate. 

Although we could not assess concurrent range losses at southern edges, parallel 

patterns in bees suggest species with large climate debts have heightened risk of local 

extinction (Kerr et al. 2015) and, because range size is one of the strongest predictors of 

extinction risk in many taxa (Vamosi and Vamosi 2012), any reductions in range due to 

contraction at the southern edge would likely decrease a species’ capability to persist in 

the face of rapid anthropogenic change.  

Several traits (e.g. dispersal ability, degree of diet specialization, and range size) 

have been linked with species’ capacities to respond to climate change (Habel et al. 

2016). However, the only trait we measured with a significant association with a species’ 

climate debt was the longitudinal extent of its geographical range: species with larger 

extents experienced lower climate debts. Although the degree of correlation between 

overall range size and longitudinal extent depends on both the shape and orientation of 

the range, we expect that the two variables capture much of the same information, 

including the amount of environmental variation as well as a species’ habitat breadth and 

its ability to successfully cross dispersal barriers and colonize novel habitats. Indeed, 

other metrics of range size yielded similar conclusions. Although there is wide variation 

in wingspan between butterfly families and high phylogenetic signal in this trait, this 
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measure of dispersal had no explanatory power, and climate debt seems to be accumu-

lating in all families at similar rates. We note, however, that existing measures of 

dispersal ability and hostplant specialization are imprecise, and refinements to those 

measurements might alter our conclusions that such traits do not relate to climate debt 

among these butterfly species.  

ENMs constructed here perform well for some species and less well for others: 

model fit is highest in species with intermediate levels of climate debt. This is potentially 

concerning because it suggests that we observe large climate debts in some instances 

when the model fit is relatively poor but also when model fit is high – possibly due to 

overfitting of the calibration data or poor model extrapolation capability. Additionally, 

species with low historic occupancy scores (climate niche ‘underfillers’) are also those 

with higher climate debts. To avoid the possibility that larger-ranged species simply yield 

better ENMs (making it superficially appear as though they are better trackers), we 

included niche occupancy scores into our models. However, our finding that climate 

tracking is correlated with range size remains robust.  

Because climate-based ENMs are necessarily correlative, many authors have 

advocated the use of more mechanistic models that derive their parameters 

independently of a species’ current distribution (Kearney and Porter 2009, Buckley et al. 

2010). Incorporating information on species’ physiology (Hijmans and Graham 2006) or 

mechanistic interactions between dispersal and population growth, respectively, with 

geographical range shifts (Leroux et al. 2013) could help improve ENM predictions for 

some species in our study, but, such data exist for few species. Because our primary 

goal was to evaluate how well species tracked their climatic niche, we believe our use of 

climate-based ENMs was appropriate. Nonetheless, it may be interesting to include 

additional information on species attributes when such data become available. 

Most species exhibited a drop in model fit from the calibrated distribution (Time 1; 

1900–1975) to the predicted distribution (Time 2; 1985–2010). Environmental niche 

models use environmental conditions at a locality to estimate species’ tolerances, with 

the goal of making predictions about future suitability in those and other locations 

(Guisan and Thuiller 2005). The emergence of no-analog climate conditions (climatic 

conditions that were not recorded when constructing the model) presents a challenge in 

niche modeling because the model is extrapolating beyond its original calibrations 
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(Fitzpatrick and Hargrove 2009). We examined our climatic variables for no-analog 

conditions (see Supplementary Methods section 2.7.1 for a description of methods), 

particularly for changes in covariance among variables between time periods (i.e. novel 

correlation structure amongst predictor variables in Time 2). We found an increase in 

winter warming, especially in the north, and increasing precipitation, particularly on the 

west coast. Spatially, this makes extrapolation on the west coast of Vancouver Island 

and other spots along the central and northern coast prone to error and could account 

for the drop in model fit in some areas. However, the magnitude of the drop in model fit 

was independent of species’ climate debt scores. Additionally, no-analog conditions 

would likely cause underestimation (rather than overestimation) of species’ climate 

debts; because they were not incorporated into the calibration model, model projections 

would assess such novel climatic combinations as unsuitable.  

Another potential limitation of ENMs is that they ignore species’ potential 

adaptive capacities (Wiens et al. 2009). Examples of species undergoing rapid 

evolutionary change (especially those with short generation times, such as insects and 

annual plants; Franks et al. 2007) or with phenotypic plasticity (Anderson et al. 2012, 

Cleland et al. 2012) during climate change are becoming more common. It is possible 

that instead of responding spatially to climate change, Canada’s butterflies are 

responding by adjusting their phenology to new climates, as suggested for insects 

elsewhere (Both et al. 2009, Ovaskainen et al. 2013). Future analyses could explore this 

potential trade-off between spatial shifts and phenological adjustments (see Chapter 6 

for further discussion).  

The availability of microclimatic refugia was not included in our models but their 

presence can moderate species responses to macroclimatic warming by enabling them 

to survive unsuitable regional climates (De Frenne et al. 2013; Suggitt et al. 2018) and 

may explain why some species appear to lag behind current rates of climate change 

(Zellweger et al. 2020). It is unclear whether the lack of accounting for microclimates 

would generate systematic biases in our ENMs, but it may be possible that our models 

might simply be inaccurate for many species. It is important to note, however, that there 

is evidence that changes in macroclimate are positively correlated with change in 

microclimate (Zellweger et al. 2020). Therefore, although our ENMs were built using 

macroclimatic data, our forecasts should still be mostly accurate as areas that have 

warmed at the macroclimatic scale have also likely warmed at the microclimatic scale. It 
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is also important to consider that it is not just the amount of microclimate refugia in an 

area that is important – it is also the heterogeneity in these microclimates (Suggitt et al. 

2018) as this heterogeneity can support more potential refugia for a wider variety of 

species. Interestingly, heterogeneity in rates of large-scale warming is also associated 

with heterogeneity in microclimates (due to topographical variation, etc.; Maclean et al. 

2017), and thus areas that are warming the fastest may also be those with the most 

variation in available microrefugia. This leads to an interesting prediction: we would 

expect species to be tracking less in a) areas of high topographical variation, or b) areas 

with a high degree of uncoupling between micro- and macroclimate. 

We took a number of steps to ensure that our estimates of climate debts reflect 

true responses rather than model artefacts. First, only grid cells that had been 

adequately sampled in the projection period were included in our calculation of climate 

debt. Second, a weak correlation between model fit (Time 2) and levels of climate debt 

indicates that poor model performance does not explain increased levels of climate debt. 

Finally, we explored sensitivity of our results to unequal sampling between time periods 

by calibrating the model on observations from either time period (1900–1975 vs 1985–

2010) and then projecting them both forward (when 1900–1975) or backward (when 

1985-2010). Regardless of the set of observations used, the observed climate debt 

measurements were similar (Fig. 2.4 and 2.7). The similarity between forwards and 

backwards debt could indicate that species may have varying propensities to underfill 

their potential climatic ranges (which is supported by the variation in the historical niche 

occupancies between species). If this observation is characteristic of particular species, 

it should be consistent in comparison of forecasted and hindcasted models. If at least 

some of the climatic underfilling we see today has been induced by climate change or 

land use change, then forecasted climate debts should be greater than backward (or 

hindcasted) debts. Instead, many species show the opposite pattern. This could indicate 

that different portions of climatic space are systematically unrepresented in different time 

periods, which would warrant further investigation when the full ranges of each of these 

species can be modelled. 

A common challenge for all species in our study is the large number of dispersal 

barriers presented by the complex landscapes of Canada. High levels of topographic 

variation can result in steep elevational gradients in temperature and precipitation (La 

Sorte et al. 2014), making it difficult for a species to traverse topographic barriers and 
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may restrict movement between habitats. Fragmented landscapes have also been 

shown to reduce a species’ ability to track climate change, regardless of their dispersal 

ability (Meier et al. 2012). Both elevation and fragmentation barriers are found at a 

landscape level in western Canada’s extensive mountain range and human-dominated 

valleys. Meanwhile, ‘corridors’ between suitable habitats can reduce species’ climate 

debts (Hodgson et al. 2012) and are emerging as important conservation tools (Robillard 

et al. 2015). If the geography of this region presents particular barriers to dispersal, this 

might explain large climate debts that we observe. It is important, therefore, that future 

analyses look beyond intrinsic, species-level differences and also consider the more 

complex predictors of landscape structure (such as dispersal barriers or habitat 

connectivity; see Chapter 6 for further discussion). Such abiotic constraints might 

additionally explain the apparent lack of phylogenetic structure in our estimates of 

climate debt. 

Separately and/or simultaneously, the failure to colonize at the northern extent 

could be exacerbated by reduced numbers in more southern populations (which should 

be serving as colonists moving north). Rear-edge populations may be at increased 

threat of global change, particularly in Canada as they coincide with larger human 

footprints (Hirsh-Pearson et al. 2022), and so these populations may have already lost 

much of their historical habitat. Other studies have found that climate change drives the 

extinction of rear-edge populations (Lesica and McCune, 2004; Wilson et al. 2005), often 

because these populations tend to be small, isolated, genetically depauperate and the 

exposure to additional environmental stress can lead to population declines (Thuiller et 

al. 2008). Meanwhile, at the front edge of the range, maximum temperature has also 

been shown to be the climatic variable most linked to local extinctions in insects 

(Román-Palacios and Wiens, 2020) either via direct mechanisms (ex. increased daytime 

heat stress, or increased precipitation during crucial overwintering stages) or indirectly 

(ex. by negatively affecting their host plant(s); Halsch et al. 2021). This potential loss of 

climate specialists in plots and the lack of replacement by other species (who are 

lagging behind climate change) in newly climatically-suitable areas may be responsible 

for the observed trend of large species richness declines in plots that are warming the 

fastest. 

In conclusion, our results show a highly significant relationship between a 

species’ longitudinal extent and their climate debt; we suggest that this may be attributed 
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to either a greater opportunity to disperse to new habitat for species with larger range 

size or reflect that species with large range sizes are intrinsically better dispersers 

(Böhning-Gaese et al. 2006) or possess greater niche breadths (Slatyer et al. 2013). The 

most range-restricted species may face the greatest climate change-related risks and 

also be least capable of responding to them. Such dynamics are likely to contribute to 

biotic homogenization across regions and to reductions in regional diversity (Cadotte 

2006) relative to historical baselines. We suggest that total range size be tested as an 

explicit predictor of climate debt in this and other groups. If this link is observed 

elsewhere and for other taxa, additional efforts to focus conservation interventions on 

range-restricted and endemic species would be justifiable. 
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2.7. Supplementary Methods 

2.7.1. Parameterization of Environmental Niche Models 

Climatic variables 

High-resolution (10 km) temperature and precipitation data were obtained 

through the Canadian Forestry Service (McKenney et al. 2011) for use in the models. 

Bioclimatic variables were developed by using the ANUSPLIN algorithm on the complete 

collection of meteorological data for Canada from 1901-2010 (see McKenney et al. 

2011). We chose five physiologically relevant climatic variables for input into our ENMs: 

temperature seasonality (ts), temperature of the warmest month (tw), temperature of the 

coldest month (tc), and precipitation of the driest and wettest quarters (pw, pd). These 

variables were selected because each has empirically supportable, mechanistic links to 

butterfly physiology and could plausibly limit species’ distributions. (Kukal et al. 1991, 

Crozier 2004, Deutsch et al. 2008). We extracted values of each of the five climatic 

variables for every presence and pseudo-absence record. For presence records, we 

extracted climatic values from the year of observation. Climate data for pseudoabsences 

was generated from the spatial location of the pseudoabsence point by sampling with 

replacement from the years of historical observations for the species of interest.  

Individual Environmental Niche Models 

No single ENM is unilaterally better than all others (Elith et al. 2006), and 

individual model types respond to input data conditions, and underlying data complexity, 

in different ways, meaning ensemble frameworks are generally recommended (Buisson 

et al. 2010). 

We used five models that relate species presence and pseudoabsence to 

climatic data: Generalized Linear Models (GLM: function glm, stats package: R Core 

Team 2015), Generalized Additive Models (GAM: function gam, package mgcv: Wood 

2011), Random Forest (RF: function randomForest, package randomForest: Liaw and 

Wiener 2002), Boosted Regression Trees (BRT: function gbm.step, package dismo: 

Hijmans et al. 2014; package gbm: Ridgeway 2013), and Maxent (MAX: function 

maxent, package dismo: Hijmans et al. 2014). These approaches are commonly used in 

the ecological literature and represent mature analytic techniques for modeling species 
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distributions. We analyzed each method independently and then produce an ensemble 

model. All models are implemented in R v. 3.2.2 (R Core Team 2015). Below we 

describe how we calibrated each model.  

1.  Generalized Linear Models are special extensions of least squares models. Here we 

model presence or absence with a binomial model using untransformed ts, a second 

order polynomial for both tw and tc, (assuming a unimodal distribution of suitability along 

a temperature gradient for individual taxa) and a linear, natural-log relationship to 

precipitation of both the wettest and driest month (pw, pd, respectively). These model 

parameters do not include any interaction effects due to limited sample sizes for some 

taxa. 

2.  Generalized Additive Models are a special case of GLM, in which splines are fit to the 

predictive variables. Because the model is non-parametric we did not transform the data 

prior to model construction as we did for the GLM. Here we used the mgcv package 

(Wood 2011) to fit a binomial model that uses a spline fit to each climatic variable 

individually. We recognize that it is likely that climatic variables will covary, but the 

natural history datasets available for individual butterfly taxa are not consistently large, 

and a large joint spline (up to 5 degrees, with 5 smoothers applied to the data) may 

result in significant overfitting. 

3.  Random Forest prediction (Breiman 2001) is an ensemble learning method that has 

found increased use in species distribution modeling (e.g., Prasad et al. 2006). The 

method generates a 'forest' of regression trees by selecting both a bootstrap sample 

from the training set (approximately 86 000 records) and from the predictive variables, 

allowing the method to avoid strongly correlated predictive responses within the forest. 

Two of the most important parameters in Random Forest models are mtry (number of 

variables randomly sampled as candidates at each split) and ntrees (number of trees to 

grow) (Elith and Graham 2009). We tested the effect of varying these parameters on the 

overall model, specifically the goodness of fit (measured as Area Under the Curve, AUC) 

and error rate (see Table 2.2 below) across 3 randomly-chosen species. Error rate was 

measured as Out-of-Bag error, or the false classification of a subset of data (which is not 

used to build the model) between 0 and 1 when testing the model. We found that the 

overall results were relatively robust to changes in these settings, although increasing 

the total number of trees to 1000 (instead of the default of 500) made small 
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improvements in error rates and model fit. Therefore, we decided to specify 1000 trees 

in the final models and used default settings for the remainder of the parameters. 

Table 2.2. Random Forest model results for 3 species across a variety of 
model parameters. 

 Model 1 Model 2 Model 3 Model 4 

mtry 2 2 1 3 

ntrees 500 1000 1000 1000 

Species 1     

OOB1 Error Overall 0.058 0.056 0.054 0.055 

OOB Error Class 1 0.035 0.036 0.032 0.031 

OOB Error Class 2 0.155 0.145 0.152 0.157 

AUC 0.972 0.975 0.975 0.970 

Species 2     

OOB Error Overall 0.073 0.057 0.060 0.054 

OOB Error Class 1 0.042 0.037 0.037 0.034 

OOB Error Class 2 0.202 0.135 0.153 0.133 

AUC 0.970 0.974 0.971 0.975 

Species 3     

OOB Error Overall 0.078 0.044 0.042 0.043 

OOB Error Class 1 0.046 0.024 0.020 0.023 

OOB Error Class 2 0.208 0.140 0.147 0.138 

AUC 0.971 0.969 0.970 0.968 

1OOB signifies Out-Of-Bag estimates from R. 

4.  Boosted Regression Trees combine classification trees with machine learning 

(“boosting”: De’ath 2007, Elith et al. 2008). Using the packages gbm and the gbm.step 

function in dismo, we tested a range of learning rates and tree complexities on a random 

subset of taxa and selected those that best balanced explanatory power (minimizing 

residual deviance) with parsimony (using the fewest trees). Learning rate determines the 

weight applied by or contribution of each classification tree to the model and step size 

determines the number of trees to add at each cycle (Elith et al. 2008). Tree complexity 

specifies whether interactions are included in the model, and to what degree (i.e. an 

additive model, or a model with two-way interactions, etc). Final settings for all taxa were 

learning rate = 0.01, tree complexity = 3 (a model with up to three-way interactions), and 

step size = 20. 

5.  Maxent is a machine learning approach for environmental niche modeling that 

estimates the potential distribution of a species across a set of predictor variables 
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(“features”) by using the predictors to set constraints on the probability of occurrence. 

Maximum entropy then selects from all potential probability distributions by first 

assuming all probability is uniform across the entire range, and only reduces this uniform 

distribution when forced by the constraints (Phillips et al. 2004). Using the ENMeval 

package in R (Muscarella et al. 2014), we evaluated the effect of a range of feature class 

settings and regularization multipliers on the model outcome.  We found the default 

settings for these two parameters within R gave us similar AUC scores as compared to 

the optimal model selected in the ENMeval package, and low omission rates. Therefore, 

we implemented Maxent using the default settings, including all possible feature classes 

for continuous variables (linear, product, quadratic, hinge, and threshold). 

Pseudoabsences 

Most ENMs require absence data or some analog (i.e. pseudo-absences, also 

called background samples). Random selection of pseudoabsences has been found to 

yield the most reliable ENMs (Barbet-Massin et al. 2012), however as the majority of our 

data comes from citizen science efforts and non-systematic sampling of regions, there 

are many areas within a species potential range that are not reliably sampled.  To 

ensure that pseudoabsences were drawn solely from well-sampled areas that a species 

was never recorded in, we generated pseudo-absence samples by randomly selecting 

locations within the study region from within ring-shaped buffers surrounding records of 

occurrence. To sample pseudo-absences from areas to which the species may 

reasonably be assumed to have had the opportunity to disperse, the radius of the outer 

ring is 50 km. To avoid selecting pseudo-absences from areas that are climatically 

indistinguishable from presences, the radius of the inner ring is 5 km. We sampled four 

pseudo-absence points for every observation. 

Ensemble calculations  

Ensemble models are widely used in environmental niche models and generally 

improve individual predictive models (Araújo & New, 2007). The theory of ensemble 

modeling argues that each individual model provides some independent information 

about the relationship between the response variables (in this case presence or pseudo-

absence) and the independent variables that are used to model distribution. However, 

ensemble models may show high average AUC scores for a species at a time point, 

(although much lower fit when projected across time), indicating the possibility of 
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overfitting (Crimmins et al. 2013). To ensure that overfitting is not the cause of our 

estimates of climate debt we calibrated our models using either historical records or 

modern records and compared goodness of fit results between the two.  

To convert continuous predictions into binary votes, we used the threshold that 

maximizes the sum of sensitivity (true presences/all observed presences) and specificity 

(true absences/all observed absences) (Liu et al. 2013) using the package 

PresenceAbsence (Freeman and Moisen 2008). We applied this unique threshold to 

each model’s projection. All vote maps were then stacked, and we took an unweighted 

average of each of the vote maps (where each model had equal probability) to generate 

the ensemble prediction (Araújo and New 2007). 

No-Analog Conditions 

The potential emergence of no-analog climatic conditions may mean that our 

models are forced to extrapolate beyond their original calibrations. Multivariate 

Environmental Similarity Surface (MESS; Elith et al. 2010) is a popular tool to investigate 

this issue, as it can differentiate levels of dissimilarity when the projections are occurring 

outside the range of the calibration data. However, we are also interested in correlation 

amongst our predictor variables. Thus, we visually inspected no-analog conditions using 

the ExDet Tool v1.0 (Mesgaran et al. 2014), which is able to detect multivariate 

correlation using the Mahalanobis distance between the calibration data and the 

projection domains. This distance metric scales from zero to positive infinity, where 

values greater than one represent significantly novel climates. Importantly, this approach 

can distinguish novel conditions (dissimilar points) even when they remain within the 

range of each of the univariate climatic variables.  

2.7.2. Butterfly Phylogeny Reconstruction 

We constructed our butterfly tree in three steps: we first constructed a molecular 

tree for 246 butterfly species (primarily from North America). We subsequently added in 

95 Canadian species using the methods outlined in Thomas et al. (2013) to produce a 

complete dated tree of all Canadian species. We subsequently trimmed this tree to the 

193 species of butterfly used in this study (155 of which had sequence data). Most data 

was downloaded from GenBank on or before Dec 31, 2014, though some additional 

sequences were obtained from Niklas Wahlberg and colleagues (Heikkila et al. 2012). 
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We used 1 mitochondrial gene (COI; 1475 bp) and 7 protein-coding, nuclear genes 

(CAD; 850 bp, EF- 1α; 1240 bp, GADPH; 691 bp, IDH; 710 bp, MDH; 733 bp, RpS5; 617 

bp, and wingless; 400 bp), all of which have been previously used in the construction of 

Lepidopteran phylogenies (Zakharov et al. 2004, Wahlberg et al. 2005, Wahlberg et al. 

2014). In total, a sparse matrix with 6716 bp (72.3% incomplete) was used to infer the 

larger molecular phylogeny. Sequences were manually aligned in Se-Al v.2.0a11. 

We used jModelTest (Guidon and Gascuel 2003, Darriba et al. 2012) to infer the 

best-fit model of evolution on each gene. For each gene, the model GTR + I + G (a 

General Time Reversible model with a proportion of invariable sites and a gamma-

shaped distribution of rates across sites) returned the lowest AIC score and was thus 

selected as the overall model of evolution. We began by constructing an additive 

phylogeny in MrBayes v3.2.2 (Ronquist et al. 2012), with no taxonomic constraints to 

examine any inconsistencies with the current taxonomic treatment (Pelham 2014). If 

there were inconsistencies, Shimodaira-Hasegawa (SH) tests (Shimodaira and 

Hasegawa 1999) were used to compare optimal trees (constructed solely with genetic 

data) with those produced under enforced topological constraints. For all cases, the 

taxonomy could not be rejected at alpha = 0.05, and so, to be conservative, 

monophyletic constraints were introduced (see Table 4.8 for a complete list). These 

consisted of genus and subgenus-level constraints, as well as one family-level 

monophyly constraint on Nymphalidae. We applied two additional topological 

constraints, following Heikkila et al. (2012): all species except those within the 

Papilionidae family were constrained to be monophyletic. Also, all species within the 

Lycaenidae, Nymphalidae, Riodinidae and Pieridae families were constrained to be 

monophyletic. Individual gene trees were constructed using RAXML (Stamatakis 2014) 

in order to examine the consistency in topologies across genes.   

Next, we constructed an ultrametric (unit depth) phylogeny in MrBayes v3.2.2 

(Ronquist et al. 2012) using a relaxed clock under a birth-death model with branch 

lengths varying under an uncorrelated exponential distribution, incorporating the 

previously-determined topological constraints. All model parameters were unlinked and 

determined separately for each gene partition. We used 3 separate and independent 

runs (each with 4 chains) to estimate parameters, and each run ran for 120 million 

generations. Parameter estimates were recorded every 10,000 generations and the first 

25% of trees generated were discarded as burn-in. Default settings within MrBayes were 
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used for the remainder of the priors. Convergence statistics were obtained using 

TRACER v. 1.6.  

There were 95 species in Canada with no genetic data whatsoever, and so these 

were added posthoc to the phylogeny using the PASTIS workflow (Thomas et al. 2013). 

Using a series of hard and soft constraints, species were placed within the phylogeny at 

the most exclusive taxonomic resolution possible without violating monophyletic 

relationships. For example, species that were members of a genus where at least one 

member of that genus had genetic data were allowed to enter that genus. However, if a 

data-deficient species did not have a sequenced congener, it could move within its 

family with additional hard constraints preventing it from entering other genera within that 

family. For our phylogeny, each data-deficient species had a congener with sequence 

data and therefore was constrained to be placed in its genus. Using the existing 

ultrametric phylogeny previously constructed and the series of hard and soft constraints, 

the R package PASTIS generated an input file for MrBayes. We ran the analysis using 2 

separate runs, each for 125 million generations. This resulted in a large distribution of 

possible taxon-complete topologies. 1000 random topologies were selected from the 

output, which account for the uncertainty in the placement of data-deficient species. This 

distribution of trees was used for the subsequent trait analyses. 
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2.8. Supplementary Results 

2.8.1. Sampling 

Sampling in this group is spatially and temporally biased (see Fig 2.4 for a 

histogram of sampling through time). In order to investigate how sampling artefacts 

could have potentially biased our results, we undertook a number of additional analyses.  

 

Figure 2.4. Histogram of the number of Canadian butterfly observation records 
between 1900-1974 (n=38306) and 1985-2010 (n=127906). 
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Firstly, we modelled our response in two ways: by using the binomial response 

(Table 2.1 in the main text) and then by modelling the non-zero responses separately 

(see Table 2.3 below), similar to a Hurdle model (Ridout et al. 1998). Modelling zeros 

and non-zero responses separately is a commonly-used approach when there are 

excess zeros in the response data, and is an alternative to fitting a zero-inflated negative 

binomial distribution to the response (which was only an option with count data within the 

MCMCglmm framework at the time of publication; ours is a proportion). This method 

yielded identical conclusions as we reported in the main text, with longitudinal extent as 

the only significant predictor of climate debt. We then reran the original analysis 

(binomial response) with two measures of sampling effort included (Table 2.3 below). 

Sampling did emerge as a significant predictor of the magnitude of climate debt: the 

more records of a species in Time 1, the greater their climate debt score. A well-sampled 

species with lots of records in Time 1 may mean that we have a better chance of 

properly characterizing its full climatic niche than a poorly-sampled species that only has 

records in a portion of their total realized climatic niche. In Time 2, there is that much 

more climatically-suitable area that the well-sampled species could fill, but cannot keep 

up with. Conversely, the more records of a species in Time 2, the lower their climate 

debt score (as to be expected; a well-sampled species is more likely to be detected in 

new areas than a poorly-sampled species). However, longitudinal extent remained a 

highly significant predictor of climate debt, even after accounting for these sampling 

metrics. 
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Table 2.3. Relationship between species’ traits (mobility score (unitless - see 
Methods), average wing span (cm), longitudinal extent (distance 
between two farthest records, in degrees), maximum patristic 
distance between host plant families, and number of host plant 
families), two measures of sampling effort (Number of records in 
Canada, from 1900-1975 and 1985-2010) and their climate debt score 
(n = 144).  

 GLMM 

(non-zero response only) 

Trait Est. lower CI upper CI p 

Wing Span 0.026 -0.014 0.063 0.2091 

Mobility -0.036 -0.072 0.0004 0.05 

Generalism Index -0.005 -0.013 0.005 0.594 

Long. Extent -0.004 -0.005 -0.003 <0.001* 

 GLMM 

(binomial response variable) 

Wing Span 26.770 - 12.960 70.320 0.198 

Mobility -11.900 - 59.760 32.820 0.612 

Generalism Index - 2.942 - 13.740 7.313 0.5711 

Long. Extent 2.959 0.930 4.989 0.001* 

# Canada Records 
(1900-1975) 

0.203 - 0.074 0.333 0.001* 

# Canada Records 
(1985-2010) 

- 0.032 - 0.064 0.001 0.040* 

GLMM results represent the estimate from 5 000 000 iterations with 10000 burn-in and thinning interval of 500). Lower 
CI = lower 95% confidence interval of the estimate. Upper CI = upper 95% confidence interval of the estimate. The 
analysis was repeated for both the non-zero responses (top panel) as well as the binomial response variable (bottom 
panel; see Methods). Phylogenetic relatedness between species was included as a random effect. 
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There is of course the concern that we may be better at modelling common 

species than rare species, and this is the reason for the disparities in climate debt 

between large-ranged species and small-ranged species. Range size is often correlated 

with abundance, and so we may be conflating the two in our analyses, and it is actually 

abundance, rather than range size, that is responsible for lower climate debts. Thus, we 

compared the Goodness of Fit (AUC) for each species’ ENM to the number of records of 

that species. There was little correlation between them, suggesting that more common 

or well-sampled species did not have better models than rare or poorly-sampled species, 

and that abundance is not a good predictor of model performance. Expanding on this, 

we looked at a number of different relationships between sampling and range size and 

how that may interact with climate debt measurements. Most species are well-sampled 

across their range (Fig. 2.5a), and there is no clear relationship between range size and 

sampling intensity. However, there is a strong relationship between sampling and 

climate debt (Fig. 2.5b), where the best-sampled species have incurred the greatest 

level of climate debt (Table 2.4). If we look at the ratio between range size and sampling 

(so, how well a species has been sampled relative to its range), the relationship is less 

obvious: the highest levels of climate debt are in species that have i) very few records 

relative to their range size, and ii) very high sampling relative to their range size (Fig. 

2.5c). This could potentially be driven by poor modelling, in that we are overfitting the 

model in Time 1 when a species is exceptionally well-sampled and cannot extrapolate to 

Time 2, or conversely, cannot predict climate space at all in Time 2 when the species is 

very poorly-sampled in Time 1. Both would result in poor model performance in Time 2. 

However, as there is no relationship between model fit in Time 2 and climate debt (Fig. 

2.2), this would suggest that climate debt differences between species is not an artefact 

of modelling common vs. rare species and that range size is contributing something 

unique, beyond sheer abundance, to mediating climate debt. 

Table 2.4. Pearson correlation coefficients between the Goodness of Fit 
Measures, measured as Area under the Curve (AUC) and the number 
of records in Canada in both time periods (1900-1975 and 1985-
2010). n = 151 species. 

 Goodness of Fit Measure 

Sampling Measure Mean AUC Time 1 

(1900-1975) 

Mean AUC Time 2 

(1985-2010) 

# Canada Records  -0.303 -0.044 
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Figure 2.5. (a) The relationship between the logarithm of the number of records 
for each species (for both time periods combined) and a metric of 
their range size (longitudinal extent). (b) The relationship between 
the logarithm of the number of records for each species (for both 
time periods combined) and their climate debt score. (c) The 
relationship between the logarithm of the range of a species 
(measured as longitudinal extent) divided by the number of records 
observed for that species. n = 155.  
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We also investigated increasing the sampling threshold used to determine if a 

quadrat has been sampled. In the main text, a quadrat had to have at least 5 records 

within a respective time frame in order to determine whether or not a particular species 

is present; we increased this level to 10 records and plotted the results in Figure 2.6. 

Mean climate debt decreased to 0.797, but the results were largely consistent, and still 

showed no taxonomic patterns. 

 

Figure 2.6. Distribution of climate debt scores across Canadian butterfly 
species (n=126), where only cells that recorded > 10 observations in 
Time 2 were included in the count of projected suitable grid cells. 

The metric is calculated as 1 - the fraction of grid cells occupied in Time 2 by each species over 
the number of grid cells predicted to become suitable for a species in Time 2 using species-
specific ENMs. Colours correspond to proportions of each family. 
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Finally, to explore the sensitivity of our results to unequal and potentially biased 

sampling between time periods, we calibrated the model on observations from the 1985-

2010 time period and then projected them backwards to compare climate debt 

measurements with what was reported in the main text when projecting forward. 

Regardless of the set of observations used, the observed climate debt measurements 

were similar (Fig. 2.2 and 2.7). See Section 2.5 for a detailed discussion of what this 

similarity may indicate. The relationship between goodness of fit for each time period for 

forward vs. backwards models were also similar (Fig. 2.8), indicating that that the 

sampling pattern in each time period does not appear to systematically bias the results. 

 

Figure 2.7. Climate debt calculated from the forward-projected ENMs (Time 1 to 
Time 2) versus the backward projected ENMs (Time 2 to Time 2).  

Black line represents the 1:1 line. Red line represents the linear regression. Coloured by family. 
n=137.  
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Figure 2.8. (a) Goodness of fit (measured as Area Under the Curve) for each 
species distribution model in both time periods, projecting forwards 
from 1901-1975 to 1985-2010. (b) Goodness of fit (measured as Area 
Under the Curve) for each species distribution model in both time 
periods, projecting backwards from 1985-2010 to 1901-1975.  

Coloured by family. Black line represents the 1:1 line. Red line represents the linear regression. 
n=151.  
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2.8.2. Alternative metrics of range size 

We used longitudinal extent as a proxy for range size in our main text as 

Canadian species are better sampled East to West than South to North in Canada. 

However, we also explored whether alternate metrics of range size yielded similar 

results. Table 2.5 shows that when latitudinal extent replaces longitudinal extent in our 

models, it emerges as the only significant predictor of range size, consistent with our 

conclusions in the main text. Similarly, when we replace longitudinal extent with total 

Canadian extent (measured as the number of 10 x 10km grid cells occupied by the 

species in Canada, this metric of range size also emerges as the only predictor of 

climate debt (Table 2.6). 

Table 2.5. Relationship between species’ traits, replacing longitudinal extent 
with total latitudinal extent, and their climate debt score (n = 143).  

 PGLS GLMM 

(binary response variable) 

Trait Estimate SE t-value p Est. lower 
CI 

upper 
CI 

p 

Wingspan -0.010 0.015 -0.6621 0.5090 22.755 -22.042 69.626 0.297 

Mobility -0.0203 0.015 -1.305 0.1940 -12.189 -59.685 35.194 0.599 

General. 
Index 

-0.002 0.004 -0.565 0.5732 -4.399 -16.120 6.338 0.424 

Lat. Extent -0.0134 0.002 -8.087 <0.01* 12.872 6.537 19.320 <0.01* 

K statistics were calculated for each trait, and represent the degree of phylogenetic signal present, with p values after 
Bonferroni correction. PGLS results are scaled to a non-fixed optimal branch length transformation. GLMM results 
represent the estimate from 5 000 000 iterations with 10000 burn-in and thinning interval of 500). Lower CI = lower 
95% confidence interval of the estimate. Upper CI = upper 95% confidence interval of the estimate. Phylogenetic 
relatedness between species was included as a random effect in the GLMM. 
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Table 2.6. Relationship between species’ traits, replacing longitudinal extent 
with total Canadian extent (measured as the number of 10 km x 10 
km grid cells occupied) and their climate debt score (n = 143).  

 PGLS GLMM 

(binary response variable) 

Trait Estimate SE t-value p Est. lower 
CI 

upper 
CI 

p 

Wingspan -0.016 0.018 -1.352 0.1785 5.419 -45.287 55.229 0.826 

Mobility 0.173 0.013 1.3634 0.1750 -35.366 -84.013 4.498 0.085 

General. 
Index 

-0.005 0.003 -1.638 0.1036 0.477 -8.914 10.414 0.898 

Canadian 
Extent 

-0.0004 0.0001 -13.375 <0.01* 0.313 0.169 0.459 <0.01* 

K statistics were calculated for each trait, and represent the degree of phylogenetic signal present, with p values after 
Bonferroni correction. PGLS results are scaled to a non-fixed optimal branch length transformation. GLMM results 
represent the estimate from 5 000 000 iterations with 10000 burn-in and thinning interval of 500). Lower CI = lower 
95% confidence interval of the estimate. Upper CI = upper 95% confidence interval of the estimate. Phylogenetic 
relatedness between species was included as a random effect in the GLMM. 
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2.8.3. Miscellaneous 

We noticed that there appeared to be a mid-domain peak in some of our plots 

(Fig. 2.2b and Fig. 2.3), and attempted to fit a locally-weighted regression (LOESS) 

curve (span = 0.75, degree = 2)  to it in order to see if it would fit the data better than a 

traditional linear regression. LOESS gives more weight to the data nearest to x and less 

weight to points further away, and can fit polynomial functions to the data. Although the 

R2 improved from 0.07 to 0.17, the residual SE remained similar (0.17 to 0.16), indicating 

that a LOESS curve did not fit the response data much better than a traditional linear 

regression.  

 

Figure 2.9. (a) Goodness of fit (measured as Area Under the Curve) for each 
environmental niche model in Time 2 vs. each species’ climate debt 
score. (b) Distribution of predicted and observed range gains in 
number of grid cells in Time 2 using each species individual 
ensemble ENM. 

Red lines indicate a LOESS curve that was fit to the data. (a) n = 148 species; (b) n=155 species  
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In order to get an idea of how well a species fills its climatic niche, we calculated 

the ratio of climatically-suitable cells that were occupied cells by a species in Time 1. As 

would be expected, there is a lot of variation in terms of how well a species occupies its 

ENM, but there is a significant negative relationship between this ratio (occupancy of 

historic SDM) and each species’ climate debt score: species with low historic occupancy 

scores (climate niche “underfillers”) are also those with higher climate debts. We 

inserted this ratio into the PGLS and GLMM analyses; longitudinal extent remains a 

significant predictor even after accounting for historic occupancy scores (see Table 2.7 

below). This leads us to the interpretation that within our dataset, it seems to be easier to 

model climatic niches for some species rather than others. However, at this point, there 

is no clear explanation why. This could just be from climatic niche underfilling (due to 

habitat requirements that we didn't measure, like host plant range), the nature of this 

monitoring data, or ENMs just don't perform well for some of these species. Importantly, 

however, it also means that the main result (that tracking is correlated with range size) is 

robust. The bias (that ENMs are not consistent across all species) could have lead to 

large-range species just having better SDMs, making it look like they were better 

trackers. 
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Table 2.7. Relationship between species’ traits (average wing span, mobility 
score, host plant generalism index, longitudinal extent, and 
historical niche occupancy) and their climate debt score (n = 144).  

 PGLS GLMM 

(binary response variable) 

Trait Estimate SE t-value p Est. lower 
CI 

upper CI p 

Wingspan -0.010 0.014 -0.688 0.492 13.982 -39.515 65.313 0.558 

Mobility -0.004 0.016 -0.244 0.808 -31.496 -83.807 18.145 0.2118 

General. 
Index 

-0.005 0.004 -1.415 0.159 -0.074 -11.410 11.632 0.999 

Long. 
Extent 

-0.004 0.0005 -8.161 < 0.01* 3.473 1.697 5.241 < 0.01* 

Hist. niche 
occupancy 

-0.306 0.127 -2.413 0.017* 387.595 6.877 797.415 0.043* 

K statistics were calculated for each trait, and represent the degree of phylogenetic signal present, with p values after 
Bonferroni correction. PGLS results are scaled to a non-fixed optimal branch length transformation. GLMM results 
represent the estimate from 5, 000, 000 iterations with 10000 burn-in and thinning interval of 500). Lower CI = lower 
95% confidence interval of the estimate. Upper CI = upper 95% confidence interval of the estimate. Phylogenetic 
relatedness between species was included as a random effect in the GLMM. 
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Finally, in GLS analyses, residuals are assumed to statistically independent. 

Phylogenetic comparative methods (including PGLS) use the phylogenetic relationships 

between species to create an expected covariance structure of the residuals. The slope 

and intercept estimates are then modified to account for interspecific autocorrelation. 

Many have argued that if phylogenetic nonindependence is not accounted for, this could 

lead to spurious results (i.e. Harvey and Pagel 1991; Harvey et al. 1995; Freckleton 

2009). However, others (Westoby et al. 1995) have also argued that phylogenetic 

corrections do not remove error, but rather give priority to one interpretation (phylogeny) 

over others (such as ecology), and as such, is a conceptual decision. Thus, phylogenetic 

corrections are not always warranted under all circumstances (Uyeda et al. 2018) and 

may not even be necessary in cases where all phylogenetic signal is present in the 

predictor trait (Rohlf 2006). Still, others have argued that reported the results of both a 

PGLS and GLS analysis is neither necessary nor helpful (Freckleton, 2009), since any 

lack of phylogenetic signal in the residual structure will yield similar results between a 

PGLS and an OLS (Symonds and Blomberg, 2014). We reran the analysis using a GLS 

approach, which was not corrected for phylogeny (see Table 2.8). However, the 

conclusions remain the same; only longitudinal extent emerges as a significant predictor 

of climate debt. Although the effect size estimates are slightly different, they remain quite 

similar to those found via the PGLS approach described in the main text, indicating that 

the phylogeny does not add much predictive ability to modelling responses. This is also 

apparent in the lack of phylogenetic structure in the distribution of climate debt scores 

amongst families (Figure 2.2A). We also reran the MCMCglmm analysis without the 

phylogeny, and the results remain consistent.  
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Table 2.8. Relationship between species’ traits (average wing span, mobility 
score, host plant generalism index, and longitudinal extent) and 
their climate debt score (n = 144).  

 GLS GLMM 

(binary response variable) 

Trait Estimate SE t-value p Est. lower 
CI 

upper 
CI 

p 

Wingspan 0.012 0.012 1.027 0.306 26.304 -13.545 66.536 0.491 

Mobility -0.019 0.012 -1.625 0.106 -14.910 -62.084 26.974 0.181 

General. 
Index 

-0.003 0.003 - 0.898 0.371 -2.800 -13.656 7.879 0.603 

Long. 
Extent 

-0.004 0.0004 -9.634 <0.01* 3.791 1.982 5.656 <0.01* 

Analysis was conducted though a Generalized Least Squares Regression, and did not include phylogeny as a 
predictor. 
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Chapter 3.  
 
Community-level responses: patterns of alpha and 
beta diversity change at the species level 

3.1. Abstract 

Recent studies have found that local-scale plots measured through time exhibit marked 

variation in the change in species richness. However, the overall effect often reveals no 

net change. Most studies thus far have been agnostic about the identities of the species 

lost/gained, as well as the processes that may lead to these changes. Generalist traits 

may be crucial in allowing species to colonize new plots or remain resilient in situ, 

whereas environmental filtering may remove specialists. Across 265 species of 

butterflies, we test whether quadrats are changing in species richness, whether they are 

becoming more similar (i.e. becoming homogenized) through time, as well as whether 

several generalist traits can predict gains or losses from local quadrats. We measured i. 

species richness change and ii. pairwise beta diversity across 96 well-sampled 10x10 

km quadrats across Canada between two time periods: 1945-1975 and 1985-2015. We 

looked at the effects of wingspan, mobility, diet breadth and range size on the number of 

grid cells each species gained and lost between time periods. We observed a slight 

increase in quadrat-level species richness, and that these communities are becoming 

homogenized through time. We note that most butterfly species in Canada have large 

North American ranges, but the widest-ranged species are better able to colonize new 

quadrats than narrower-ranged species, but also experience higher frequencies of local 

extinctions.  In sum, the median range size of species within a quadrat increased 

through time. We highlight that, even when local species richness exhibits very little 

change, other potentially important biodiversity changes, such as geographic 

homogenization due to the colonization dynamics of already widely distributed species, 

can occur. Such patterns can reconcile observed global losses of species with the 

simultaneous lack of change in local diversity2. 

 

2A version of this chapter is published as: Lewthwaite, J. M. M. and Mooers, A. Ø. (2021) 
Geographic homogenization but little net change in the local richness of Canadian butterflies. 
Global Ecology and Biogeography, 31:266-279. 
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3.2. Introduction 

Habitat loss has long been documented as a severe threat to biodiversity (Brooks 

et al. 2002; Gaston, Blackburn & Goldewijk, 2003; Krauss et al. 2010), potentially 

exacerbated by climate change (Mac Nally et al. 2009; Pimm 2008). This combination 

has led some biologists to warn of the beginning of another mass extinction (Pimm, 

Russell, Gittleman & Brooks, 1995; Barnosky et al. 2011; Ceballos, Ehrlich & Dirzo, 

2017; Turvey & Crees, 2019). Species-level extinction risk seems broadly but unevenly 

distributed (Fritz, Bininda‐Emonds & Purvis, 2009; Davidson et al. 2017), both 

geographically (Davies et al. 2010) and across taxonomic groups (Ceballos, García, & 

Ehrlich 2010; Hoffmann et al. 2010). 

However, at the local scale, several recent studies have documented little to no 

average net change in plot-level scale species richness over the past century (Vellend et 

al. 2013; Dornelas et al., 2014; Elahi et al., 2015; see Vellend et al. 2017 for a review). 

These local patterns are also broadly distributed across taxonomic groups, and although 

there is some geographic variation (e.g. among climatic regions), the global average is 

statistically indistinguishable from zero (Dornelas et al. 2019). 

How can these two sets of findings be reconciled?  As Chase et al. (2019) clarify, 

different spatial scales of analysis can lead to drastically different results: even within a 

single taxon, species richness can increase locally but decline regionally due to biotic 

homogenization. Biotic homogenization is generally understood as “the replacement of 

local biotas with nonindigenous species, usually introduced by humans” (McKinney & 

Lockwood, 1999). This can also happen as a result of climate-driven range shifts: when 

some species experience range expansions in the face of global change (“winners”), and 

others experience range losses (“losers”), the winners can replace losers within a plot 

without any change in local alpha diversity. When some species become more common 

and others become rarer, this can lead to lower differentiation between sites (i.e. lower 

beta diversity; Rooney, Olden, Leach & Rogers, 2007). And, indeed, documented beta 

diversity is decreasing both regionally (Finderup Nielsen, Sand‐Jensen, Dornelas & 

Bruun, 2019; Li et al. 2020) and globally (Dornelas et al. 2019). 

Some research suggests potential winners and losers may have different life 

history strategies. Environmental filters, landscape homogenization and other 
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anthropogenic pressures may selectively remove specialist species that require rare 

habitats and have specialized feeding habits, or species that are poor dispersers 

(McKinney & Lockwood, 1999; Gámez-Virués et al. 2015). Meanwhile, generalist 

species that can utilize a wide variety of habitats may evade this filter, remain resilient in 

remaining native habitat fragments; they may even benefit from competitive relaxation 

with declining specialists (Ibarra & Martin, 2015). Alternatively, in groups with high levels 

of competition, theory and empirical evidence suggest that specialists are often more 

competitive within their native range at the expense of their performance elsewhere 

(Büchi and Vuilleumier, 2014; Jacob et al. 2018). Thus, if environmental change hasn’t 

resulted in large population declines, they may directly outcompete generalists for 

resources (Staude et al. 2021), causing generalists to gradually disappear from 

remnants of their historical range. Simultaneously, at poleward margins, generalist 

species may be able to experience range gains as a response to warming climate 

(Betzholtz, Pettersson, Ryrholm & Franzén, 2013), whereas specialists limited by habitat 

or diet requirements may be unable to colonize new climatically-suitable area. 

Recently, Newbold et al. (2018) found that over time, there has been an increase 

in the plot-level average range size of species within ecological assemblages, 

suggesting that range size may be an important predictor of a species’ relative success 

or failure. The pattern reported by Newbold et al. could be because (1) narrow-ranged 

species are dropping out of plots (local extinctions), or (2) wide-ranged species are 

colonizing new plots, or, (3) both are happening. To the extent that range size is 

correlated with measures of "specialism," this pattern is consistent with the "specialists 

are losers" framework. 

In order to test and distinguish these three scenarios, we consider a large, time-

stamped, GIS-based Canadian butterfly species dataset. Relative to many other insect 

groups, butterflies are well-described taxonomically. Butterflies have rapid generation 

times, allowing us to detect demographic changes relatively quickly compared to other 

groups, are sensitive to environmental change, and have been relatively well-

documented by naturalists and entomologists. As ectotherms, they are predicted to be 

especially affected by a warming climate (Deutsch et al. 2008), and have well-

documented climate-induced range shifts (Parmesan et al. 1999; Parmesan 2006). 

Although there is large variation in how Canadian butterflies are responding to climate 

change at range margins as cold-induced climate limits are lifted, the few species that 
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are tracking climate change are those with the largest ranges (Lewthwaite et al. 2018). 

This suggests a dynamic and changing community at range margins, though it remains 

unclear what is occurring throughout the remainder of their ranges. 

We draw on a curated distribution dataset of 292 Canadian butterfly species and 

500,000 records that span the past century coupled with trait data, and ask: (1) Has grid-

level species richness (alpha diversity) changed significantly in Canadian butterflies over 

the past century; (2) in the same system, has spatial beta diversity changed; (3) are 

some species winning vs. losing; and (4) are there certain traits that predict a species’ 

status as a winner or loser? Because many traits show phylogenetic signal (Symonds & 

Blomberg 2014), we account for taxonomic structure in our statistical models. 

3.3. Methods 

3.3.1. Occurrence records 

We compiled a database of approximately 510000 georeferenced and temporally 

dated butterfly records. These records are from a variety of previously cited sources (see 

Lewthwaite et al. 2018), updated with newly submitted eButterfly (see Prudic et al. 2017) 

records. These records span 292 species that are regularly observed in Canada. The 

average number of records per species in this dataset is 1749 (ranging between 2 and 

20,185); a full table of record numbers per species is found in Appendix A. We followed 

the latest taxonomic treatment of North American Lepidoptera (Pelham 2014). Following 

Lewthwaite et al. 2018, 2196 records fell outside of plausible distributions and were 

discarded as probable misidentifications or coordinate entry errors. 

3.3.2. Spatial data 

We divided Canada into a system of 10 km x 10 km grid cells, to mimic local 

assemblages. Occurrence records were divided into two time periods: the historical 

distributions, 1945-1975 (Time 1) and modern distributions, 1985-2015 (Time 2). We 

created a 10-year “buffer” between Time 1 and Time 2 in order to account for a potential 

lag effect in biodiversity responses to environmental change. In arthropods, a lag of 5-10 

years has been demonstrated in diversity responses to land use change (Daskalova et 

al. 2020). This resulted in 63363 records in Time 1 and 338042 records in Time 2. Grid 
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cells with fewer than 50 sampled records in the relevant time period were considered 

"poorly sampled" and were excluded from all analyses. 

For each remaining grid cell, we summarized i. the list of species present and ii. 

the number of times they were observed in Time 1, and repeated this for Time 2. 

Species that were present in a grid cell in Time 1 and Time 2 were classified as having 

persisted in that cell. Species that were present in a cell in Time 1, but not in Time 2 

were assumed to have gone extinct from this cell. Conversely, if a species was not 

observed in a cell in Time 1 but identified in Time 2, they were assumed to have 

colonized this cell. Then, for each species, we summed the total number of colonizations 

(“Gains”), local extinctions (“Losses”) and instances of persistence across the cells in 

which it was found. To measure net change through time for each species, we 

subtracted the number of quadrat-level losses that a species experienced from the 

number of gains. We were also interested in looking at proportional change and so we 

divided net change by the number of adequately-sampled grid cells in Canada that the 

species was present in in Time 1 as a separate variable. As some species were not 

present in any of the grid cells used in this study in Time 1 (but appeared in Time 2), we 

added 1 to the number of grid cells occupied by each species in Time 1 in order to avoid 

having a 0 in the denominator. 

Following Newbold et al., 2018, the average range size within a quadrat was 

simply the mean of the North American range sizes across all species present within a 

quadrat. Range sizes were ln-transformed prior to averaging to reduce the leverage of 

any very widespread species on the quadrat-level average. We calculated this 

separately in each quadrat for each time period. We measured the skewness of these 

values using the moments package in R v3.6.0. 

3.3.3. Species richness and beta diversity analyses 

It is usually unfeasible to detect all species in an assemblage. As such, raw 

species richness observations often underestimate true species richness and this 

negative bias is strongly linked to sampling effort and sampling completeness (or, 

‘coverage’; see below) (Colwell et al. 2012; Chao et al. 2014). In order to compare 

across assemblages, ecologists often equalize plots by sample size. However, this can 

lead to misleading results, as species richness in low-diversity plots may be accurately 
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captured with a small sample size, but richness in high diversity plots will be 

underestimated from samples that contain fewer individuals, because these samples 

often include fewer species by chance alone (Gotelli and Colwell, 2001). Coverage (i.e. 

the proportion of the species in the species pool that are captured in sampling) is often a 

preferable metric to sample size as it recognizes that more diverse communities require 

more sampling in order to capture their true diversity (Roswell, Dushoff & Winfree, 

2021). For example, sample sizes in our study differed greatly between time periods; 

there are more than 3 times the number of records in our Time 2 compared to Time 1. 

However, average coverage remained similar in both time periods (Figure 3.7), 

indicating similar sample completeness (and numbers of undetected species) between 

time periods. 

There are a number of approaches to account for both incomplete as well as 

unequal sampling efforts, so as to ensure fair comparisons between plots and time 

periods. Asymptotic species richness estimators aim to estimate the asymptotes of 

species accumulation curves (Chao and Chiu, 2016). This asymptotic value is then used 

as an estimate of ‘true’ species richness, which can be compared to other estimates. We 

adjusted our species richness estimates with the commonly-used nonparametric Chao1 

estimator, which uses the proportion of singletons (species observed only once) to 

inform the estimate of unseen species (Chao and Chiu, 2016). We also report values for 

ACE (Abundance-based Coverage Estimator) and Jackknife1 estimators in the Figure 

3.8, which use similar principles to adjust species richness estimates. All metrics were 

calculated in R, using the ChaoSpecies function in the SpadeR package (Chao, Ma, 

Hsieh & Chiu, 2016). 

Another common, non-asymptotic, approach for accounting for unseen species is 

rarefaction, where plots are down-sampled to the same size as the smallest sample or to 

the same coverage as the plot with the lowest coverage in order to make fair 

comparisons across equally sampled plots (Gotelli and Colwell, 2011). We rarefied all of 

our plots to the plot with the lowest sample size (n=51 in both time periods) as well as 

the plot with the lowest coverage (0.55 in Time 1 and 0.60 in Time 2). A disadvantage of 

this approach is that data in larger samples are discarded, and it is possible that 

downsampling may result in insufficient sampling to detect a difference between time 

periods. Furthermore, while a given sample size may be adequate to characterize low-

diversity plots, it may be inadequate for high-diversity plots, leading to an 
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underestimation of the difference in diversity between assemblages (Chao and Jost, 

2012). 

In order to avoid this, Colwell et al. (2012) developed an approach that uses 

sample size-based interpolation using the data that is present and then extrapolates to 

larger sample sizes using a sampling curve. We obtained species richness estimates 

from extrapolated sample size-based rarefaction curves with 95% confidence intervals 

for each quadrat using the iNEXT package (Hsieh, Ma and Chao, 2016), using 

abundance data and Hill number of the diversity order 0. We extrapolated to double the 

reference sample size; extrapolating beyond this point is not recommended (Colwell et 

al. 2012). 

In a similar vein, variation in sampling effort can also affect measurements of 

beta diversity, as communities with different completeness may show spurious 

differentiation due to imperfect detection (i.e. proportion of unseen species in each 

community) even if there is no true dissimilarity (Engel et al. 2021). As such, traditional 

beta diversity metrics (such as Sorensen’s or Jaccard’s) can underestimate true 

similarity between plots (Chao, Chazdon, Colwell & Shen, 2005); this is especially 

problematic in incidence-based metrics that are sensitive to the occurrence of rare 

species (Beck et al. 2013). Abundance-based metrics that are more influenced by 

common species are considered more robust to the effects of undersampling. In order to 

correct for these biases, we used the corrected version of the probabilistic abundance-

based Chao-Sorensen index, which accounts for the effect of unseen shared species 

(Chao et al. 2005). We used the dis.chao function in the CommEcol package in R (Melo 

2016) to conduct pairwise comparisons between all grid cells adequately sampled in 

both time periods (n=96). The probabilistic abundance-based Sorensen's index is 

formulated as: 

Bsor= 1 - 
2UV

U + V
 

where U denotes the total relative abundances of individuals belonging to the shared 

species in Assemblage 1, U = p1 + p2 +…+ pn (Chao et al. 2005). Likewise, V denotes 

the total relative abundances of individuals belonging to shared species in Assemblage 

2, V = p1 + p2 +…+ pn. This metric gives more weight to shared rare species, such that 

samples that share many rare species will receive higher similarity values. Output values 
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of 0 represent a pair of sites that contain completely identical communities, and values of 

1 (of which there were 68 in Time 1 and 47 in Time 2) indicate a pair of sites with 

completely dissimilar communities. As pairwise distances between observations are not 

independent from one another, we used an exact permutation test with 5000 Monte 

Carlo replications implemented in the R package perm (Fay and Shaw, 2010) to 

compare estimates. Similarly, to test whether the distributions of the distance values are 

significantly different from one another, we conducted a bootstrap Kolmogorov-Smirnov 

test with 5000 bootstraps using the Matching package in R (Sekhon, 2011). 

Finally, we repeated all analyses with only quadrats that had >80% coverage in 

both time periods to ensure that less-sampled quadrats were not causing spurious 

results. 

3.3.4. Trait data 

Much of the trait data we used was previously published in Lewthwaite et al. 

2018. We looked at the effects of wing span, mobility, diet breadth and (new to this 

study) North American range size on the number of grid cells each species gained and 

lost. Average wingspan measurements were obtained from Layberry, Hall and 

Lafontaine (1998) and James and Nunnallee (2011). Mobility scores were obtained from 

expert opinion and are summarized in Burke, Fitzsimmons & Kerr (2011). These 

consensus scores take into account a species’ ability and tendency to reside in the same 

habitat versus frequently disperse throughout the landscape, as well as their normal 

length of flight time. 

Although we only measured community changes in Canada, most of the species 

in the analysis straddle the US/Canada border and species-specific range size was 

measured using the total area occupied in North America. North American range size 

was obtained via occurrence records from the Global Biodiversity Information Facility 

(GBIF; www.gbif.org), BISON database (https://bison.usgs.gov), and the iDigBio 

database (https://www.idigbio.org). Data were downloaded and filtered to exclude 

records without geographic coordinates or year of sighting, and then clipped to North 

America; records outside of North America (e.g. Europe) were not included in our 

estimate of North American range size. As expected with citizen science data, the 

geographical coordinates or identifications for a small number of observations (1366) 

http://www.gbif.org/
https://bison.usgs.gov/
https://www.idigbio.org/
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were incorrect, placing species either in regions far beyond their plausible distributions 

within North America (Layberry et al. 1998, Guppy and Shephard 2001, Brock & 

Kaufman 2006, Hall, Jones, Guidotti and Hubley, 2014) or beyond terrestrial limits: these 

records were eliminated from further analysis. 

Diet breadth was measured from larval host plant associations documented in 

field guides and relevant literature (Howe 1975; Morris 1980; Scott 1992; Layberry et al. 

1998; Guppy and Shephard, 2001; Cech & Tudor, 2005; Wagner 2005; James & 

Nunnallee, 2011; Hall et al. 2014), as well as from the butterflies and moths of North 

America database (Opler & Wright, 1999). As in Lewthwaite et al. 2018, we collapsed 

observations to the level of plant genera because of uncertainty in the host plant 

associations. We used a metric of taxonomic breadth between host plants to measure 

degree of diet breadth. For example, a species that consumes plant species in different 

families is given a higher generalism score than a species that consumes plants in 

different genera within the same family. This was meant to reflect the degree of similarity 

in chemistry between more closely related plant species (Ehrlich & Raven, 1964). 

Diet breadth (Generalism) was thus calculated as the sum of host plants 

consumed by each butterfly species using the following formula: 

Generalism = # of plant orders + (# of plant families - 1) + (# of plant genera - 1) 

For these species whose host plant associations are only known at the family-level, we 

used a conservative estimate that the butterfly species consumes 10% of plant genera 

within the documented family. 

3.3.5. Trait analyses 

We used a Bayesian approach to model which traits were significant predictors of 

A) how many grid cells a species colonized and B) how many grid cells a species went 

extinct from. We used the R package brms (Bürkner 2017), which allows the user to fit 

generalized multivariate and multilevel models in a Bayesian framework using Stan (a 

C++ program) (Carpenter et al. 2017). We used a Bayesian approach in order to assess 

the level of uncertainty in our model, and to allow us to specify a prior distribution on the 

response variables (number of grid cells gained and number of grid cells lost), which 

were zero-inflated and displayed a negative binomial distribution. Using each species’ 
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grid-level presence and absence data, we constructed two separate models: one for 

local colonization, and one for local extinctions. All 4 traits (wing span, mobility, diet 

generalism and range size) were standardized and included as fixed effects with non-

informative priors. In order to account for shared evolutionary history between species, 

we added a random effect for family. We constructed 4 Markov chains of 4000 iterations 

each, including a warm-up phase of 1000 iterations, and used an adapt_delta value of 

0.99 to reduce the number of divergent transitions. Specific model structures and priors 

can be found in the Supplementary Methods (Section 3.7.1) 

3.4. Results 

3.4.1. Has grid-level species richness (alpha diversity) changed 
significantly in Canadian butterflies over the past century? 

There are 96 10*10 km cells in Canada with >50 records in both our time periods 

(see Figure 3.12 for the spatial distribution of these quadrats), and 265 species present 

across these sites and time periods. After correcting the observed species richness 

estimates using the Chao index, the average change in species richness within a cell 

between Time 1 (1945-1975) and Time 2 (1985-2015) is 4.47 species (sd=20.41), with 

values ranging from -51.90 to +64.81 among the best-sampled quadrats (Figure 3.1a). 

This is a small but statistically significant increase through time (95% CI 0.34 – 8.61, 

two-tailed unpaired t-test, t = 2.13, df = 95, p=0.03). The extreme negative and positive 

outliers in species richness change may be a product of either rapid vs. slow warming 

within a cell (respectively), or high vs. low levels of agricultural development (discussed 

in Chapter 5). 

Repeating this analysis with different species richness estimators (ACE and 

jackknife1) yielded similar results (Figure 3.8): a small but significant increase in average 

quadrat-level species richness. However, rarefying all quadrats to the lowest observed 

sampling level or the lowest coverage richness showed no significant change in species 

richness (Figure 3.9); this is unsurprising as this technique involves discarding data from 

larger samples. Accordingly, once we used extrapolation sampling curves (built on 

interpolation from sample-size based rarefaction; Colwell et al. 2012), we observed an 

average species richness change of 5.68 (sd=19.02), with values ranging from -24.88 to 

+62.78 (Figure 3.1b). Again, this is a statistically significant increase (95% CI 1.82 – 
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9.53, two-tailed unpaired t-test t=2.92, df = 95, p < 0.01). Importantly, we see similar 

results when only the 77 quadrats with very high sampling completeness (i.e. over 80%) 

are included in the analysis (Figure 3.10). 

When all quadrats (regardless of sampling intensity) are included (n = 1763) and 

species richness values are unadjusted, values of species richness change range from -

56 to 84 (Figure 3.14). There is a slightly larger increase in species richness over time 

(mean = 7.49, 95% CI 6.64 – 8.334, two-tailed unpaired t-test, t = 17.31, df = 1762, p < 

0.01), potentially due the increase in sampling intensity through time that is not 

accounted for when including all quadrats. 
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Figure 3.1. Histograms of quadrat-level change in species richness between 
Time 1 (1945-1975) and Time 2 (1985-2015) for all well-sampled 
quadrats. 

(A) represents species richness change after correcting observed richness using the Chao1 
index; mean change is 4.47 (sd = 20.42), indicated by the dashed line. (B) represents species 
richness change after correcting using sample-size based rarefaction and extrapolation sampling 
curves. Mean change is 5.68 (sd = 19.02), indicated by the dashed line. n=96. 

3.4.2. Has spatial beta diversity changed significantly in Canadian 
butterflies over the past century? 

Using Sorensen’s metric of dissimilarity, we calculated pairwise differences 

between each of the quadrats that were well-sampled in both time periods (n = 96). 
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Using the raw, uncorrected Sorensen’s estimator, mean dissimilarity between quadrats 

was 0.72 in Time 1 versus 0.66 in Time 2, indicating homogenisation among 

communities through time (Figure 3.2a). Once the effect of unseen species were taken 

into account (Chao et al. 2005), mean dissimilarity dropped from 0.65 in Time 1 to 0.60 

in Time 2 (Figure 3.2b) – these are significantly different from one another (two-sample 

permutation, mean difference = -0.05, p < 0.01, 95% CI on p: 0 – 0.01, 5000 

permutations). Additionally, the distributions of the (corrected) values from Time 1 and 

Time 2 are significantly different from one another (bootstrap Kolmogorov-Smirnov test, 

D = 0.11, p < 0.01). 

When only the 77 quadrats with coverage above 80% are included in this 

analysis, the discrepancy between time periods becomes even more pronounced 

(Figure 3.11): it drops from 0.72 in Time 1 to 0.54 in Time 2 in the uncorrected 

Sorensen’s estimator, and from 0.68 to 0.50 using the corrected Sorensen’s estimator. 

The average (corrected) dissimilarity scores are again significantly lower in Time 2 

compared to Time 1 (two-sample permutation, mean difference = -0.18, p < 0.01, 95% 

CI on p: 0-0.01, 5000 permutations). As Chao et al. (2005) predicted, uncorrected 

Sorensen’s estimates underestimate true similarity in both sets of quadrats (96 and 77). 
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Figure 3.2. Density plots of site-level pair-wise beta diversity in Time 1 (1945-
1975) and Time 2 (1985-2015). 

The x-axis measures the Sorensen index of dissimilarity between two sites, where two sites with 
identical species composition will have a distance of 0. Dashed lines represent means for each 
time period. (A) represents the uncorrected pairwise distance values from the abundance-based 
Sorensen’s estimator; (B) displays the corrected Sorensen’s estimator values that takes unseen 
species into account. n = 96 quadrats for each. 

A. 

B. 
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3.4.3. Are some species winning vs. losing? 

There is a significant and positive correlation (Pearson’s r = 0.55, df = 263, p < 

0.01) between the number of well-sampled grid cells that a species occupied in Time 1 

and the size of its North American range (see Figure 3.13), indicating that widespread 

species in Canada are also widespread across North America in general. For each 

species, we calculated the number of grid cells gained and lost. The average number of 

well-sampled grid cells occupied in Time 1 across our species was 13.8 and the average 

number of new grid cells colonized was 6.75, while an average of 4.58 were lost. Figure 

3.3 displays the relationship between these values for each species, and this 

relationship is positive and significant (linear regression b = 0.36, SE = 0.036, R2 = 0.27, 

df = 263, p < 0.01). Species can, in theory, both gain grid cells in one part of their range 

and simultaneously lose grid cells in other parts. If the number of grid cells gained vs. 

lost are tightly correlated, then they should ‘cancel’ each other out and the result would 

be minimal change in a species overall range size. However, the modest R2 

demonstrates that there is much variation around this relationship suggesting that there 

may be two distinct groups of species (“winners” that gain many grid cells and “losers” 

that lose many grid cells). 

 

Figure 3.3. Species-level counts of number of grid cells gained in Time 2 (1985-
2015) compared to Time 1 (1945-1975) vs. number of grid cells lost 
in Time 2 compared to Time 1.  

A linear regression and 95% confidence intervals are overlaid. n=265 species. 
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Figure 3.4. (A) Species-level measurements of net change in range (number of 
grid cells gained – number of grid cells lost) between Time 1 (1945-
1975) and Time 2 (1985-2015). (B) Proportional change in range (i.e. 
change from (A) divided by number of well-sampled grid cells 
occupied in Time 1) between Time 1 and Time 2. (C) Histogram of 
ln(Range Size) for all n= 265 species. 

(A) and (B): green points represent values that lie above zero, indicating species that have 
experienced more colonization events than local extinctions. Red points represent values that lie 
below zero, indicating species that have experienced more local extinctions than colonizations; 

and black points represent values of 0  0.01 
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The net change in occupied grid cells (# of gains - # of losses) is plotted against 

North American range in Figure 3.4a. The mean value of net change is 2.18 (i.e. slightly 

more than 2 grid cells), a statistically significant increase (unpaired t-test; t = 6.46, df = 

264, p < 0.01). The highest net losses and net gains both occur in species with large 

range sizes (defined as having a North American range size that is larger than the 

median range size across all species of ln(1017) grid cells, or 6.92), as expected, but 

some large-ranged species are experiencing massive gains (green points), while a 

different group of large-ranged species are experiencing massive losses (red points). 

Net changes in grid cells may be quite different between small vs. large ranged 

species, but we expected that the proportional change would be similar across both 

groups. Figure 3.4b displays this net change (as a proportion of the total number of grid 

cells occupied by that species’ in Time 1) plotted against North American range. Indeed, 

although large-ranged species (i.e. those above the median range size in Canada) are 

experiencing some of the largest net changes between time periods (Figure 3.4a), these 

changes are often minuscule compared to their overall range (Figure 3.4b), and we see 

no relationship between proportional change across species and overall range size.  

However, there are some outlier species that exhibit massive colonization success 

(green points) in Time 2, most of whom possess large ranges. This observation must be 

tempered by the pattern in Figure 3.4c, which shows the distribution of (North American) 

range sizes among all Canadian species: the vast majority of species in Canada have 

relatively large ranges. 

Within a quadrat, the North American log-transformed mean range size (ARS) of 

the community members present has increased slightly from Time 1 mean(ln) = 7.54 to 

Time 2 mean(ln) = 7.60, a 6% increase (Figure 3.5), though this change is not 

statistically significant (two-tailed unpaired t-test; t = -0.78, df = 190 p =  0.44).  The 

median of the distribution of assemblage-level ARS values also shows an 8% increase 

from Time 1 (median(ln) = 7.61) to Time 2 (median(ln) = 7.68). Additionally, the 

distribution of Time 1 ARS values begins as left or negatively skewed, (skewness = -

0.86), and this skewness noticeably increases in Time 2 (skewness = -1.17). Overall, 

assemblages are increasingly composed of species with larger ranges in the later time 

period, though the effect is not pronounced. 
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Figure 3.5. Distribution and mean  1SD of the change in quadrat-level 
measurements of mean ln range size of all species present in Time 1 
(1945-1975) and Time 2 (1985-2015). n=96 quadrats for each. 

3.4.4. Are there certain traits that predict a species’ failure vs. 
success? 

253 species had trait data for all measured variables. Across species, range size 

emerged as the only statistically significant predictor of the number of grid cells gained 

through time (Figure 3.6a): species with larger North American ranges gained more grid 

cells in Time 2 ( = 0.45, 95% CI = 0.32, 0.59). Range size was also the only significant 

predictor of the number of grid cells lost (Figure 3.6b): species with larger ranges were 

also more likely to lose grid cells in Time 2 ( = 0.20, 95% CI = 0.04, 0.36). 
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Figure 3.6. Posterior distributions of estimates for each of the traits examined 
and their relationship to (A) the number of grid cells gained by a 
species; and (B) the number of grid cells lost by a species. 

The solid lines for each distribution represents the 95% confidence intervals around the estimate; 
the shaded area represents the 80% confidence interval. n = 253 species. 
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3.5. Discussion 

While reports of large-scale insect biodiversity declines have recently emerged, 

some quite dire (Dirzo et al. 2014; Sànchez-Bayo & Wyckhuys, 2019), we find that the 

responses in Canadian butterflies are more nuanced. While we found only a slight 

increase in quadrat-level species richness (consistent with other recent arthropod work 

in North America - see Crossley et al. 2020), there is wide variation around this mean. 

Additionally, Canadian butterfly communities are becoming increasingly similar to one 

another (i.e. homogenized) though time. And, while some species appear to be losing 

ground over time, others are colonizing new area in Canada. 

In several study systems, species-level traits differentiate species that gain vs. 

lose area through time. In particular, range size has emerged as an important predictor, 

where widespread species are more likely to gain range and narrow-ranged species are 

more likely to lose range (Lockwood, Brooks & Mckinney, 2000; Godet, Gaüzere, Jiguet 

& Devictor, 2015; Lewthwaite et al. 2018; Newbold et al. 2018). Small geographic range 

size has long been associated with extinction risk, due in part to the Distribution-

Abundance relationship (see Borregaard & Rahbek, 2010): species with large ranges 

tend to have higher local overall abundance (Brown 1984), and this both decreases a 

species’ probability of local extinction (Pimm, Jones & Diamond, 1988) and increases 

the probability of colonization (Ahlroth, Alatalo, Holopainen, Kumpulainen & Suhonen, 

2003). Meanwhile, small-ranged species with smaller populations are more vulnerable to 

stochastic or anthropogenic disturbances (Staude, Navarro & Pereira, 2019) and are 

less likely to successfully colonize new areas. Our results demonstrate that large-ranged 

Canadian butterflies do indeed tend to colonize more quadrats than small ranged 

species (Figure 3.6). This is consistent with previous work that determined that large-

ranged species are tracking climate change more closely and are colonizing more newly 

climatically-suitable area than small-ranged species (Lewthwaite et al. 2018). 

Counterintuitively, the number of local extinctions also tends to be higher in large-ranged 

species. However, the raw number of colonization and local extinction events in large-

ranged species may be higher just as a function of stochasticity; large-range species 

experience many more random events in total than their small-ranged counterparts. The 

relative proportion of these colonization/extinction events may be a more useful metric. 

For example, a net gain of 1 grid cell may be more meaningful for a species with a tiny 
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range than a widespread species. Figure 3.4b confirms that proportional change is low 

for most species and spans a large part of the NA range distribution.  However and 

importantly, there are several outlier species that have experienced massive colonization 

success, even relative to their starting point: the 10 largest proportional gains are mainly 

experienced by large-ranged species, with the largest (Erynnis baptisiae) having 

colonized 14X more cells in Time 2 compared to Time 1. Two introduced species in 

Canada (Thymelicus lineola and Pieris rapae) and two species that are experiencing 

range expansions (Papilio cresphontes and Coenonympha tullia) have experienced high 

levels of colonization success and few local extinctions in Canada, potentially 

contributing to homogenization of communities through time. Finally, we note that the 

effect size of a species range size on the number of grid cells lost over time ( = 0.20) is 

much smaller than the range size effect on the number of grid cells gained ( = 0.45; 

Figure 3.6). This suggests that range size has approximately twice the predictive power 

for colonizations than it does for local extinctions. 

With biotic homogenization, one would expect average range size (ARS) values 

to increase within a quadrat over time (Newbold et al. 2018) as a function of widespread 

species colonizing new quadrat and/or narrow-ranged species being lost. Although we 

find no significant change in the mean of log-transformed range size (ARS) values within 

a quadrat through time, both the median and the skewness of the distribution of ARS 

values increase through time (though we are unable to determine if these are statistically 

significant increases). This difference may be because exceptionally large-ranged 

species have an outsized effect on the calculation of the mean quadrat-level ARS. 

Whereas most assemblages have a right-skewed distribution of range sizes (where most 

species have small to moderately-sized ranges; Brown, Stevens & Kaufman, 1996), we 

see the opposite in our system: most of our species have moderate to large ranges, 

even on a log scale (Figure 3.4c), and thus the loss of small-range species would have 

little effect on the assemblage-level mean. Indeed, the skewness of the distribution 

becomes increasingly left or negatively-skewed (where the bulk of the values are to the 

right of the mean with a longer left tail) in Time 2: very few assemblages in Time 2 have 

low ARS values, and the vast majority have high ARS values. Thus, although the mean 

quadrat-level ARS does not change through time, there are a greater proportion of 

assemblages with higher ARS values in Time 2, indicating that communities are 
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increasingly composed of larger-ranged species. This would align our observations with 

those of Newbold et al. (2018). 

There are a number of caveats with our analysis. Most importantly, this dataset is 

largely comprised of opportunistic observation data and was not designed to be an 

abundance-based inventory of Canadian butterflies. However, many species richness 

estimators (such as the Chao1 index, etc.) make use of the proportion of singletons (i.e. 

species only observed once in a plot) and doubletons to estimate the number of species 

that remained undiscovered in a plot, and thus require abundance data as an input. In 

order to correct our richness observations and account for potentially uneven sampling, 

we used many of these estimators. Although this database is not suitable to evaluate 

absolute butterfly abundances, we do believe it gives a reliable estimate of relative 

abundances between rare vs. common species, and so is suitable for use with these 

estimators. 

Additionally, we cannot yet attribute any of the observed changes in community 

composition in this study to any external cause. While other studies have pointed to 

landscape changes (Seibold et al. 2019) or climate change (Davey, Chamberlain, 

Newson, Noble & Johnston, 2012) as important drivers of abundance and diversity 

changes, the relative influence of these factors in our system remains to be investigated. 

We note that climate has been shown to be the primary driver of spatial beta diversity in 

this system and increasing temperatures have been linked to temporal community 

turnover (Lewthwaite, Debinski & Kerr, 2017), leading us to predict that climate change 

is contributing to our results. 

Another variable we have not addressed at all within this analysis is space. 

Human impact and land use change are not randomly distributed across Canada (Kerr & 

Cihlar, 2003); much land use conversion has happened along the southern border, and 

tends to be clustered in southern Ontario, southern Quebec and the Great Plains region 

in central Canada. The best-sampled areas of Canada, and therefore the grid cells used 

in this analysis, are not distributed randomly either: most are also clustered in these 

same regions of high human impact (see Figure 3.12). Therefore, future analyses should 

quantify human impact in our well-sampled cells, in order to examine how human impact 

affects both extinction/colonization events and subsequent beta diversity change. 
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Furthermore, species (and by extension, their trait values) are known to be 

distributed non-randomly on the landscape (Bokma, Bokma & Mönkkönen, 2001; 

Soberón & Ceballos, 2011; Saupe et al. 2019), particularly in Canada where the highest 

species richness occurs in the southernmost regions (Kerr 2001). It is possible that the 

grid cells used in this study non-randomly (and unintentionally) include more wide-

ranged species and exclude small-ranged species. If so, we could be under-reporting 

the degree of local extinctions in small-ranged species. However, when examining the 

average quadrat-level average range size (ARS) for all quadrats (regardless of 

sampling), the means are quite similar: all quadrats (Time 1 mean (ln) = 7.60, Time 2 

mean (ln) =  7.84) vs. only the 96 well-sampled quadrats included in this analysis (Time 

1 mean (ln) = 7.54, Time 2 mean (ln) = 7.60). Finally, and importantly, we do not attempt 

to quantify range change in any Canadian butterfly species; in order to be confident in 

our data, we only report on the colonization/extinction dynamics of 96 well-sampled 

quadrats in Canada. Our results therefore represent only a fraction of the community 

change that is occurring in Canadian butterflies. 

Nevertheless, the best-sampled quadrats in Canada demonstrate a pattern that 

is increasingly becoming apparent across taxonomic groups and regions: that contrary to 

previous expectation, there is often little net change (and even small increases) in 

species richness at the plot-level (Vellend et al. 2013; Vellend et al. 2017; Dornelas et al. 

2019; Crossley et al. 2020). However, this observation may mask other diversity 

changes that are occurring; we find increasing community homogenization between 

assemblages, which is primarily driven by changes (gains and losses) among 

widespread species. These patterns do not negate previous work documenting 

widespread insect declines, such as those documenting decreases in total insect 

abundance (Hallmann et al. 2017; Lister & Garcia, 2018; Seibold et al. 2019; van Klink et 

al. 2020). Rather, they underscore the importance of studying multiple axes of 

biodiversity change in order to get a complete picture of how anthropogenic change is 

affecting local and regional diversity. Whether the biotic homogenization and increasing 

average range size of Canadian butterfly assemblages will continue as climate change 

proceeds, and what the implications of such changes might be, are other, open 

questions. 
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3.7. Supplementary Methods 

3.7.1. Choice of priors for Bayesian analysis of species-level trait 
associations 

Using each species’ grid-level presence and absence data, we constructed two 

separate models: one for local colonization (hereafter, “Gains”), and one for local 

extinctions (hereafter “Losses”). 

Both of our response variables are count data, necessitating the use of a Poisson 

or negative binomial distribution to model their respective distributions. The Pearson 

Chi2 dispersion statistic for both response variables were greater than 1, indicating 

possible overdispersion (Hilbe 2014; Hilbe 2015). Indeed, the SD was larger than the 

mean for both responses, thereby eliminating the possibility of using a Poisson 

distribution (which cannot deal with overdispersion as it assumes the variance and the 

mean are equal; Blasco-Moreno et al. 2019). A negative binomial distribution relaxes this 

variance assumption by including one parameter more than the Poisson regression that 

adjusts the variance independently from the mean (the “dispersion parameter”). 

As our response data is highly skewed and overdispersed, it is important to 

check whether there are more zero values in our response than would be expected. 

Although negative binomial distributions can deal with a moderate excess of zeros 

(Blasco-Moreno et al. 2019), we tested whether our data was excessively zero-inflated 

using the check-zeroinflation() function in the performance package in R (Lüdecke et al. 

2020). We found evidence of zero-inflation in our count data. Therefore, for both models, 

we used a zero-inflated negative binomial distribution to model our response variables. 

The formula for each model was as follows: 

i. # of Grid Cells Gained ~ Generalism Score + Mobility + Wingspan + Range 

Size + (1|Family) 

ii. # of Grid Cells Lost ~ Generalism Score + Mobility + Wingspan + Range Size 

+ (1|Family) 

We included 4 fixed effects and a random intercept for Family. All continuous 

predictors were standardized and centered at zero. We used weakly regularizing priors 
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for all predictors.  For fixed effects, we used a diffuse Gaussian distribution with mean 0 

and standard deviation of 3 for the slope. For the intercept, we again used a diffuse 

Gaussian prior with mean 0 and a standard deviation of 10. For the standard deviation 

associated with taxonomic structure (Family), we used a Cauchy distribution that 

constraints SD to be positive, with a mean of 0 and SD of 1. Default priors for the shape 

parameter and zero inflation probability (zi) were used. 

We constructed 4 Markov chains of 4000 iterations each, including a warm-up 

phase of 1000 iterations. We used an adapt_delta value of 0.99 to reduce the number of 

divergent transitions. To verify convergence, we visually investigated the chains, as well 

as the Rhat values. All Rhat values were equal to 1, indicating model convergence. 
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3.8. Supplementary Results 

3.8.1. Corrections for unequal sampling 

To investigate if and how unequal sampling between quadrats and time periods 

influenced our results, we began by assessing the number of singletons (species 

observed only once within a plot) and doubletons (species observed only twice within a 

plot) in our data. If there were very few singletons/doubletons, this may have suggested 

that sampling was “complete”. Unfortunately, there were many singletons and 

doubletons in our quadrats: an average of 10.07 singletons and 7.55 doubletons in Time 

1 (1945-1975), and 9.79 singletons and 7.01 doubletons in Time 2 (1985-2015). As 

average species richness levels were between 38.09 and 45.10 (depending on the time 

period), the number of singletons and doubletons seemed to be too high to disregard. 

We then examined coverage (sample completeness) across all quadrats in both time 

periods. Though mean sample completeness was relatively high (see Figure 3.7), at 

0.90 in Time 1 and 0.92 in Time 2, we decided to do several additional analyses to 

ensure we were making fair comparisons across assemblages. 

First, we used several nonparametric asymptotic species richness estimators to 

correct our observed species richness estimates for each quadrat and so to account for 

unseen species. Specifically, we used Chao1 (reported in Figure 3.1), ACE (Figure 3.8a 

and Jackknife1 (Figure 3.8b). All metrics yielded similar conclusions: a small, but 

statistically significant increase in quadrat-level species richness through time. Second, 

we used rarefaction to downsample all of our quadrats to the quadrat with the lowest 

sample size (Figure 3.9a) as well as the quadrat with the lowest coverage (Figure 3.9b). 

Interestingly, the changes in species richness were statistically insignificant with this 

approach, likely because this approach involves discarding data from the best-sampled 

quadrats, and as a result, was not able to detect any potential change in species 

richness. 

Finally, we repeated our Chao1, ACE and Jackknife1 species richness estimates 

with only quadrats that had >80% sample completeness (Figure 3.10). This narrowed 

the analysis down to 77 quadrats. Again, we found a small, but statistically significant 

increase in quadrat-level species richness through time with this approach. 
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Figure 3.7. Histogram of coverage (sample completeness) for (A) 1945-1975 and 
(B) 1985-2015. n=96 quadrats for each.  

Mean coverage in (A) is 0.90 (sd=0.09) and median coverage is 0.94. Mean coverage in (B) is 
0.92 (sd=0.08) and median coverage is 0.95.  
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Figure 3.8. Histograms of quadrat-level change in species richness between 
Time 1 (1945-1975) and Time 2 (1985-2015) for all well-sampled 
quadrats.  

(A) represents species richness change after correcting observed richness using the Abundance-
based Coverage Estimator (ACE); mean change is 4.73 (sd = 19.22), indicated by the dashed 
line. This is a statistically significant increase (95% CI 0.84 – 8.62, two-tailed unpaired t-test, 
t=2.41, df=95, p=0.02). (B) represents species richness change after correcting observed 
richness using the Jackknife1 estimator. Mean change is 5.75 (sd = 19.96), indicated by the 
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dashed line. Similarly, this is a statistically significant increase (95% CI 1.71 – 9.79, two-tailed 
unpaired t-test, t=2.82, df=95, p<0.01). n=96. 
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Figure 3.9. Histograms of quadrat-level change in species richness between 
Time 1 (1945-1975) and Time 2 (1985-2015) for all well-sampled 
quadrats.  

(A) represents species richness change after rarefying all quadrats to the lowest observed 
sampling level (51 observations); mean change is -0.30 (sd = 6.38), indicated by the dashed line. 
This is a statistically indistinguishable from 0 (95% CI -1.59 – 1.00, two-tailed unpaired t-test, t=-
0.45, df=95, p=0.65). (B) represents species richness change after rarefying all quadrats to the 
lowest observed coverage in each time period (0.56 and 0.60 respectively) Mean change is 1.49 
(sd = 9.06), indicated by the dashed line. Similarly, this is statistically indistinguishable from 0 
(95% CI -0.35 – 3.32, two-tailed unpaired t-test, t=-1.61, df=95, p=-0.11). n=96.  
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Figure 3.10. Histograms of quadrat-level change in species richness between 
Time 1 (1945-1975) and Time 2 (1985-2015) for all quadrats that had 
at least 80% coverage (sample completeness) in both time periods.  

Dashed lines show mean change in each quadrat. (A) represents species richness change after 
correcting observed richness using the Chao1 index; mean change is 5.01 (sd = 20.23). This is a 
statistically significant increase (95% CI 0.42 – 9.61, two-tailed t-test, t=2.17, df=76, p=0.03). (B) 
represents species richness change after correcting observed richness using the Abundance-
based Coverage Estimator (ACE); mean change is 5.16 (sd = 19.81). Similarly, this is a 
statistically significant increase (95% CI 0.66 – 9.65, two-tailed unpaired t-test, t=2.28, df=76, 
p=0.02). (C) represents species richness change after correcting using the Jackknife1 estimator. 
Mean change is 5.11 (sd = 20.54). Similarly, this is a statistically significant increase (95% CI 
0.45 – 9.78, two-tailed unpaired t-test, t=2.18 df=76, p=0.03). n=77 for each.  
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As incomplete sampling can similarly affect beta diversity estimates, we modified 

our beta diversity analysis by using the probabilistic abundance-based Chao-Sorensen 

index, which accounts for the effect of unseen shared species (Chao et al. 2005). This 

metric gives more weight to shared rare species, such that samples that share many 

rare species will receive higher similarity values. We report the results from all 96 

quadrats in Figure 3.2; however, we repeated this analysis with only the 77 quadrats 

with 80% sample completeness (similar to Figure 3.10) to ensure that low-sampled 

quadrats were not unduly affecting our results. And, satisfyingly, narrowing our analysis 

down to these best-sampled quadrats noticeably increased the levels of observed 

homogenization through time (see Figure 3.11), compared to using all 96 quadrats, 

indicating that our results are robust to unequal sampling within and between quadrats. 
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Figure 3.11. Density plots of site-level pair-wise beta diversity in Time 1 (1945-
1975) and Time 2 (1985-2015) for quadrats that had at least 80% 
coverage (sample completeness) in both time periods. 

The x-axis measures the Sorensen index of dissimilarity between two sites, where two sites with 
identical species composition will have a distance of 0. Dashed lines represent means for each 
time period. (A) represents the uncorrected pairwise distance values from the abundance-based 
Sorensen’s estimator; (B) displays the corrected Sorensen’s estimator values that takes unseen 
species into account. n = 77 quadrats for each.  
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3.8.2. Miscellaneous 

The distribution of the 96 sites in Canada are relatively well-distributed East-West 

(Figure 3.12). However, there are many fewer quadrats in the North compared to the 

South of Canada. Many of the quadrats that experienced both the greatest increases 

and decreases in species richness were located near one another (Figure 3.12). 

However, although they are in geographic proximity, many of these sites have very 

different land use histories and are warming at different rates (discussed in Chapter 5), 

which could potentially account for the very different biological responses between 

among them. 
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Figure 3.12. Maps of the sites that were adequately sampled and included in our 
study.  

(A) all grid cells included; (B) the 10 grid cells experiencing the greatest increase in species 
richness are highlighted in green, and the 10 grid cells experiencing the greatest decreases in 
species richness are highlighted in red. n = 96 grid cells.  
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There is a positive relationship between the number of 10 km x 10 km grid cells 

that a species occupies in Canada and the number of grid cells it occupies in its total 

North American range size (Figure 3.13). This points to two separate and potentially 

concurrent possibilities: firstly, that species that are widespread in Canada tend to also 

be widespread in North America. Therefore, the species that we classify as widespread 

species in our analysis are not simply species that have the majority of their ranges in 

Canada and are rare elsewhere, which would potentially mislead our conclusions. 

Secondly, that North America’s most widespread species also happen to be present in 

more of our 96 quadrats than narrow-ranged species (not unexpected, based on the first 

point). This may be due to either real distributional differences; or, the unintentional 

selection of assemblages where more widespread species happen to be present and 

narrow-ranged species happen to be absent. It is possible that we are not fully capturing 

colonization/extinction dynamics of small-ranged species because the quadrats used in 

this study do not intersect with much of their range (i.e. there are not enough small-

ranged species that occur in our 96 quadrats). If, instead, there were no correlation 

between North American range size and number of grid cells sampled in Time 1, this 

would suggest that the 96 best-sampled quadrats used in this analysis had captured 

equal amounts of all species’ ranges, and that observed patterns were not influenced by 

the spatial intersection of quadrats vs. ranges. 
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Figure 3.13. Species-level relationship between their log-transformed North 
American range size and the number of well-sampled grid cells in 
Canada (out of a possible 96 cells) that they occupied in Time 1 
(1945-1975). n = 265 species. 

North American range size was measured as the number of 10km x 10km grid cells that were 
occupied by a species.  
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Finally, we include the results from all quadrats sampled in Canada to ensure that the 96 

quadrats used in the final analysis were not an unintentionally biased subsample of all 

quadrats, and to ensure that the trends are consistent across Canada. 

  

Figure 3.14. Histogram of quadrat-level change in species richness between 
Time 1 (1945-1975) and Time 2 (1985-2015) for all quadrats, 
regardless of sampling intensity. 

Mean change is 7.49 species (sd = 18.16), indicated by the dashed line. This is a statistically 
significant increase (95% CI 6.64 – 8.33, two-tailed t-test, t=17.31, df=1762, p<0.01). n=1763. 
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Chapter 4.  
 
The spatial distribution of phylogenetic diversity 
through time 

4.1. Abstract 

A complete phylogeny forms the basis of some of the conservation questions I 

aim to address in my thesis. Complete phylogenies have proven crucial for testing most 

macroevolutionary hypotheses, as well as examining the effects of global change on 

diversity. Since extinction risk is often phylogenetically clustered, full phylogenies allow 

us to examine the traits that make certain groups more prone to extinction than others. 

They also allow us to make informed risk analyses about what genetic information 

should be prioritized. Regional or national-level phylogenies allow us to approach 

conservation at a local level, and yet are relatively rare. I built the first complete, dated 

phylogeny of all Canadian butterfly species using 7 nuclear and 1 mitochondrial marker. 

I map phylogenetic diversity (PD) at different time periods (1900-1975 and 1985-2015) at 

100 km x 100 km quadrats and look at the observed change in PD within grid cells 

through time. As expected, PD tends to be concentrated in areas of high species 

richness in Canada. I find that though there is much variation in average quadrat-level 

change in PD, there is no significant change, consistent with previous chapters. Further 

analyses with metrics that uncouple the effects of species richness from phylogenetic 

contributions could yield additional insights into how shared evolutionary history 

mediates responses to anthropogenic change. 

4.2. Introduction 

In the past decade, the study of phylogenetics has benefitted from improvements 

in computing capabilities and DNA sequencing techniques (Joly et al., 2013; Ronquist 

and Sanmartín, 2011). Vast amounts of genetic data are currently available, and these 

have been used to infer larger and, hopefully, more accurate phylogenies. In tandem, 

there has been increased awareness and appreciation of the role of phylogenetics both 

in fundamental understanding of broad-scale ecological and evolutionary patterns (see, 

e.g. Harvey and Pagel, 1991; Hernandez et al., 2013; Vamosi et al., 2014), and in 
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conservation (Moritz and Potter, 2013); the large dated phylogenies that we can 

increasingly infer are also being used as input data for multiple downstream analyses. 

Complete phylogenies are essential for testing many macroevolutionary 

hypotheses (Ricklefs, 2007; Bininda-Emonds et al., 1999), including the search for 

mechanisms behind variation in speciation and extinction rates (Ezard et al., 2013, Jetz 

et al., 2012) and the identification of key innovations that could have lead to these 

changes (Davies et al., 2004). Complete phylogenies are also useful for examining the 

effects of global change on diversity. Since extinction risk is often phylogenetically 

clustered (see, e.g., Vamosi and Wilson, 2008), full phylogenies allow us to query the 

traits that may make some taxa more prone to extinction than others. Finally, 

phylogenies allow us to make informed risk analyses about what genetic information we 

cannot afford to lose (Faith, 2008). For example, species with few closer relatives 

harbour more unique genetic information than those with many close relatives (Faith, 

1992).  

Phylogenetic diversity (PD) is a commonly-used metric that quantifies the total 

amount of evolutionary history in a set of species (e.g. those in a community), measured 

as the sum of the phylogenetic branch lengths connecting the species present (see 

Faith, 1992). The congruence and sensitivity to species losses between different 

biodiversity metrics (such as species richness, endemism and PD) is unclear (Forest et 

al., 2007; Rosauer & Jetz, 2015), particularly as communities likely lose species non-

randomly (e.g. via the effects of climate change; Willis et al., 2008). Investigating where 

metrics significantly deviate from one another can help with conservation planning 

(Winter et al., 2012), in order to ensure that protected areas capture as many facets of 

biodiversity as possible. 

Butterflies are one of the most well-studied groups of invertebrates, and much 

has been published regarding their evolutionary history (see, e.g., Wahlberg et al., 2009; 

Simonsen et al., 2011; Long et al., 2014). However, regional or national-level 

phylogenies are still rare (though see Zhang et al. 2019, preprint). Many changes in 

Canadian butterfly communities have been observed in response to climate change 

(White and Kerr, 2007; Kharouba et al., 2009; Kharouba et al., 2014) over the past few 

decades. A complete, species-level phylogeny would be useful for asking several 

conservation-relevant questions. 
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There has been some debate in the literature as to when the initial divergence of 

“true” butterflies (superfamily Papilionoidea) and moths occurred (Grimaldi and Engel, 

2005; Vane-Wright, 2004), particularly if the split took place prior to or following the 

Cretaceous-Paleogene (K/Pg) boundary (~66.5 MYA). Although many have postulated 

coevolution between Lepidoptera and their host plants (beginning with Ehrlich and 

Raven, 1964), the major angiosperm radiation occurred 100-140 MYA while early fossil 

work suggested a much more recent origin for butterflies (i.e. less than 70 MYA, and 

even post K/Pg; Vane-Wright, 2004).  Such a temporal mismatch might limit possibilities 

for deep coevolution between the two groups. However, recent molecular work 

(specifically the use of Bayesian relaxed clock methods; Wahlberg et al. 2013) has 

challenged this late diversification by placing the initial divergence (crown clade) of all 

extant Lepidoptera at approximately 215 million years ago (Wahlberg et al., 2013), with 

extant butterfly families diverging from the ancestral groups at approximately 110 million 

years ago (Heikkilä et al., 2012). This initial rapid divergence was followed by a period of 

no family-level diversification (Heikkilä et al., 2012) and decelerated speciation in some 

groups (Wahlberg et al. 2009); as such, the Cretaceous/Paleogene mass extinction 

event led to several lineage extinctions and near-demise of some families (Wahlberg et 

al., 2009). Although most extant families began rapidly diversifying once again just after 

the Cretaceous/Paleogene event (Condamine et al., 2012; Simonsen et al., 2010), which 

is apparent from the increase in diversification rate (Heikkilä et al., 2012), some families 

experienced a delay (see Sahoo et al. 2017). 

Dating the phylogeny of Lepidoptera is hampered by few (currently 49) fossils, 

most of whose taxonomic placement is imprecise (e.g. only to the subfamily level; De 

Jong, 2007). As such, their application as calibration points (minimum age) is limited, 

and must be done carefully as they can greatly influence molecular clock estimates. 

The phylogenetic structure within Papilionoidea (the superfamily containing all 

day-flying butterflies except the moth-like Hedyloidea) has also been a source of 

contention (Campbell et al., 2000). Consistently, five families have been placed inside 

this supergroup: Papilionidae, Nymphalidae, Pieridae, Riodinidae and Lycaenidae (Kim 

et al., 2010). Initially, Hesperiidae was placed as a sister group to these Papilionoidea 

(Scott, 1984), but many recent analyses have concluded that Papilionidae is most 

closely related to Hesperiidae, and these two are the sister clade to the rest of the “true” 

butterflies (Kawahara and Breinholt, 2014; Timmermans et al., 2014; Heikkilä et al, 
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2013). There is also uncertainty in the placement of Pieridae: early and mainly 

morphological analyses (Scott, 1984) found the following relationship: 

(Hesperiidae,((Papilionidae,Pieridae),(Nymphalidae,(Riodinidae, Lycaenidae)))); see 

Figure 4.1a. However, an alternative structure: 

(Papilionidae,(Hesperiidae,(Pieridae,(Nymphalidae,(Riodinidae,Lycaenidae))))) is well-

supported in more recent genetic (Wahlberg et al., 2005) and genomic analyses 

(Espeland et al. 2018); see Figure 4.1b. 

 

Figure 4.1 Hypothesized relationships among the 6 extant families of 
butterflies. 

(A) Relationships hypothesized by Scott, 1984; (B) Relationships found by Wahlberg et al. (2005). 

Here, I present the first complete and dated national-level phylogeny for all 308 

true butterflies in Canada using 8 mitochondrial and nuclear markers. I believe this 

phylogenetic tree will prove useful for many studies in ecology and evolution, however 

my primary goal in this Chapter is to track how the tree has shifted on the landscape as 

butterfly species react to ongoing anthropogenic change, using phylogenetic diversity 

(PD) as a metric. The ultimate goal is to forecast how ongoing changes will affect the 

shape and geographic extent of the butterfly evolutionary history in Canada. 

4.3. Methods 

4.3.1. Taxon Set and Taxonomic Data 

Members of all six families of butterflies can be found in Canada (Papilionidae, 

Hesperiidae, Pieridae, Nymphalidae, Lycaenidae and Riodinidae). Species were 

selected for this tree after consulting the most recent taxonomy of North American 

butterflies (Pelham, 2014) and consulting the available literature and expert opinion as to 
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which species are known to reside in Canada (Larrivée et al., 2014; Brock and Kaufman, 

2003; Layberry et al, 1998).  

A total of 308 species from Pelham (2014) were included in the final phylogeny 

(see Table 4.6 and 4.7 for a complete list of species). The taxonomy from Pelham (2014) 

was also used to assign taxon names and was the taxonomy used to place data-

deficient species (see below for details on how data deficient species were added). 

4.3.2. Molecular Data Sampling 

I used 8 genes to construct the phylogeny: one mitochondrial (COI) gene region 

and 7 protein-coding nuclear markers (CAD, EF- 1α, GADPH, IDH, MDH, RpS5, and 

wingless), totaling 7178 base pairs with gaps (see Table 4.3 for the length of each gene 

used and the frequency of each gene in the dataset). Although mtDNA data (specifically 

the COI gene) is more easily and widely available (Ratnasingham and Hebert, 2007) and 

has proven invaluable in the study of closely related taxa (including within Lepidoptera; 

Hajibabaei et al. 2007), because of the very low rate of recombination (Hebert et al. 

2003), it also carries many potential pitfalls in phylogenetic analyses (see Rubinoff and 

Holland (2005) for a discussion of these). Thus, many authors advocate using it in 

concert with other independent genetic markers, such as nuclear DNA (Rubinoff and 

Holland 2005). 

The large majority of my sequence data was obtained through GenBank (see 

Table 4.6 for ascension numbers). All of the sequence data used in the present study 

were downloaded on or before October 2018. Some nuclear data was provided by N. 

Wahlberg from previously published work (Heikkilä et al., 2012). 

Sequences were aligned in the multiple sequence alignment program MAFFT 

version 7 (Katoh and Standley, 2013), using the L-INS-i algorithm, which is considered 

to be the most accurate of the alignment methods (Katoh et al. 2005). I constructed 

individual gene trees in RAXML (Stamatakis, 2014) and examined the results for 

consistency across genes. Since there are many species that are completely lacking 

sequence data, I incorporated non-Canadian species (in the same genus) with sequence 

data to help infer the placement of these genera. 294 species had data for at least one 

gene, 29 of which were non-Canadian species representing Canadian genera. 
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4.3.3. Initial Data Tree 

A model of evolution was first determined using jModelTest (Darriba et al., 2012; 

Guidon and Gascuel, 2003) on individual gene regions. The model GTR + I + Γ 

consistently returned the lowest AIC score, and was therefore selected as the overall 

model of evolution.  

All of my subsequent phylogeny construction was done using Bayesian inference 

in BEAST v1.10 (Suchard et al. 2018). In large analyses where there are a significant 

amount of missing genetic data, a starting tree (a tree from which an MCMC tree search 

is initialized) can greatly improve the speed and efficiency of the tree search. This 

starting tree is then modified each search iteration and evaluated to see if it is a better fit 

to the data. 

The constant rate birth-death process is widely used as a prior distribution when 

modelling speciation and extinction. At any point in time during the process, each 

species has a constant probability of “dying” (going extinct), and a constant probability of 

giving “birth” (branching). However, the model is conditioned on observing n species at 

the present, and in order to estimate these instantaneous rates, it is assumed that all 

species which evolved under this model are sampled (Stadler, 2009). One of the 

challenges of building regional phylogenies is that they are, by definition, incomplete. In 

order to account for this, recent versions of BEAST include a parameter for “sampling 

probability” (the fraction of all living species within a clade that were sampled), which 

adjusts birth and death rates accordingly. I made use of that function here (see below). 

Missing base pairs (bp) were coded as “?” and clock model and substitution 

models were left unlinked for individual gene regions and parameter values for each 

were estimated separately (i.e. a separate GTR + I + Γ model was specified for each 

partition). The clock prior was also unlinked between genes and set to uncorrelated 

relaxed clock to allow branch lengths to vary across lineages and genes (Drummond 

and Rambaut, 2007). The tree prior was set to a Birth-Death Incomplete Sampling 

process with default priors on growth and death rates. I used a beta distribution for the 

sampling probability so that it resulted in a bell-shaped curve that constrained 95% of the 

distribution to be between 0.008 and 0.025 with a median of 0.015. This would 

correspond to between 12,000 and 37,500 extant Papilionidae species; the median 
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value of ~20,000 species is in line with current global diversity estimates (Espeland et al. 

2018). 

In order to satisfy downstream fossil calibrations, the starting tree must have 

nodes values (ages) that lie within the calibration constraints. As such, I used normal 

distributions to set an initial age value for the stem of Papilionidae (mean = 80 MYA, 

SD=0.1), the stem of Pieridae (mean = 80 MYA, SD=0.1), the stem of Nymphalidae 

(mean = 85 MYA, SD=0.1) and the stem of Lycaenidae (mean = 75 MYA, SD=0.1) using 

recent estimates of family ages (Espeland et al. 2018). 

In order to make the tree search more efficient, I imposed a series of 

uncontroversial topological constraints following the most up-to-date knowledge of the 

phylogenetic relationships within butterflies (Espeland et al. 2018). Firstly, I constrained 

all families to be monophyletic. As for the order of branching of families, all except 

Papilionidae were constrained to form a monophyletic group; Pieridae, Nymphalidae, 

Lycaenidae and Riodinidae were constrained to be a monophyletic group; Nymphalidae, 

Lycaenidae and Riodinidae were constrained to be a monophyletic group; and 

Lycaenidae and Riodinidae were constrained to be a monophyletic group. 

Using a series of hard topological constraints, 44 data-deficient species were 

constrained to their relevant genus, but free to float around within that genus (see Table 

4.7 for a list of data-deficient species). 

In order to add data-deficient species to the phylogeny using these topological 

constraints, the genera that they belonged to had to be monophyletic. However, in early 

trial runs, some taxa were consistently placed outside of their genus. For these genera, I 

conducted Shimodaira-Hasegawa (SH) tests, which use the null hypothesis that all 

topologies are equally good representations of the data. Unconstrained data trees were 

compared to taxonomy-constrained trees for all genera that exhibited non-monophyly. If 

there was additional taxonomic information for the subgenus, subgenera were also 

tested. For all tests, there was no evidence of a significant difference in tree likelihoods 

between the taxonomy-constrained tree and the data tree. This indicated that the data 

could not reject taxonomic constraints, and so genus and subgenus monophyly 

constraints were enforced. A list of the all of the constraints on the topology can be 

found in Table 4.8. 
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In order to assess whether these taxonomic constraints had significant impact on 

node heights, I compared node ages for a topologically unconstrained tree to one that 

constrained those genera to be monophyletic. I extracted and compared the heights of 

all crown and stem nodes across all genera for the constrained and unconstrained trees. 

The search for the starting tree was run for 50,000 generations with parameters 

logged every 1000 generations. The maximum clade credibility tree was then extracted 

via TreeAnnotator v.1.10 (found within the BEAST package) and used as the initial tree 

for subsequent phylogenetic reconstructions. 

4.3.4. Dating the Phylogeny 

After constructing the starting tree, I inferred the final phylogeny and times of 

divergence once again in BEAST 1.10. I used the same topological constraints, 

substitution model, clock model, tree prior (including birth rate, death rate and sampling 

probability) as in the starting tree. Additionally, I used a series of fossil calibrations in 

order to date the tree (see below for a full discussion of these). The search was 

conducted over 125 million generations with parameters logged every 10,000 

generations and convergence statistics analysed using Tracer (Rambaut et al., 2014), 

with the first 25% of runs discarded as burn-in. Summary trees were obtained in 

TreeAnnotator v1.8 with the same 25% of runs discarded as burn-in, and a threshold on 

posterior probability was set at 50% support; nodes with support below this value 

become polytomies. In order to account for phylogenetic uncertainty in the placement of 

data-deficient species in downstream analyses, a distribution of 1000 possible tree 

topologies was generated by randomly sampling from the posterior distribution of tree 

topologies (after the burn-in). These topologies are stored in Appendix B.  

4.3.5. Fossil Calibrations 

The fossil record for Lepidoptera is notoriously poor (Sohn et al. 2015) but a few 

well-documented and well-established fossils were used to date the tree (see Table 4.1). 

Since we are not sampling entire families and thus cannot accurately estimate the age of 

the crown for most clades, all of my fossils were used to constrain the age of the stem of 

the group of interest instead of the crown (Forest, 2009). As recommended by several 

authors (i.e. Yang & Rannala, 2006), lognormal distributions were used for fossil priors; 
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for specific values see Table 4.2. A hard minimum bound was set by the age of the fossil 

and a soft maximum bound was set by the origin of the angiosperms at 183 MYA (Bell et 

al. 2010), based on the assumption that all but the earliest Lepidoptera were constrained 

by the diversification of angiosperms (Condamine et al. 2012). A uniform prior was 

placed on the root of the tree, constraining it between 0 and 183 MYA (the origin of the 

angiosperms). 
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Table 4.1. List of relevant fossils used to help infer divergence times in the dated phylogeny.  

Fossil Name Family Date (hard 
minimum 
bound) 

Reference Estimated placement in the 
literature 

Conservative placement in 
BEAST priors 

Praepapilio Papilionidae 48 MYA Condamine et al (2013) Papilionidae family crown Stem of Papilionidae 

Nymphalites  Nymphalidae 34 MYA Emmel et al (1992) Unclear; some similarities to 
modern-day Marpesia, Anaea and 
Limenitis genera 

Stem of Nymphalidae 

Stolopsyche 
libytheoides 

Pieridae 34 MYA Braby et al. (2006); 
Heikkilä et al (2012) 

Ancestor or sister genus to Pieris 
(within Pierini tribe) 

Stem of Pieridae 

Oligodonta 
florissantensis 

Pieridae 34 MYA Braby et al. (2006); Similar to the Catasticta and 
Leodonta genera 

Stem of Pieridae 

Thaites ruminianus Papilionidae 30 MYA Condamine et al. 
(2012) 

Sister to Luehdorfiini or Zerynthiini 
tribes (within Parnassinae 
subfamily) 

Stem of Parnassinae 

Coliates proserpina 

 

Pieridae 30 MYA Braby et al. (2006) Close relative of Delias, Prioneris 
and Aporia genera 

Not used; older fossil used 
for stem of Pieridae 

Vanessa americindica Nymphalidae 23 MYA Emmel et al (1992) Split between Hypanartia and 
Vanessa genera 

Not used; older fossil used 
for stem of Nymphalidae 

Miopieris  

talboti 

Pieridae 5.33 MYA Braby et al. (2006) Close relative of the Pontia genus Not used; older fossil used 
for stem of Pieridae 

Doritites bosniaskii Papilionidae 5.33 MYA Condamine et al. 
(2012);  Nazari et al. 
2007 

Sister genus to Archon (Luehdorfiini 
tribe) 

Not used; older fossil used 
for stem of Papilionidae 

Estimated fossil placements in the literature are compared to my relatively conservative priors enforced in BEAST. 
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Table 4.2. List of fossil constraints and priors specified in dated phylogeny.  

Fossil/Prior 
Name 

Topological 
Constraint 

Hard 
minimum 
bound 

Soft 
maximum 
bound 

Lognormal 
density mean 

Lognormal 
density SD 

Vanessa 
americindica 

Stem of 
Nymphalidae 

34 MYA 183 MYA 108.5 

(μ = 4.3108) 

0.42 

Praepapilio Stem of 
Papilionidae 

48 MYA 183 MYA 115.5 

(μ = 4.2121) 

0.42 

Thaites 
ruminianus 

Stem of 
Parnassinae 

30 MYA 183 MYA 106.5 

(μ = 4.337) 

0.42 

Stolopsyche 
libytheoides 

Stem of 
Pieridae 

34 MYA 183 MYA 108.5 

(μ = 4.3108) 

0.42 

Parameters were specified so that the peak of the density is set by the mean (the difference between the hard 
minimum bound and the soft maximum bound). This standard deviation value splits the density to be 50:50 around the 
peak of the density, with 5% in the tail beyond the soft upper bound. 

Papilionidae (Praepapilio, Doritites bosniaskii) 

Praepapilio colorado and P. gracilis were first described by Durden and Rose 

(1978) in middle Eocene beds (which dates it between 38 and 48 million years ago 

(Cohen et al., 2013) and were considered to belong to the Papilionidae family. There are 

3 subfamilies within Papilionidae: Baroniinae (usually considered the oldest of the 

subfamilies (Caterino et al., 2001)), Parnassinae and Papilionidae. Praepapilio has one 

synapomorphy of the Papilionidae (a basal spur) but lacks a single anal wing vein that is 

present in Papilionidae and thus shares a character state with Baroniinae and 

Parnassinae. Therefore, due to the ambiguity in characters, there is disagreement as to 

whether it should be basal to the whole Papilionidae family (de Jong, 2007) or only to the 

Papilio genus (Nazari et al., 2007). As a conservative estimate, I used the fossil to 

represent a minimum age of 48 MYA for the stem of Papilionidae. 

Doritites bosniaskii is the sole member of its now-extinct genus, but 

morphological analyses place it sister to the modern-day Archon genus (Condamine et 

al. 2012; Nazari et al. 2007). As the Archon genus is not present in Canada, and since 

Doritites bosniaskii was dated to the late Miocene era (5.33-11.63 MYA), I decided not to 

use this fossil information in dating the phylogeny. 

Parnassinae (Thaites ruminianus) 

Thaites ruminianus, described by Scudder (1875), is another fossil from the 

Papilionidae family and is dated to the early Oligocene (28.4-33.9 MYA) (Condamine et 
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al., 2012). It is an obvious member of the Parnassinae subfamily, however the precise 

position of Thaites within Parnassinae is unclear (Nazari et al., 2007) since it shares 

synapomorphies with 2 exclusive tribes within the subfamily. Therefore, it was used to 

provide a conservative minimum age of 30 Ma for the stem of Parnassinae.  

Nymphalidae (Vanessa americindica, Nymphalites obscurum, Nymphalites 
scudderi) 

There are several fossils of the Nymphalidae family from the late Eocene (see 

Condamine et al., 2012 for examples). Scudder (1875) described Nymphalites obscurum 

and correctly placed it within Nymphalidae but its position within the family is less clear 

(Emmel et al., 1992) based on its unique combination of characters that are absent from 

any North American species. This specimen is dated to the late Eocene (38-34 MYA; 

Emmel et al., 1992). Similarly, Nymphalites scudderi bears some resemblance to 

modern-day Nymphalids but possesses some unique characters (such as the shape of 

the forewing) that make it difficult to place. This specimen is also dated to the late 

Eocene (Emmel et al. 1992). Therefore, I used the ages of these two fossils to constrain 

the minimum age of the Nymphalidae stem to 34 Ma.  

Vanessa amerindica, a fossil only named in 1989, bears enough resemblance to 

the modern-day Vanessa indica (currently found in Asia) to be confidently placed within 

the Vanessa genus (Emmel et al. 1992). However, it is dated to the Oligocene (23-34 

MYA), and so is younger than the Nymphalites fossils. As such, it was not used to 

constrain minimum ages in my analysis. 

Pieridae (Oligodonta florissantensis, Stolopsyche libytheoides, Coliates 
proserpina, Miopieris talboti) 

Similarly, there are a number of fossils from within Pieridae from the late Eocene 

period (see Heikkilä et al., 2012 and Braby et al., 2006), such as Stolopsyche 

libytheoides and Oligodonta florissantensis. Stolopsyche libytheoides is considered to be 

either the ancestor or sister taxon of the modern Pieris genus (a genus that is currently 

found in Canada). The placement of Oligodonta florissantensis is much less clear, and is 

likely related to the Leodonta and Catasticta genera (Braby et al. 2006), which are not 

found in Canada. 
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Other Pieridae fossils include Coliates proserpina and Miopieris talboti (Braby et 

al. 2006) but they are from the Lower Oligocene and Upper/Late Miocene epochs (30-

33.5 and 5.33-11.63) MYA respectively), and so are not informative about the crown or 

stem age of Pieridae. Therefore, we used the Stolopsyche libytheoides and Oligodonta 

florissantensis fossils to constrain the minimum age of the Pieridae stem to 34 MYA.  

4.3.6. Species Richness and Phylogenetic Diversity 

I divided Canada into a system of 100 km x 100 km grid cells and occurrence 

records were divided into two time periods: the historical distributions, 1900-1975 (Time 

1) and modern distributions, 1985-2015 (Time 2). I created a 10-year “buffer” between 

Time 1 and Time 2 in order to account for a potential lag effect in biodiversity responses 

to environmental change. In arthropods, a lag of 5-10 years has been demonstrated in 

diversity responses to land use change (Daskalova et al. 2020). This resulted in 104141 

records in Time 1 and 338042 records in Time 2.  

To measure species richness, I summarized the list of species present in each 

grid cell in Time 1 and repeated this for Time 2 as well as across the full time span 

(1900-2015). I then used the ‘pd’ function in the R package picante (Kembel et al. 2010) 

to calculate grid-level phylogenetic diversity for each time period as the length of the 

subtree linking all the species in that cell. I did not include the root in this calculation, as 

the phylogeny is root-less. I repeated this across all 1000 candidate tree topologies to 

account for phylogenetic uncertainty, and took the average value across all iterations. To 

measure change in species richness and PD through time, I subtracted the estimates for 

Time 1 from the estimates for Time 2. Finally, I plotted the results back onto a map of 

Canada for species richness and PD using the sp package (Pebesma and Bivand, 2005) 

in R. Note that these grid cells were not filtered by sampling effort, as was done in 

previous thesis chapters. 

4.4. Results 

Available molecular data was unevenly distributed across genes and species. 

The vast majority of species had at least some data available for the COI (mitochondrial) 

gene, while molecular data for all nuclear genes was much more sparse (Table 4.3). 

Overall, 67.2% of the data matrix was missing nucleotides, with the MDH gene having 



102 

the highest proportion of missing data (88.4%; Table 4.3). Additionally, some taxonomic 

groups were missing data for all genes for some members of their clade, while others 

had data for all members of their clades (Figure 4.2). For example, Papilionidae and 

Nymphalidae, both charismatic butterfly families had data for 94.4% and 95.1% of their 

taxonomic members, respectively, whereas Lycaenidae and Hesperiidae had data for 

76.1% and 74.3% of their members (Table 4.4, Figure 4.2, Table 4.7). 

Effective Sample Size (ESS; the number of effectively independent draws from 

the posterior distribution that the Markov chain is equivalent to) values were obtained in 

Tracer v.1.7.0 for three critical parameters: posterior (586), tree likelihood (1344) and 

root height (578). These values were above the best-practice threshold of 200, and thus 

indicated adequate posterior sampling. 

Table 4.3. Length (number of base pairs) of each gene used to construct the 
phylogeny, and frequency of each gene in the dataset. 

 COI CAD EF1-a GADPH IDH MDH RpS5 wingless 

# of base pairs 1752 850 1282 721 716 732 616 502 

% of base pairs 
missing 

44.1% 82.5% 59.4% 76.5% 85.7% 88.4% 74.1% 62.4% 

# of Canadian 
species 

260 62 155 76 48 53 78 149 

# of non-
Canadian 
species 

29 7 16 12 6 7 13 13 

 

Table 4.4. Taxonomic breakdown of species with and without genetic data, as 
well as the number of exotic species used in the phylogenetic inference of genus 
placement. 

Family # of Can. species 
with data 

# of Can. species 
missing data 

Total Canadian 
species 

# of exotic species 
used 

Hesperiidae 55 19 74 11 

Lycaenidae 54 17 71 6 

Nymphalidae 98 5 103 9 

Papilionidae 17 1 18 0 

Pieridae 39 2 41 3 

Riodinidae 1 0 1 0 

Total 265 44 308 29 
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Figure 4.2. Complete, dated phylogeny of all 308 Canadian butterfly species and the 29 non-Canadian species used to 
help infer placement of data-deficient genera, collapsed to genus and coloured by family. 

The proportion of grey area per genus corresponds to number of data-deficient species per genus. Posterior probability values for each node are 
illustrated. † indicates a non-Canadian species that were used to place genera within the phylogeny; multiple † symbols indicate the number of non-
Canadian species per genus. n=337 species. 
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All of the major and early splits in my tree were strongly supported, as evidenced 

by the high bootstrap values (Figure 4.2). However, there were some low-support nodes 

near the tips, particularly in groups that were data-deficient. I enforced monophyly on a 

total of 20 genera that possessed members without genetic data, in order to 

taxonomically constrain these data-deficient species to their genus (Table 4.8). 

Additionally, I enforced monophyly on the genus Parnassius, as the fossil Thaites was 

used to date the stem of Parnassius. 

 

Figure 4.3. The relationship between the crown age (in millions of years) of all 
multitaxa genera (A) or stem age of all genera (B) on a phylogeny 
where genera were not constrained to be monophyletic vs. a 
phylogeny where 21 genera (see Table 4.8 for a list) were 
constrained to be monophyletic. (A) n = 44 nodes; (B) n = 85 nodes. 

These taxonomic constraints did not seem to greatly influence my estimates of 

branching times however, as crown ages of genera on unconstrained trees were very 
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similar to those on constrained trees (Figure 4.3a). However, stem ages of genera on 

constrained trees had some deviations from those obtained on unconstrained trees 

(Figure 4.3b). Most notably, the genus Megathymus has a stem age of 32.8 MYA on the 

unconstrained tree, and 16.8 MYA on the constrained topology. This genus has only one 

member in Canada (Megathymus streckeri), and this species has data for all 8 genes. 

Additionally, the node above this tip is well supported (posterior support of 1) on the final 

version of the phylogeny (Figure 4.2). 

My estimates of crown ages for the 5 major families and the crown of butterflies 

was largely in line with what has been found in other studies (Table 4.5). Notably, my 

estimates tend to be younger than other, more global studies, which is to be expected as 

mine is a regional phylogeny and is missing representatives from many genera that 

aren’t found in Canada. 

Phylogenetic diversity in Canada is highest in the southern part of the country, 

particularly in southern Ontario, the interior of southern BC, and southern Manitoba 

(Figure 4.4). This is unsurprising, as this is where species richness in Canada is also 

concentrated (see Chapter 1). However, loss of quadrat-level PD through time seems to 

be highest in the prairies (Figure 4.5a) whereas gains seem to be highest in eastern 

Newfoundland and central BC and Alberta. Mean change in quadrat-level PD was 

156.46 (SD=493.04; Figure 4.5b). This was a small but statistically significant increase 

through time (95% CI 107.62 – 205.29, two-tailed t-test, t = 6.29, df = 393, p<0.001).  

In total, Canadian butterflies represent a combined 3950 million years of 

evolution. Notably, Apodemia mormo (the Mormon Metalmark) is the only member of the 

family Riodinidae present in Canada, and therefore possesses a lot of unique 

evolutionary history that is not shared with other species in Canada. It is also very 

spatially restricted to a small area in the Okanagan-Similkameen area of southern 

interior BC. 

Mean species richness change is positive (5.43, SD=19.89; Figure 4.6), 

indicating that most quadrats gained more species than they lost, and is consistent with 

earlier findings in Chapter 3 (however, it should be noted that these richness estimates 

are not adjusted using the Chao1 index, unlike in Chapter 3). Change in phylogenetic 

diversity within a quadrat through time increases relatively linearly with species richness 
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change (Figure 4.6). This is unsurprising as PD is mathematically related to species 

richness (Schweiger et al. 2008). However, it also means that in cells that have 

experienced large richness declines have also lost large swaths of unique evolutionary 

history.  
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Table 4.5. A comparison of estimates of crown ages (in millions of years) of 5 major butterfly families inferred here and 
in previous studies.  

Studies Crown Ages of Butterfly Clades 

Papilionoidea Papilionidae Hesperiidae Pieridae Nymphalidae Lycaenidae 

This study 104.6  

(81.5-131.4) 

70.1  

(52.9-89.9) 

56.5  

(42.8-71.3) 

64.8  

(49.2-82.1) 

87.1  

(67.11-109.5) 

58.3  

(42.5-74.7) 

Espeland et al. (2018) 119 (91-143) 84 (63-109) 79 (60-99) 87 (67-108) 91 (71-112) 78 (60-96) 

Cong et al. (2017) 133 (102-162) N/A 90 (33-113) N/A 87 (69-104) N/A 

Heikkila et al. (2012) 110 (92-128) 75 (62-88) 65 (54-79) 80 (67-97) 87 (74-101) 73 (58-84) 

Wahlberg et al. (2009) 104 (93-116) 63 (52-76) N/A 73 (57-86) 94 (84-104) 75 (63-86) 

Credibility or confidence intervals, depending on dating method used, are shown in parentheses. Adapted from Espeland et al. (2018). 
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Figure 4.4.  Map of phylogenetic diversity (PD) of Canadian butterflies across all 
cells sampled between 1900 and 2015.  

Cell sizes are 100km x 100km. Grey cells indicate unsampled areas. PD values in each cell were 
calculated across 1000 candidate topologies, and represent the average value across all 
topologies. n = 756 quadrats. 
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Figure 4.5. (A) Map of the change in phylogenetic diversity (PD) of Canadian 
butterflies between 1900-1975 and 1985-2015. Only cells sampled in 
both time periods were included. (B) Histogram of quadrat-level 
change in PD (averaged across all 1000 candidate topologies) 
between 1900-1975 and 1985-2015 

Cell sizes are 100km x 100km. (A) Grey cells indicate unsampled areas. PD values in each cell 
were calculated as the average across 1000 candidate topologies. (B) Mean PD change was 
+156.45 MY (SD=493.04) and is indicated by the dashed line. n = 394 quadrats.  

  

  

−1000

0

1000

Change in PD

0

10

20

30

40

−2000 −1000 0 1000 2000

Change in PD

C
o

u
n
t

A. 

B. 

500 

1000 km 0 



110 

 

Figure 4.6. Quadrat-level change in species richness (SR) vs. change in 
phylogenetic diversity (PD) in millions of years (MY) between 1900-
1975 and 2000-2015. n = 394 quadrats. 

4.5. Discussion 

Sparse data matrices may result in low support values for nodes in trees as well 

as issues with convergence. This may be due to the inferences of many trees with near-

identical likelihood scores, making it difficult to resolve real nodes (Sanderson et al. 

2011) which then contributes to the non-monophyly of some clades across candidate 

topologies (Burleigh et al. 2015). To reduce sparseness, much debate has occurred over 

the past decade over whether efforts should be prioritized toward increasing taxon 

sampling or character sampling for phylogenetic inference (Nabhan and Sarkar, 2011). 

When the data set includes only a few taxa that diverged a long time ago, the addition of 

more taxa seems to be most beneficial (Hillis et al. 2003). However, when the 

divergence times among taxa are short, then the addition of characters is preferred.  

One of the difficulties in my phylogenetic inference is that I have both situations: 

very old divergences between families (ranging from 63-90 MYA; Table 4.5), as well as 
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very recent divergences within genera. As such, converging on a topology was difficult in 

early runs. Two strategies aided: the addition of a starting tree, as well as accounting for 

proportion of sampling in the prior on tree shape. 

Starting trees can greatly improve the speed and efficiency of the tree search 

and faster convergence (Stamatakis et al. 2020). Assuming complete species sampling 

has been shown to lead to biased parameter estimates in Birth-Death models (Warnock 

et al. 2020) as well as problematic reconstruction and low resolution. Because 

incomplete species sampling can result in trees containing relatively long terminal 

branches, sparsely sampled data sets are more likely to be affected by Long Branch 

Attraction (LBA) and can converge on inconsistent and incorrect topologies (Heath et al. 

2008). Incomplete sampling can also result in the underestimation of branch lengths in 

sparsely sampled regions of the tree because less information is available to infer the 

history of unobserved substitutions that took place in ancestral lineages. This mis-

estimation of branch lengths can, in turn, lead to biased tree topologies (Xia, 2006). 

Thus, accounting for incomplete species sampling in my phylogenetic inference helped 

reduce these issues and aid convergence on a more consistent topology. 

The aim of my study was to construct a regional phylogeny with the best-possible 

divergence times that were in line with other recent, more global phylogenies. I did not 

aim to upend or call into question previously-determined estimates. A recent whole-

genome phylogeny of North American butterflies yielded a topology that overwhelmingly 

agrees with mine (Zhang et al. 2019, preprint), both at deeper, family-level nodes as well 

as more shallow splits. For example, the authors reclassify some members of the 

Poanes genus as a new genus (Lon) due to not all members being monophyletic when 

using whole-genomic data to construct the phylogeny. However, this new genus is still 

the closest relative to Poanes in their topology. Although these species are named 

Poanes in my phylogeny, the reclassification does not conflict with the topology I 

inferred, as the genera remain closest relatives to one another in both analyses 

(regardless of their name). As such, I am satisfied that my phylogeny is uncontroversial 

in terms of the topology as well as divergence ages, and that it yields reliable metrics of 

phylogenetic diversity in downstream analyses. 

I found a small, but significant increase in quadrat-level PD through time. Though 

at a different spatial scale than the analysis performed in Chapter 3, this finding is 
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consistent with the findings of that chapter: a very small but significant increase in 

species richness through time. As in Chapter 3, much of this is likely attributable to the 

spread of introduced species (Thymelicus lineola, Polyommatus icarus and Pieris rapae) 

into new areas in Canada, as well as the range expansions of others (Erynnis baptisiae, 

Papilio cresphontes and Coenonympha tullia) that add large amounts of often novel 

evolutionary history (and so, PD) to grid cells. Have these changes in PD (gains or 

losses) resulted in communities that are more phylogenetically clustered or 

overdispersed? Is there spatial autocorrelation in the results? If so, it may indicate that 

there are landscape-level changes resulting in community, and thus phylogenetic, 

change. My next chapter will examine both these questions. 

Notably, my estimates of grid-level PD were not adjusted for uneven and 

incomplete sampling, and so are likely an underestimate of true PD (Chao et al. 2015). 

Methods to adjust PD estimates based on Hill’s numbers have recently emerged (Chao 

et al. 2015; Li 2018), and this is an avenue of investigation worth pursuing. In the 

meantime, the spatial distribution of PD I report here should be considered as a relative 

and conservative distribution. 

Both the construction of a phylogeny of Canadian butterflies and the mapping of 

that diversity are novel analyses that may inform biodiversity efforts in Canada in the 

future. My analyses show that i. phylogenetic diversity is not distributed evenly in space 

in Canada; and ii. the distribution of phylogenetic diversity in Canada is changing 

alongside alpha diversity (Chapter 1) and beta diversity (Chapter 3). If we want to 

preserve multiple facets of biodiversity for conservation, prioritizing areas of high PD and 

species of high phylogenetic distinctiveness might be considered alongside other 

criteria. 
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4.7. Supplementary Methods 

4.7.1. Genetic data used in the construction of the phylogeny 

Table 4.6. List of species and their respective GenBank sequence accession numbers for the 8 genes used to construct 
the phylogeny.  

* indicates sequences that were donated by Nikolas Walhberg  
† indicates non-Canadian species that were used to place genera within the phylogeny and subsequently dropped from the final phylogeny. 

Species CAD COI EF1-a GADPH IDH MDH RPS5 wingless 

Abaeis nicippe - GU089559 - - - - - - 

†Achalarus albociliatus - KY019648.1 - - - - - - 

Achalarus lyciades - NC_030602.1
:1241-2774 

- - - - - - 

†Achalarus toxeus - GU149308 - - - - - - 

†Aglais io *NW63-16 KM592970.1:
1454-2984 

*NW63-16 FJ639521 - *NW63-16 FJ639576 AF412766 

Aglais milberti *NW77-14 AY248787.1 *NW77-14 FJ639523 *NW77-14 *NW77-14 FJ639578 AY248828.1 

Agraulis vanillae *NW152-16 GQ864730.1 DQ922873.1 KP073355.1 KP073632.1 GQ865162.1 GQ865383 KF277395.1 

Agriades glandon GQ128557.1 EU330439.1 EU326285.1 - - - - GQ128839.1 

Agriades optilete - GQ129011 - - - - - - 

†Amblyscirtes exoteria KY045514.1 KY019655.1 EU364274.1 KY027469.1 KY027731.1 KY027973.1 KY028491.
1 

EU364072.1 

Amblyscirtes vialis - JF841299.1 - - - - - - 

Anatrytone logan KY045518.1 KY019659.1 EU364270.1 KY027473.1 KY027735.1 KY027977.1 KY028498.
1 

- 

Ancyloxypha numitor KY045521.1 KY019662.1 EU364258.1 KY027476.1 KY027738.1 KY027980.1 KY028498.
1 

- 



114 

Species CAD COI EF1-a GADPH IDH MDH RPS5 wingless 

†Anthocharis belia KM046494.1 KM046798.1 AY870560.1 KM046840.1 KM046734.1 KM046671.1 KM046600.
1 

AY954604.1 

Anthocharis sara - KU874145.1 - - - - - - 

†Anthocharis scolymus - GU372556.1 GU372647.1 - - - - - 

Apodemia mormo - NC_024571.1
:1470-3005 

EU520324.1 - - - - KT285983.1 

Ascia monuste KM046498.1 KM046802.1 AY870582.1 KM046845.1 KM046738.1 KM046678.1 KM046605.
1 

KM046565.1 

Asterocampa celtis - *NW120-2 GQ864832 - - - - *NW120-2 

Asterocampa clyton - AB501199.1:1
-1544 

- - - - - AF246556.1 

Atalopedes campestris - KY019674.1 EU364267 KY027486.1 KY027748.1 KY027992.1 KY028507.
1 

EU364067.1 

Atrytonopsis hianna - KT139715.1 - - - - - - 

†Atrytonopsis ovinia - DQ291894.1 - - - - - - 

Battus philenor  - AF170875.1:1
2-1542 

AF173415 - - - - DQ351130.1 

Boloria alaskensis  HQ161227 HQ161299 - - - - HQ161172 

Boloria alberta - HQ161243 HQ161315 - - - - HQ161186.1 

Boloria astarte - HQ161229.1 HQ161301 - - - - HQ161174.1 

Boloria bellona - HQ161290.1 HQ161356 - - - - AF246530 

Boloria chariclea - HQ161276.1 HQ161333.1 - - - - HQ161205.1 

Boloria epithore - AF170862.1:1
2-1542 

HQ161305 - - - - HQ161177 

Boloria eunomia - HQ161271.1 HQ161337.1 - - - - HQ161202.1 

Boloria freija - HQ161273.1 HQ161312 - - - - HQ161203.1 
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Species CAD COI EF1-a GADPH IDH MDH RPS5 wingless 

Boloria frigga - HQ161275 HQ161341 - - - - HQ161204 

Boloria improba - HQ161237.1 HQ161293 - - - - HQ161166 

Boloria natazhati - HQ161291 HQ161357 - - - - HQ161219 

Boloria polaris - HQ266652 HQ266658.1 - - - - HQ266646 

Boloria selene - HQ161222.1 HQ161294.1 - - - - AY090134.1 

Callophrys affinis - HQ918886.1 - - - - - - 

†Callophrys chalybeitincta - JF810410.1 - - - - - - 

Callophrys gryneus - KT133344.1 - - - - - - 

Callophrys henrici - KP150273.1 - - - - - - 

Callophrys irus - KP150261.1 - - - - - - 

Callophrys johnsoni - KC473847.1 - - - - JN000853.
1 

- 

Callophrys niphon - KP150297.1 - - - - - - 

Callophrys polios - MF957135.1 - - - - - - 

†Callophrys rubi - HQ004146.1 - - - - - - 

Callophrys spinetorum - KC473851.1 - - - - JN000839.
1 

- 

Calpodes ethlius KY045546.1 KY019690.1 EU364289 KY027500.1 - KY028006.1 - JQ786715.1 

Calycopis cecrops - GU089704 - - - - - - 

Carterocephalus palaemon KY045552.1 KY019697.1 EU364183.1 KY027507.1 KY027763.1 KY028014.1 KY028529.
1 

EU363990.1 

†Carterocephalus silvicola JN204936.1 NC_024646.1
:1484-3014 

JN204979.1 - JN205003.1 JN205021.1 JN205030.
1 

JN204921.1 

Celastrina echo - GQ129018.1:
1-1493 

GQ128707.1 - - - - GQ128918.1 

Celastrina ladon - GU438796.1 - - - - - - 
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Species CAD COI EF1-a GADPH IDH MDH RPS5 wingless 

Celastrina lucia - HM415089.1 - - - - - - 

Celastrina neglecta EU141297.1 EU141355.1 EU136662.1 EU141480.1 EU141533.1 EU141598.1 - EU141236.1 

Celastrina serotina - KY020378.1 - - - - - - 

†Cercyonis meadii - GQ357250.1 GQ357316.1 GQ357511.1 - - GQ357637.
1 

GQ357383.1 

Cercyonis oetus - JF841058.1 - - - - - - 

Cercyonis pegala - AY218239.1 KT448650.1 - - - - AY218277.1 

Cercyonis sthenele - KT126057.1 - - - - - - 

Chlosyne acastus - AF187735.2 *NW35-15 - - - - AY788486.1 

Chlosyne damoetas - *NW122-13 *NW122-13 - - - - *NW122-13 

Chlosyne gorgone - AF187772.2 *NW34-4 - - - - AY788489.1 

Chlosyne harrisii - AF187773.2 AY788729 - - - - AY788490.1 

Chlosyne hoffmanni - KM042298.1 KM042267.1 - - - - KM042225.1 

Chlosyne nycteis - AF187788.2 *NW34-5 - - - - AY788493.1 

Chlosyne palla - AF187791.2 AY788733 - - - - AY788494.1 

Chlosyne whitneyi - KM042288.1 KM042266.1 - - - - KM042218.1 

Coenonympha tullia - AF170860.1:1
2-1542 

AF173399.2 - - - KF721248.
1 

DQ351126.1 

Colias alexandra - KT144569.1 - - - - - - 

Colias canadensis - EU583874.1 - - - - - - 

Colias christina - JF841246.1 - - - - - - 

Colias eurytheme - AF044024.1:1
1-1541 

AF173400.2 - - - - AF537291.1 

Colias gigantea - JF841254.1 - - - - - - 

Colias hecla - EU583868.1 - - - - - - 
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Species CAD COI EF1-a GADPH IDH MDH RPS5 wingless 

Colias interior - FJ851616 FJ851622.1 - - - - HM236309.1 

Colias meadii - EU583863.1 FJ851628.1 - - - - FJ851647.1 

Colias meadii elis - EU583862 - - - - - - 

Colias nastes - GU096735.1 - - - - - - 

Colias occidentalis - KM540112.1 - - - - - - 

Colias palaeno GU828181.1 GU828486.1 GU829301.1 GU829810.1 GU830077.1 GU830394.1 GU830680.
1 

GU829570.1 

Colias pelidne - FJ851617 HM236306.1 - - - - - 

Colias philodice KM046507.1 EU583856.1 DQ157890.1 KM046854.1 KM046747.1 KM046684.1 KM046613.
1 

AF537292.1 

Colias tyche - HQ570192.1 - - - - - - 

Cupido amyntula - JF841050.1 - - - - - - 

Cupido comyntas GQ128571.1 GQ128954.1:
1-1493 

GQ128643 - - - - - 

Danaus plexippus *NW108-21 DQ018954 DQ018921 EU141486 EU141540 EU141605 EU141382 DQ018891 

Echinargus isola GQ128566.1 DQ018947.1 DQ018914.1 - - - - DQ018885.1 

Epargyreus clarus - GU089840.1 - - - - - EU442878.1 

†Erebia cassioides - KR138758.1 - KR139010.1 - - KR138892.
1 

KR139120.1 

Erebia disa - KR138841.1 - - - - KR138971.
1 

KR139165.1 

Erebia discoidalis - KR138807.1 - KR139048.1 - - KR138937.
1 

KR231860.1 

Erebia epipsodea - KT448682.1:1
-1552 

KT448651.1 KR139022.1 - - KR138908.
1 

KT448711.1 

†Erebia euryale KU577142.1 KR138833.1 - KR139072.1 KU577237.1 KU577243.1 KR138963.
1 

KR231863.1 
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Species CAD COI EF1-a GADPH IDH MDH RPS5 wingless 

Erebia fasciata - KU874992.1 - KR138999.1 - - KR138880.
1 

KR139107.1 

Erebia lafontainei - KR138795.1 - KR139038.1 - - KR138923.
1 

KR139152.1 

†Erebia ligea - KR138753.1 DQ338922.1 KR138989.1 - - KR138890.
1 

KR139115.1 

Erebia mackinleyensis - KR138793.1 - KR139036.1 - - KR138921.
1 

KR139150.1 

Erebia magdalena - KR138777.1 - KR139023.1 - - KR138909.
1 

KR139135.1 

Erebia mancinus - KR138792.1 - KR139035.1 - - KR138920.
1 

KR139149.1 

Erebia occulta - KU874996.1 - - - - - - 

Erebia pawloskii - KR138809.1 - KR139050.1 - - KR138939.
1 

KR139157.1 

Erebia rossii - KR138800.1 - KR138993.1 - - KR138929.
1 

KR139101.1 

Erebia vidleri - AB324843 - - - - - - 

Erebia youngi - KR138791.1 - KR139033.1 - - KR138918.
1 

KR139147.1 

†Erora badeta - GU153153.1 - - - - - - 

Erynnis afranius KY045593.1 KY019747.1 EU364173.1 KY027549.1 - KY028058.1 KY028572.
1 

EU363980.1 

Erynnis brizo - KT144025.1 - - - - - EU442873.1 

Erynnis funeralis - MF547081.1 - - - - - EU442866.1 

Erynnis horatius KY045594.1 KY019748.1 EU364172.1 KY027550.1 - KY028059.1 KY028574.
1 

EU363979.1 

Erynnis icelus - JF841281.1 - - - - - EU442869.1 
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Species CAD COI EF1-a GADPH IDH MDH RPS5 wingless 

Erynnis juvenalis - KT622324.1 - - - - - - 

Erynnis lucilius - KT128295.1 - - - - - - 

Erynnis martialis - - - - - - - EU442868.1 

†Erynnis montanus - NC_021427.1
:1508-3043 

- - - - - - 

Erynnis pacuvius - - - - - - - EU442864.1 

Erynnis persius - JF841280.1 - - - - - EU442853.1 

Erynnis propertius - FJ041310 - - - - - EU442835.1 

†Erynnis tristis - AF170858.1:1
2-1542 

AF173397.1 - - - - EU442858.1 

Euchloe ausonides KM046519.1 KM046809.1 AY870558.1 KM046866.1 KM046756.1 KM046693.1 KM046626.
1 

KM046574.1 

Euchloe creusa - KU875022.1 - - - - - - 

†Euchloe hyantis - FM196522 - - - - - - 

Euchloe lotta - FR728201 - - - - - - 

Euchloe naina - KU875023.1 - - - - - - 

Euchloe olympia - KT127555.1 - - - - - - 

Euphilotes ancilla - KC710407 KC710444.1 - - - - - 

Euphilotes battoides - JF262047.1:1
-1497 

AY675365.1 - - - - - 

Euphilotes enoptes - AY675410.1:1
-1261 

AY675363.1 - - - - GQ128921 

Euphydryas anicia - AF186926 *NW11-7 - - - - KJ906604 

Euphydryas chalcedona - AF187752.2 AY788744 - - - - KJ906604.1 

Euphydryas editha - AF187765.2 AY788745.1 - - - - AY788506.1 

Euphydryas gillettii - AF187771.2 AY788746 - - - - AY788507.1 
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Species CAD COI EF1-a GADPH IDH MDH RPS5 wingless 

Euphydryas phaeton GQ864647 AF187797.2 AY788747 GQ864965 - GQ865208 GQ865434 AY788508.1 

†Euphyes peneia - GU155404 - - - - - - 

Euphyes vestris KY045596.1 KY019750.1 EU364272.1 KY027552.1 KY027803.1 KY028061.1 KY028575.
1 

- 

Euptoieta claudia GQ864650 DQ922864.1 DQ922896.1 GQ864967 GQ865095 GQ865211 GQ865437 DQ922832 

Euptoieta hegesia - DQ922865.1 DQ922897 - - - KM013207 DQ922833 

Eurema mexicana KM046520.1 AY954568 AY870563 KM046868.1 KM046758.1 KM046695.1 - AY954598.1 

Eurytides marcellus - AF044022.1:1
7-1547 

AF044815 - - - - DQ351128.1 

Feniseca tarquinius KF787490.1 KF787220.1 - KP215699.1 - - - - 

Glaucopsyche lygdamus KT286292.1 FJ808849 AY675364.1 - - - - KT285981.1 

Glaucopsyche piasus - JF262056.1:1
-1494 

JF271993 - - - - HQ918001.1 

Hesperia assiniboia - HM415277.1 - - - - - - 

Hesperia comma - HM860435.1 - - - - - AY700706.1 

Hesperia dacotae - JX679242 - - - - - - 

†Hesperia florinda - AB192493 - - - - - - 

Hesperia juba - - - - - - - AY700754.1 

Hesperia leonardus KY045611.1 KY019768.1 EU364265 KY027568.1 KY027815.1 KY028076.1 KY028586.
1 

EU364065.1 

Hesperia nevada - - - - - - - AY700757.1 

Hesperia sassacus - KM553868.1 - - - - - - 

Hylephila phyleus KY045618.1 AF170859.1:1
8-1548 

AF173398.1 KY027575.1 KY027822.1 KY028084.1 KY028591.
1 

DQ351124.1 

Icaricia acmon - AF170864 - - - - - - 
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Species CAD COI EF1-a GADPH IDH MDH RPS5 wingless 

Icaricia icarioides GQ128580.1 GQ128963.1:
1-1493 

GQ128652.1 - - - - GQ128861.1 

Icaricia lupini - GQ128964 - - - - - - 

Icaricia saepiolus GQ128583.1 GQ128966.1:
1-1493 

GQ128655.1 - - - - - 

Icaricia shasta GQ128584.1 GQ128967.1:
1-1493 

GQ128656 - - - - GQ128864.1 

Junonia coenia KM013160 NC_028207.1
:1490-2987 

EU053331.1 KM013294 - KM013252 - KJ906605.1 

Leptotes marina - GQ129025.1:
1-1493 

GQ128714.1 - - - - GQ128926 

Lerema accius - HQ583513.1 - - - - - - 

Lethe anthedon - GQ357188.1 GQ357257 GQ357393 - - GQ357522.
1 

GQ357322 

†Lethe diana - AB327283 KM200194.1 KM200250.1 - - KM200275.
1 

KM200292.1 

Lethe eurydice - DQ338772.1 DQ338914.1 GQ357395.1 - - GQ357524.
1 

DQ338621.1 

†Lethe minerva EU141309.1 DQ338768 DQ338909.1 EU141492.1 EU141546.1 EU1416x11.1 EU141387.
1 

DQ338616.1 

Libytheana carinenta GQ864673 GQ864786.1 GQ864880 - GQ865118 - GQ865462 GQ864474 

Limenitis archippus - DQ205109.1:
1-1208 

DQ208217.1 HQ291194 HQ291220 - HQ291247 GQ985317.1 

Limenitis arthemis - EU121990 DQ208219 HQ291196 HQ291218 - HQ291249 JQ786885.1 

Limenitis lorquini - DQ205106.1:
1-1208 

EF643326.1 HQ291198 HQ291225 - - EU433944 

Limenitis weidemeyerii - DQ205101.1:
1-1208 

EF643347.1 HQ291199 HQ291228 - HQ291251.
1 

GQ985322.1 
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Species CAD COI EF1-a GADPH IDH MDH RPS5 wingless 

Lycaena cupreus - FJ490471 FJ490499.1 - - - - - 

Lycaena dione - FJ490480 FJ490508.1 - - - - - 

Lycaena dorcas - FJ490485.1 FJ490514.1 - - - - - 

Lycaena dospassosi - HM436370.1 FJ490515 - - - - - 

Lycaena editha - FJ490476 FJ490504 - - - - - 

Lycaena epixanthe - HM415082.1 - - - - - - 

Lycaena helloides - AY954562.1 DQ018915.1 - - - - AY954592.1 

Lycaena heteronea - EU330432 EU326289.1 - - - - - 

Lycaena hyllus - FJ490479 - - - - - - 

Lycaena mariposa - FJ490487 FJ490516.1 - - - - - 

Lycaena nivalis - EU330433 EU326288.1 - - - - - 

Lycaena phlaeas - NC_023087.1
:1463-2969 

FJ490517 AB696721.1 - - - - 

Lycaena rubidus - EU330442.1 FJ490495 - - - - - 

Megathymus streckeri KY045632.1 EU364504.1 EU364299 KY027589.1 KY027836.1 KY028099.1 KY028606.
1 

EU364094 

Megisto cymela *CP21-04 GQ864789.1 AY509084.1 GQ864996.1 *CP21-04 *CP21-04 GQ357569.
1 

GQ357341.1 

Nathalis iole KM046542.1 AY954569.1 AY870562.1 - KM046775.1 KM046714.1 KM046648.
1 

AY954599.1 

Neominois ridingsii - DQ338870 DQ339026.1 - - - - DQ338735 

Neophasia menapia - KM046824.1 AY870536.1 KM046890.1 - - KM046649.
1 

DQ082814.1 

Notamblyscirtes simius KY045515.1 KY019656.1 EU364275.1 KY027470.1 KY027732.1 KY027974.1 KY028492.
1 

EU364073.1 

Nymphalis antiopa - AY218246.1 *NW70-2 FJ639524 - - FJ639579 AY218284.1 
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Species CAD COI EF1-a GADPH IDH MDH RPS5 wingless 

Nymphalis californica *NW74-14 AY248789.1 *NW74-14 FJ639525 *NW74-14 *NW74-14 FJ639580 AY248830.1 

Nymphalis l-album *NW78-1 AY248791 *NW78-1 FJ639526 *NW78-1 *NW78-1 FJ639581 AY248832 

Oarisma garita KY045659.1 KY019824.1 EU364259.1 - - KY028124.1 KY028638.
1 

EU364059.1 

†Ochlodes ochracea - AB192492 KM669655.1 - - - - - 

Ochlodes sylvanoides KY045660.1 KY019825.1 DQ018902.1 KY027616.1 KY027861.1 KY028125.1 KY028639.
1 

DQ018872.1 

Oeneis alberta - FJ808851 - - - - - - 

Oeneis alpina - LC155480.1 LC155660.1 - - - - - 

Oeneis bore - LC155481.1 LC155661.1 KP888702.1 - - KP888737.
1 

KP888775.1 

Oeneis chryxus - *NW79-1 EU326283.1 KP888713.1 - - KP888748.
1 

KP888788.1 

Oeneis jutta - DQ018958.1 DQ018925.1 GQ357506.1 - - GQ357632.
1 

DQ018896.1 

Oeneis macounii - *NW79-5 - - - - - - 

Oeneis melissa - KP888679.1 LC155637.1 KP888719.1 - - - KP888797.1 

Oeneis nevadensis - *NW79-9 - - - - - - 

†Oeneis norna - LC155450.1 LC155630.1 KP888725.1 - - KP888757.
1 

KP888802.1 

Oeneis polixenes - LC155482.1 LC155662.1 - - - - - 

Oeneis uhleri - FJ808863 LC155665.1 - - - KP888766.
1 

KP888811.1 

Panoquina ocola KY045669.1 KY019837.1 EU364290 KY027625.1 KY027868.1 KY028134.1 KY028647.
1 

- 

Papilio brevicauda - HM416180.1 - - - - - - 
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Species CAD COI EF1-a GADPH IDH MDH RPS5 wingless 

Papilio canadensis - AF044014.1:1
1-1541 

AF044816.2 - - - - AY569125.1 

Papilio cresphontes - AF044004.1:1
1-1541 

AF044832.1 - - - - - 

Papilio glaucus EU141334.1 NC_027252.1
:1202-2732 

AF044826.1 EU141512.1 EU141571.1 EU141635.1 EU141412.
1 

AF233563.2 

Papilio indra - AF044011.1:1
1-1541 

AF044824 - - - - - 

Papilio machaon - AF044006.1:1
1-1541 

- - - - - AY569124.1 

Papilio multicaudata - EF126475 - - - - - - 

Papilio polyxenes - AF044010.1:1
1-1541 

AF044823.2 - - - - - 

Papilio rutulus - AF044015.1:1
1-1541 

AY954620.1 - - - - - 

Papilio troilus - AF044017.1:1
1-1541 

AF423810.1 - - - - - 

Papilio zelicaon - AF044008.1:1
1-1541 

AF044827.1 - - - - - 

Parnassius clodius - AF170871.1:1
2-1542 

AF173411.2 - - - - DQ351134.1 

Parnassius eversmanni - EU093022.1 EF485079 - - - - - 

Parnassius phobeus - JN204959 - - - - - - 

Parnassius smintheus - LT999983.1:1
448-2978 

EF485052.1 - - - - AY569045.1 

†Parrhasius polibetes - JQ550019 - - - - - - 

Phoebis philea - EU583850.1 - - - - - - 
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Species CAD COI EF1-a GADPH IDH MDH RPS5 wingless 

Phoebis sennae KM046547.1 KM046828.1 AY870571 KM046896.1 KM046780.1 KM046719.1 KM046655.
1 

- 

Pholisora catullus KY045683.1 EU364386.1 KP895765.1 KY027637.1 KY027881.1 KY028149.1 KY028664.
1 

EU363988.1 

Phyciodes batesii - AF187747.2 EF494005 - - - - EF493898.1 

Phyciodes cocyta GQ864697 AF187755.2 *NW11-4 - - GQ865253.1 GQ865486 AY090158.1 

Phyciodes mylitta - AF187785.2 AY788791 - - - - AY788551.1 

Phyciodes pallida - AY156636.1 AY788794 - - - - EF493904.1 

Phyciodes pulchella - AF187783.2 AY788797 - - - - EF493906.1 

Phyciodes tharos - AF187807.2 AY788798 - - - - EF493903.1 

Pieris angelika - KT129178.1 - - - - - - 

Pieris marginalis - JF841232.1 - - - - - - 

Pieris oleracea - JF841233.1 - - - - - - 

Pieris rapae - JN204969.1 AY870550.1 JN204991.1 JN205008.1 JN205026.1 JN205036.
1 

AY954611.1 

Pieris virginiensis - KT133944.1 - - - - - - 

Plebejus anna GQ128589.1 GQ128972.1:
1-1493 

GQ128661.1 - - - - GQ128869.1 

Plebejus idas - GQ128973 - - - - - - 

Plebejus melissa GQ128593.1 GQ128975.1:
1-1493 

GQ128664.1 - - - - GQ128873.1 

Poanes hobomok - JF841270.1 - - - - - - 

Poanes zabulon - GU090121.1 - - - - - - 

Polites draco - KT125949.1 - - - - - - 

Polites mystic - JF841290.1 - - - - - - 

Polites origenes - KT138122.1 - - - - - - 
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Species CAD COI EF1-a GADPH IDH MDH RPS5 wingless 

Polites peckius - HM415292.1 - - - - - - 

Polites rhesus - KT125275.1 - - - - - - 

Polites sabuleti - - - - - - - AY700751.1 

Polites themistocles KY045687.1 EU364471.1 EU364266.1 KY027641.1 KY027885.1 KY028153.1 KY028668.
1 

EU364066.1 

Polites vibex - MF545442.1 - - - - - - 

Polygonia comma *NW65-6 AY248794.1 *NW65-6 FJ639512 *NW65-6 *NW65-6 FJ639567 FJ639370 

Polygonia faunus *NW74-12 AY248798.1 FJ650367.1 FJ650382.1 *NW74-12 *NW74-12 FJ639571 AY248837.1 

Polygonia gracilis *EW22-8 AY248797.1 FJ650370.1 FJ639503 *EW22-8 *EW22-8 FJ639558 AY248836.1 

Polygonia interrogationis *NW77-12 AY248793,1 *NW77-12 FJ639519.1 *NW77-12 *NW77-12 FJ639574 AY248834.1 

Polygonia oreas - FJ639421.1 FJ639477.1 FJ650388.1 - - FJ639570 AY788561 

Polygonia progne *EW21-4 AY248795.1 FJ639480.1 FJ639502 - *EW21-4 FJ639557 FJ639375.1 

Polygonia satyrus *NW74-9 AY248796,1 FJ650378.1 FJ650392.1 *NW74-9 *NW74-9 FJ639573 AY248835.1 

Polyommatus icarus GQ128611.1 AY496817.1:1
-1257 

AY496846.1 - - - - GQ128891.1 

Pompeius verna - GU090137.1 - - - - - - 

Pontia beckerii - EU583849.1 - - - - - - 

Pontia occidentalis - JF841231.1 - - - - - - 

Pontia protodice - KT133037.1 - - - - - - 

Pontia sisymbrii - AF044890 - - - - - - 

Pyrgus centaureae - HM430256.1 - - - - - - 

Pyrgus communis KY045701.1 AF170857.1:1
6-1546 

AF173396.1 KY027653.1 KY027897.1 KY028166.1 KY028680.
1 

AY569043.1 

Pyrgus ruralis KY045699.1 EU364382.1 EU364177.1 KY027654.1 - KY028167.1 - EU363984.1 
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Species CAD COI EF1-a GADPH IDH MDH RPS5 wingless 

Pyrgus scriptura KY045700.1 KY019874.1 EU364178.1 KY027655.1 - KY028168.1 KY028681.
1 

EU363985.1 

Pyrisitia lisa - HQ583574.1 - - - - - - 

Satyrium behrii - EU330438 EU326284.1 - - - - - 

Satyrium calanus - KT145203.1 - - - - - - 

Satyrium lipaprops - FJ808939 - - - - - - 

†Satyrium pruni - GU372540.1 KM211588.1 - - - - - 

Satyrium sylvinus - KM554247.1 - - - - - - 

Satyrium titus - FJ808947 - - - - - - 

†Satyrium w-album - GU372568 KM211586.1 - - - - - 

Speyeria aphrodite - JF841091.1 - - - - - - 

Speyeria atlantis - HM414906.1 - - - - - - 

Speyeria callippe - KT135463.1 - - - - - - 

Speyeria cybele - DQ922863.1 DQ922895 - - - - DQ922831 

†Speyeria diana - KY773334.1 KY773378.1 KY773438.1 - - KY773542.
1 

KY773482.1 

Speyeria edwardsii - KY773311.1 KY773355.1 KY773409.1 - - KY773513.
1 

KY773459.1 

Speyeria hydaspe - KT127948.1 - - - - - - 

Speyeria idalia - KY773332.1 KY773376.1 KY773436.1 - - KY773540.
1 

KY773480.1 

Speyeria mormonia - EU330436 EU326287.1 - - - - - 

Speyeria zerene - *NW138-14 - - - - - - 

†Staphylus ceos KY045723.1 KY045723.1 EU364151 KY027680.1 KY027922.1 KY028193.1 KY028703.
1 

EU363958 

Strymon melinus - GU090202.1 - - - - - - 
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Species CAD COI EF1-a GADPH IDH MDH RPS5 wingless 

Thorybes pylades KY045738.1 EU364331 EU364126.1 KY027696.1 KY027938.1 KY028210.1 KY028716.
1 

EU442877.1 

Thymelicus lineola JN204935.1 JN204962.1 JN204978.1 JN204987.1 JN205002.1 JN205020.1 JN205029.
1 

JN204920.1 

Urbanus proteus - DQ293840.1 - - - - - - 

Vanessa annabella HQ734872.1 HQ734905.1 KJ648965.1 HQ734970.1 HQ734992.1 HQ735014.1 HQ735046.
1 

KJ649141.1 

Vanessa atalanta GQ864722 HQ734886.1 *NW63-21 GQ865045 GQ865155 GQ865275 HQ735029.
1 

KJ649120.1 

Vanessa cardui HQ734873 EF683677.1 HQ734947.1 HQ734971 HQ734993 HQ735015 HQ735047 KX824730.1 

Vanessa virginiensis KT286296.1 AY248783.1 *NW77-16 HQ734973 HQ734995 KJ649034.1 HQ735033.
1 

AY248827.1 

Wallengrenia egeremet - GU090235.1 - - - - - - 

Zerene cesonia - KM046838.1 AY870567.1 - KM046796.1 KM046731.1 KM046668.
1 

KM046597.1 
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4.7.2. Taxonomic constraints used in the construction of the 
phylogeny 

Table 4.7. Species missing genetic data, and added using taxonomic 
constraints 

Species Missing Genetic Data 

Amblyscirtes hegon 

Amblyscirtes oslari 

Anthocharis stella 

Callophrys augustinus 

Callophrys eryphon 

Callophrys fotis 

Callophrys lanoraieensis 

Callophrys mossii 

Callophrys nelsoni 

Callophrys sheridanii 

Coenonympha nipisiquit 

Colias johanseni 

Erora laeta 

Erynnis baptisiae 

Erynnis zarucco 

Euphyes bimacula 

Euphyes conspicua 

Euphyes dion 

Euphyes dukesi 

Hesperia colorado 

Hesperia ottoe 

Hesperia pahaska 

Hesperia uncas 

Lethe appalachia 

Oarisma powesheik 

Oeneis philipi 

Papilio eurymedon 

Parrhasius m-album 

Poanes massasoit 

Poanes viator 

Polites baracoa 
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Species Missing Genetic Data 

Polites sonora 

Satyrium acadica 

Satyrium californica 

Satyrium caryaevorus 

Satyrium edwardsii 

Satyrium fuliginosa 

Satyrium saepium 

Satyrium semiluna 

Speyeria coronis 

Speyeria hesperis 

Staphylus hayhurstii 

Thorybes bathyllus 
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Table 4.8. List of groups that were constrained in the construction of the phylogeny.  
† indicates non-Canadian species that were used to place genera within the phylogeny and subsequently dropped from the final phylogeny 
*indicates a species missing genetic data 

Hesperiidae (Family) Nymphalidae (Family) Lycaenidae (Family) 

†Achalarus albociliatus 

Achalarus lyciades 
†Achalarus toxeus 
†Amblyscirtes exoteria 

*Amblyscirtes hegon 

*Amblyscirtes oslari 

Amblyscirtes vialis 

Anatrytone logan 

Ancyloxypha numitor 

Atalopedes campestris 

Atrytonopsis hianna 
†Atrytonopsis ovinia 

Calpodes ethlius 

Carterocephalus palaemon 
†Carterocephalus silvicola 

Epargyreus clarus 

Erynnis afranius 

*Erynnis baptisiae 

Erynnis brizo 

Erynnis funeralis 

Erynnis horatius 

Erynnis icelus 

Erynnis juvenalis 

Erynnis lucilius 

Erynnis martialis 

†Aglais io 

Aglais milberti 

Agraulis vanillae 

Asterocampa celtis 

Asterocampa clyton 

Boloria alaskensis 

Boloria alberta 

Boloria astarte 

Boloria bellona 

Boloria chariclea 

Boloria epithore 

Boloria eunomia 

Boloria freija 

Boloria frigga 

Boloria improba 

Boloria natazhati 

Boloria polaris 

Boloria selene 
†Cercyonis meadii 

Cercyonis oetus 

Cercyonis pegala 

Cercyonis sthenele 

Chlosyne acastus 

Chlosyne damoetas 

Chlosyne gorgone 

Agriades glandon 

Agriades optilete 

Callophrys affinis 

*Callophrys augustinus 
†Callophrys chalybeitincta 

*Callophrys eryphon 

*Callophrys fotis 

Callophrys gryneus 

Callophrys henrici 

Callophrys irus 

Callophrys johnsoni 

*Callophrys lanoraieensis 

*Callophrys mossii 

*Callophrys nelsoni 

Callophrys niphon 

Callophrys polios 
†Callophrys rubi 

Callophrys sheridanii 

Callophrys spinetorum 

Calycopis cecrops 

Celastrina echo 

Celastrina ladon 

Celastrina lucia 

Celastrina neglecta 

Celastrina serotina 
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†Erynnis montanus 

Erynnis pacuvius 

Erynnis persius 

Erynnis propertius 
†Erynnis tristis 

*Erynnis zarucco 

*Euphyes bimacula 

*Euphyes conspicua 

*Euphyes dion 

*Euphyes dukesi 
†Euphyes peneia 

Euphyes vestris 

Hesperia assiniboia 

*Hesperia colorado 

Hesperia comma 

Hesperia dacotae 
†Hesperia florinda 

Hesperia juba 

Hesperia leonardus 

Hesperia nevada 

*Hesperia ottoe 

*Hesperia pahaska 

Hesperia sassacus 

*Hesperia uncas 

Hylephila phyleus 

Lerema accius 

Megathymus streckeri 

Notamblyscirtes simius 

Oarisma garita 

Chlosyne harrisii 

Chlosyne hoffmanni 

Chlosyne nycteis 

Chlosyne palla 

Chlosyne whitneyi 
*Coenonympha nipisiquit 

Coenonympha tullia 

Danaus plexippus 
†Erebia cassioides 

Erebia disa 

Erebia discoidalis 

Erebia epipsodea 
†Erebia euryale 

Erebia fasciata 

Erebia lafontainei 
†Erebia ligea 

Erebia mackinleyensis 

Erebia magdalena 

Erebia mancinus 

Erebia occulta 

Erebia pawlowskii 

Erebia rossii 

Erebia vidleri 

Erebia youngi 

Euphydryas anicia 

Euphydryas chalcedona 

Euphydryas editha 

Euphydryas gillettii 

Euphydryas phaeton 

Cupido amyntula 

Cupido comyntas 

Echinargus isola 
†Erora badeta 

*Erora laeta 

Euphilotes ancilla 

Euphilotes battoides 

Euphilotes enoptes 

Feniseca tarquinius 

Glaucopsyche lygdamus 

Glaucopsyche piasus 

Icaricia acmon 

Icaricia icarioides 

Icaricia lupini 

Icaricia saepiolus 

Icaricia shasta 

Leptotes marina 

Lycaena cupreus 

Lycaena dione 

Lycaena dorcas 

Lycaena dospassosi 

Lycaena editha 

Lycaena epixanthe 

Lycaena helloides 

Lycaena heteronea 

Lycaena hyllus 

Lycaena mariposa 

Lycaena nivalis 

Lycaena phlaeas 
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*Oarisma powesheik 
†Ochlodes ochracea 

Ochlodes sylvanoides 

Panoquina ocola 

Pholisora catullus 

Poanes hobomok 

*Poanes massasoit 

*Poanes viator 

Poanes zabulon 

*Polites baracoa 

Polites draco 

Polites mystic 

Polites origenes 

Polites peckius 

Polites rhesus 

Polites sabuleti 

*Polites sonora 

Polites themistocles 

Polites vibex 

Pompeius verna 

Pyrgus centaureae 

Pyrgus communis 

Pyrgus ruralis 

Pyrgus scriptura 
†Staphylus ceos 

*Staphylus hayhurstii 

*Thorybes bathyllus 

Thorybes pylades 

Thymelicus lineola 

Euptoieta claudia 

Euptoieta hegesia 

Junonia coenia 

Lethe anthedon 

*Lethe appalachia 
†Lethe diana 

Lethe eurydice 
†Lethe minerva 

Libytheana carinenta 

Limenitis archippus 

Limenitis arthemis 

Limenitis lorquini 

Limenitis weidemeyerii 

Megisto cymela 

Neominois ridingsii 

Nymphalis antiopa 

Nymphalis californica 

Nymphalis l-album 

Oeneis alberta 

Oeneis alpina 

Oeneis bore 

Oeneis chryxus 

Oeneis jutta 

Oeneis macounii 

Oeneis melissa 

Oeneis nevadensis 
†Oeneis norna 

Oeneis philipi 

Oeneis polixenes 

Lycaena rubidus 

*Parrhasius m-album 
†Parrhasius polibetes 

Plebejus anna 

Plebejus idas 

Plebejus melissa 

Polyommatus icarus 

*Satyrium acadica 

Satyrium behrii 

Satyrium calanus 

*Satyrium californica 

*Satyrium caryaevorous 

*Satyrium edwardsii 

Satyrium favonius 

*Satyrium fuliginosa 

Satyrium lipaprops 
†Satyrium pruni 

*Satyrium saepium 

*Satyrium semiluna 

Satyrium sylvinus 

Satyrium titus 
†Satyrium w-album 

Strymon melinus 
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Urbanus proteus 

Wallengrenia egeremet 

Oeneis uhleri 

Phyciodes batesii 

Phyciodes cocyta 

Phyciodes mylitta 

Phyciodes pallida 

Phyciodes pulchella 

Phyciodes tharos 

Polygonia comma 

Polygonia faunus 

Polygonia gracilis 

Polygonia interrogationis 

Polygonia oreas 

Polygonia progne 

Polygonia satyrus 

Speyeria aphrodite 

Speyeria atlantis 

Speyeria callippe 

*Speyeria coronis 

Speyeria cybele 
†Speyeria diana 

Speyeria edwardsii 

*Speyeria hesperis 

Speyeria hydaspe 

Speyeria idalia 

Speyeria mormonia 

Speyeria zerene 

Vanessa annabella 

Vanessa atalanta 

Vanessa cardui 

Vanessa virginiensis 
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Papilionidae (Family) Pieridae (Family)  

Battus philenor 

Eurytides marcellus 

Papilio brevicauda 

Papilio canadensis 

Papilio cresphontes 

*Papilio eurymedon 

Papilio glaucus 

Papilio indra 

Papilio machaon 

Papilio multicaudata 

Papilio polyxenes 

Papilio rutulus 

Papilio troilus 

Papilio zelicaon 

Parnassius clodius 

Parnassius eversmanni 

Parnassius phobeus 

Parnassius smintheus 

 

Abaeis nicippe 
†Anthocharis belia 

Anthocharis sara 
†Anthocharis scolymus 

*Anthocharis stella 

Ascia monuste 

Colias alexandra 

Colias canadensis 

Colias christina 

Colias eurytheme 

Colias gigantea 

Colias hecla 

Colias interior 

*Colias johanseni 

Colias meadii 

Colias meadii elis 

Colias nastes 

Colias occidentalis 

Colias palaeno 

Colias pelidne 

Colias philodice 

Colias tyche 

Euchloe ausonides 

Euchloe creusa 
†Euchloe hyantis 

Euchloe lotta 

Euchloe naina 

Euchloe olympia 
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Eurema mexicana 

Nathalis iole 

Neophasia menapia 

Phoebis philea 

Phoebis sennae 

Pieris angelika 

Pieris marginalis 

Pieris oleracea 

Pieris rapae 

Pieris virginiensis 

Pontia beckerii 

Pontia occidentalis 

Pontia protodice 

Pontia sisymbrii 

Pyrisitia lisa 

Zerene cesonia 

Amblyscirtes (Genus) Anthocharis (Genus) Callophrys (Genus) 
†Amblyscirtes exoteria 

*Amblyscirtes hegon 

*Amblyscirtes oslari 

Amblyscirtes vialis 

 

 

 

 

 

 

 

 

†Anthocharis belia 

Anthocharis sara 
†Anthocharis scolymus 

*Anthocharis stella 

Callophrys affinis 

*Callophrys augustinus 
†Callophrys chalybeitincta 

*Callophrys eryphon 

*Callophrys fotis 

Callophrys gryneus 

Callophrys henrici 

Callophrys irus 

Callophrys johnsoni 

*Callophrys lanoraieensis 

*Callophrys mossii 

*Callophrys nelsoni 
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Callophrys niphon 

Callophrys polios 
†Callophrys rubi 

Callophrys sheridanii 

Callophrys spinetorum 

Coenonympha (Genus) Colias (Genus) Erora (Genus) 

*Coenonympha nipisiquit 

Coenonympha tullia 

Colias alexandra 

Colias canadensis 

Colias christina 

Colias eurytheme 

Colias gigantea 

Colias hecla 

Colias interior 

*Colias johanseni 

Colias meadii 

Colias meadii elis 

Colias nastes 

Colias occidentalis 

Colias palaeno 

Colias pelidne 

Colias philodice 

Colias tyche 

†Erora badeta 

*Erora laeta 

Erynnis (Genus) Euphyes (Genus) Hesperia (Genus) 

Erynnis afranius 

*Erynnis baptisiae 

Erynnis brizo 

Erynnis funeralis 

Erynnis horatius 

*Euphyes bimacula 

*Euphyes conspicua 

*Euphyes dion 

*Euphyes dukesi 
†Euphyes peneia 

Hesperia assiniboia 

*Hesperia colorado 

Hesperia comma 

Hesperia dacotae 
†Hesperia florinda 
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Erynnis icelus 

Erynnis juvenalis 

Erynnis lucilius 

Erynnis martialis 
†Erynnis montanus 

Erynnis pacuvius 

Erynnis persius 

Erynnis propertius 
†Erynnis tristis 

*Erynnis zarucco 

Euphyes vestris Hesperia juba 

Hesperia leonardus 

Hesperia nevada 

*Hesperia ottoe 

*Hesperia pahaska 

Hesperia sassacus 

*Hesperia uncas 

Lethe (Genus) Oarisma (Genus) Oeneis (Genus) 

Lethe anthedon 

*Lethe appalachia 
†Lethe diana 

Lethe eurydice 
†Lethe minerva 

 

 

 

 

 

 

 

Oarisma garita 

*Oarisma powesheik 

Oeneis alberta 

Oeneis alpina 

Oeneis bore 

Oeneis chryxus 

Oeneis jutta 

Oeneis macounii 

Oeneis melissa 

Oeneis nevadensis 
†Oeneis norna 

Oeneis philipi 

Oeneis polixenes 

Oeneis uhleri 
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Papilio (Genus) Parnassius (Genus) Parrhasius (Genus) 

Papilio brevicauda 

Papilio canadensis 

Papilio cresphontes 

*Papilio eurymedon 

Papilio glaucus 

Papilio indra 

Papilio machaon 

Papilio multicaudata 

Papilio polyxenes 

Papilio rutulus 

Papilio troilus 

Papilio zelicaon 

Parnassius clodius 

Parnassius eversmanni 

Parnassius phobeus 

Parnassius smintheus 

*Parrhasius m-album 
†Parrhasius polibetes 

Poanes (Genus) Polites (Genus) Satyrium (Genus) 

Poanes hobomok 

*Poanes massasoit 

*Poanes viator 

Poanes zabulon 

 

 

 

 

 

 

 

 

 

 

*Polites baracoa 

Polites draco 

Polites mystic 

Polites origenes 

Polites peckius 

Polites rhesus 

Polites sabuleti 

*Polites sonora 

Polites themistocles 

Polites vibex 

 

*Satyrium acadica 

Satyrium behrii 

Satyrium calanus 

*Satyrium californica 

*Satyrium caryaevorous 

*Satyrium edwardsii 

Satyrium favonius 

*Satyrium fuliginosa 

Satyrium lipaprops 
†Satyrium pruni 

*Satyrium saepium 

*Satyrium semiluna 

Satyrium sylvinus 

Satyrium titus 
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 †Satyrium w-album 

Speyeria (Genus) Staphylus (Genus) Thorybes (Genus) 

Speyeria aphrodite 

Speyeria atlantis 

Speyeria callippe 

*Speyeria coronis 

Speyeria cybele 
†Speyeria diana 

Speyeria edwardsii 

*Speyeria hesperis 

Speyeria hydaspe 

Speyeria idalia 

Speyeria mormonia 

Speyeria zerene 

†Staphylus ceos 

*Staphylus hayhurstii 
*Thorybes bathyllus 

Thorybes pylades 
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Chapter 5.  
 
Community-level responses to anthropogenic 
change: phylogenetic responses to 75 years of land-
use conversion 

5.1. Abstract 

Previous chapters have documented very little net change in average quadrat-

level species richness (Chapter 3) and phylogenetic diversity (Chapter 4). However, 

although the average remains centered around 0, there is much variation around this 

mean and many outliers. While previous chapters addressed the biotic drivers of this 

variation in responses, the relative contribution of anthropogenic drivers (such as climate 

change or land use change) to these outliers remains unclear. Traits may dictate species 

responses to these changes (Chapter 3), and if relatedness is correlated with trait 

similarity, then the impacts of anthropogenic change may be clustered on the phylogeny. 

I examine change in community phylogenetic structure in response to two main 

documented drivers of change -- climate change and land use change -- across 289 

species, 75 years and 96 well-sampled quadrat. I find no evidence that, on average, 

communities are becoming more or less clustered than one would expect. However, 

there is much variation depending on the magnitude and type of anthropogenic change 

occurring within a quadrat. I find that climate change as well as agricultural development 

is reducing species richness within a quadrat, and these species that are lost tend to be 

scattered across the phylogeny. However, agricultural abandonment is having the 

opposite effect: I find increasing species richness and decreasing distance between 

species in quadrats with the highest rates of abandonment, though the species that 

colonize these plots tend to be close relatives of those already present and thus 

contribute little novel phylogenetic diversity to an assemblage. Consistent with previous 

chapters, small changes in local species richness may conceal simultaneous change in 

other facets of biodiversity. 
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5.2. Introduction 

Several studies have recently documented little to no net change in plot-level 

richness (Velland et al. 2013; Dornelas et al., 2014; Elahi et al., 2015; Lewthwaite and 

Mooers 2021; see Velland et al. 2017 for a review) and abundance through time 

(Crossley et al. 2020). Though the global average is centered on zero (Dornelas et al. 

2019), there is often a high amount of variation around this mean (Blowes et al. 2019).  

Various theories and drivers have been proposed for these outliers. Land use 

change has been most often linked to richness declines (Newbold et al. 2015); a global 

meta-analysis found that land use change has resulted in a 24.8% decline in species 

richness across 327 data points (Murphy and Romanuk 2014). Climate change has also 

been documented as a threat to diversity in some groups (Newbold et al. 2020). 

However, the colonization of new climatically-suitable areas either by invasive species 

(Bellard et al. 2018) or species shifting their ranges in response to climate change 

(Parmesan 2006) can also result in net increases in species richness (Gallardo et al. 

2017; Steinbauer et al. 2018). Additionally, the risk for both factors is not distributed 

evenly across functional groups, taxa or regions: large endotherms, small ectotherms 

and carnivores are at increased risk (Newbold et al. 2019), as are taxa found in tropical 

biomes (Newbold et al. 2020), perhaps due to higher amounts of intensive disturbance in 

the tropics (Phillips et al. 2017). Any combination of these contrasting drivers could 

potentially account for some of the spatial and taxonomic variation in richness change 

measurements. 

Insects, in particular, have declined across a variety of land use gradients (Chisté 

et al. 2016, Seibold et al. 2019), but particularly due to the conversion of natural land to 

urban area (Forister et al. 2010; Knop 2016) and the spread and intensification of 

agricultural landscapes (Raven and Warren 2021). The mechanisms are varied and 

complex: the application of pesticides (Ewald et al. 2015), the increased input of nitrogen 

fertilizers (Fox et al. 2014), the loss of obligatory host plants (Koh et al. 2004), the loss of 

habitat for habitat specialists (Ekroos et al. 2010; Molina-Martinez et al. 2016) and fire 

suppression (Hahn and Orrock 2015) have all been linked with decreased abundance, 

species richness and/or beta diversity across insect groups. 
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Meanwhile, biodiversity has shown mixed responses to forest loss across the 

globe (Daskalova et al. 2020), with such loss seeming to amplify both increases and 

decreases in local populations and assemblage species richness through time. For 

example, forest specialists have been shown to drop out when forest cover declines, but 

generalists respond positively when the loss of forest cover results in landscape 

heterogeneity (Estavillo et al. 2013); this seems particularly true in butterflies (Riva et al. 

2018). 

Importantly, the mass migration of humans to urban areas and widespread 

agropastoral land abandonment (Levers et al. 2018; Xu et al. 2019) has resulted in the 

replacement of much traditional cropland and pastures with woodland (Poyatos et al. 

2003). This has led to a corresponding diversity increases in some taxonomic groups 

(Plieninger et al. 2014). In insects, some species such as oak-affiliated butterflies have 

rebounded in South Korea (Kwon et al. 2021), while grassland-associated Lepidopteran 

species in Europe have declined (Warren et al. 2021), presumably due to succession 

(Wölfling et al. 2019). 

The effect of these community changes on evolutionary history are less studied, 

and taxonomic metrics of richness change (or, indeed, lack of change) may not capture 

the full picture of anthropogenic impacts. Risk is not distributed evenly among clades 

(Frishkoff et al. 2016). For instance, if closely-related species share similar sensitivities 

to land use change and climate, the impacts of such changes will be clustered on the 

phylogeny. Thus, local extinctions (and the corresponding loss of local evolutionary 

history) may not be random or uniform, but rather clustered on phylogenies. This could 

potentially result in large swaths of unique evolutionary history being lost, at least at the 

local level. 

Phylogenetic diversity (PD) is a commonly-used metric for examining the change 

in the tree of life across space and time, as it quantifies the total amount of evolutionary 

history in an assemblage , measured as the sum of the phylogenetic branch lengths 

connecting the species in that assemblage, generally including the path to the root. 

However, PD is highly correlated with species richness (PD must increase as species 

are added to a community; Swenson 2014), so a metric that is independent and 

uncoupled from species richness can yield additional insights into how shared 

evolutionary history mediates responses to anthropogenic change. 
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Mean Pairwise Distance (MPD) and Mean Nearest Taxon Distance (MNTD) are 

two commonly used metrics to assess the relatedness between species in a community 

(Tucker et al. 2017) and are largely uncorrelated with species richness (except at 

extreme values; Swenson 2014). MPD measures the average patristic distance on the 

phylogeny separating every pair of taxa in an assemblage whereas MNTD calculates the 

average distance separating every species from its closest relative in an assemblage 

(Swenson 2014). The metrics differ in the phylogenetic depth of their measurement: 

MNTD ignores the deeper nodes of the phylogeny and only looks at nearest neighbor 

distances, and so is more sensitive to changes near the tips of the tree (Tucker et al. 

2017). Meanwhile, since MPD incorporates all nodes separating two species, it is quickly 

saturated by the basal parts of the phylogeny. As a result, changes near the tips of the 

tree will have less of an impact as most variation in the metric is driven by deeper 

phylogenetic relationships (Keck and Kahlert, 2019). 

In order to examine the impacts of climate and land-use change on taxonomic 

and phylogenetic diversity, I focus on Canadian butterflies as a model system. They are 

a well-suited taxonomic group to examine community responses to anthropogenic 

change as they have rapid generation times, are sensitive to environmental change, and 

have been relatively well-documented spatially and temporally. Additionally, Canada 

represents the northern range limit for all of these species, and provides an ideal 

opportunity for examining community change in ectotherms as cold-induced climate 

limits are lifted. 

The adverse impacts of intense agriculture on insect diversity have been widely 

documented and linked to the mechanisms discussed above. As such, I predict the loss 

of primary or secondary habitat to cropland will result in a loss of species richness, 

whereas the conversion of cropland to secondary habitat will result in an overall increase 

in species richness. Insect responses to climate change have been mixed, however, as 

some species have expanded northwards (Buckley et al. 2012) while others are losing 

habitat at southern range margins (Settele et al. 2016). As such, I predict no net change 

in average plot-level species richness in response to climate change. 

Meanwhile, the effect of climate change and land-use change on phylogenetic 

community structure depends on how the relevant traits (climatic and habitat sensitivity) 

are distributed on the phylogeny. If trait similarity is generally correlated with species 



145 

relatedness (i.e. there is phylogenetic signal, or niche conservatism), then closely related 

species should exhibit similar sensitivities to environmental change. Thus, communities 

that have shifted due to anthropogenic disturbance will comprise more closely related 

species than communities not experiencing such disturbance. Conversely, if there is no 

phylogenetic signal in the relevant traits, and in scenarios where species richness is 

decreasing (increase in cropland, etc.), species that remain will represent clades 

scattered throughout the phylogeny (Nowakowski et al. 2018) and communities will 

increasingly be comprised of more distantly related species. For this study, I chose to 

focus on MNTD rather than MPD for the reason given above: MPD measures the mean 

distance between all members in a clade and so is not very sensitive to changes at the 

tips, whereas MNTD is more sensitive to such changes (Tucker et al. 2017). A full 

schematic of my predictions under each scenario is depicted in Figure 5.1. Importantly, 

these predictions are built on the assumption that there is no interspecies competition in 

these communities: competitive exclusion has the opposite effect on phylogenetic 

structure than does habitat filtering (Webb et al., 2002). This is likely a reasonable 

assumption in this group, where drivers such as host plant, habitat and climatic variables 

have been found to be much more important than interspecific competition in dictating 

species’ occurrences (e.g. Nakadai et al. 2018). 

I test my predictions across approximately 300 species of butterflies and across a 

wide variety of sites distributed throughout Canada, looking at decadal change from 

1940 to 2015. In order to tailor our predictions for my data, I measure phylogenetic 

signal in climatic niche and habitat-related traits. I then calculate i) species richness 

change, and ii) change in MNTD, to determine if communities have become significantly 

more clustered or overdispersed through time. Finally, I consider how climate change 

and land use change (specifically, agricultural abandonment as well as the loss of 

natural habitat to agriculture) impact both taxonomic as well as phylogenetic diversity, as 

measured by species richness and MNTD respectively. 
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Figure 5.1. Schematic representation of the environmental metrics used in this 
study and their hypothesized effect on assemblage richness and 
assemblage structure.  

The histograms represent hypothesized plot-level trends through time, where I predict much 
variation but very little to no overall trend in the average plot-level species richness (SR) or Mean 
Nearest Taxon Distance (MNTD). Plots that experience increases in SR are illustrated in green 
on the histogram, whereas decreases are shown in purple. I predict that plot-level changes in 
SR/MNTD will be influenced by the direction and type of anthropogenic change (land use change 
or climate change) and the response variable (either SR or MNTD). Predicted directions are 
illustrated by arrows indicating increases (green), decreases (purple) or no net change (grey) in 
the response variable. Under MNTD, predictions are further subdivided into whether or not the 
relevant habitat or climatic niche traits show significant phylogenetic signal. 

5.3. Methods 

5.3.1. Butterfly Distribution Data 

I analyzed approximately 510000 georeferenced and temporally dated butterfly 

distribution records, spanning approximately 300 species of butterfly that have been 

observed in Canada. Records were compiled from a variety of sources (see Lewthwaite 
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et al. 2018) and updated with newly submitted eButterfly (see Prudic et al. 2017) 

records.  

Similar to the phylogeny constructed in Chapter 4, distribution records were 

amended to follow the latest taxonomic treatment of North American butterflies (Pelham 

2014). The average number of records per species is 1749 (ranging between 2 and 

20185; a full table of record numbers per species can be found in Appendix A). The 

geographical coordinates or identifications for a small proportion of observations (1366) 

were incorrect, placing species either in regions far beyond their plausible distributions 

within Canada (Layberry et al. 1998, Brock and Kaufman 2006) or beyond terrestrial 

limits. As with Lewthwaite et al. 2018 (Chapter 2), these records were discarded after 

careful examination.  

5.3.2. Spatial and Community Data 

I divided Canada into a system of 10 km x 10 km grid cells, to mimic local 

assemblages. Similar to Chapter 3, grid cells with fewer than 50 sampled records in both 

time periods were considered "poorly sampled" and were excluded from maps as well as 

from the remainder of my analyses. This resulted in 96 cells across Canada that 

represent the best-sampled quadrats through time (see Figure 3.12 for a map of these 

locations). 

Distribution records were divided into decadal bins: 1950-1959, 1960-1969, 

1970-1979, 1980-1989, 1990-1999, 2000-2009 and 2010-2015. Opportunistic data 

(including citizen science), though valuable, has a number of potential biases, including 

uneven sampling through time (Isaac and Pocock, 2015) and is often not conducive for 

measuring year-to-year variation. To account for this, I chose to decadal intervals to 

represent my species pools as a compromise between uneven sampling effort and a 

more coarse-scale “before-and-after” comparison (van Swaay 1990). For each grid cell, I 

summarized the list of species present in each decade. A total of 289 species were 

present in these 96 grid cells and within the time period analyzed. 

Similar to Chapter 3, I wanted to account for the effects of uneven and 

incomplete sampling between grid cells and time periods, as this can greatly bias 

estimates of species richness (Colwell et al. 2012; Chao et al. 2014). As such, I adjusted 
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my species richness estimates with the commonly-used nonparametric asymptotic 

Chao1 estimator using the ChaoSpecies function in the SpadeR package (Chao, Ma, 

Hsieh & Chiu, 2016). This metric uses the proportion of singletons (species observed 

only once) to inform the estimate of unseen species (Chao and Chiu, 2016). 

With species richness corrections, species identity does not matter. However, 

species identity is crucial to measuring MNTD. Although methods to adjust PD estimates 

have recently emerged (Chao et al. 2015; Li 2018), they have not yet been extended to 

MNTD. Hoever, there is no a priori reason why I would expect undersampling within and 

between quadrats to be phylogenetically biased, and so undersampling may not have a 

noticeable effect on my MNTD estimate. MNTD values should only be biased by uneven 

and incomplete sampling if rare species (those that are missed in undersampling) are 

more likely to be either very evolutionarily distinct (on long branches) or on very short 

branches. This can be tested. 

To test for a relationship between rarity and evolutionary isolation, I used two 

alternative metrics to quantify a species’ rarity. The first was the number of observations 

for each species in Canada between 1900-2020s. The second was the number of 10 km 

x 10 km grid cells occupied by a species in North America across all years (the same 

data used in Chapter 3 to quantify range size). I took two measures of each species’ 

evolutionary isolation, both being weighted sums of the edge lengths along the path from 

the root to a tip. The weights of the edge lengths can be distributed evenly among its 

descendent leaves (i.e. 1/number of species that share that edge; “Fair proportions,” 

also known as ED), or each edge length can be distributed evenly at each branching 

point (“Equal splits”) (see, e.g., Wicke and Steel 2020). I calculated isolation via both 

equal splits and fair proportions using the Canadian butterfly phylogeny (Chapter 4) and 

the picante package (Kembel et al. 2010) in R. 

I calculated species richness as well as MNTD (see below) for each decadal 

interval. To measure the change in species richness and MNTD, I looked at the 

difference between each decade. 



149 

5.3.3. Habitat Affinity and Climatic Niche 

In order to test whether sensitivity to land-use change exhibits phylogenetic 

signal, I examined species’ habitat requirements. Habitat affinities were measured using 

4 traits: 1) disturbance affinity, 2) moisture affinity, 3) habitat edge association and 4) 

canopy preference, all of which are dictated by axes of the environment that would be 

potentially affected by anthropogenic disturbance. All trait values were obtained via a 

global database of butterfly traits still under development, which mined field guides and 

other relevant publications for life history data (Shirey et al. [in prep]). Trait values were 

used as ordered categorical predictors, going from one end of the trait spectrum to the 

other. A list of all categories for each trait and their relative ordering is available in Table 

5.3. Traits were not available for all species used in my analysis. The number of data 

points for each trait, as well as each trait value are also given in Table 5.3. 

In order to measure the extent to which sensitivity to climate change exhibits 

phylogenetic signal, I measured each species’ climatic niche width (or the range of 

climates they have been observed in). I used the same high-resolution (10 km) climate 

data used in previous chapters, available through the Canadian Forestry Service (CFS; 

McKenney et al. 2011). This data spans 1901-2010. I chose 5 physiologically relevant 

climate variables: temperature seasonality (ts), maximum temperature of the warmest 

month (tw), minimum temperature of the coldest month (tc), precipitation of the wettest 

quarter (pw) and precipitation of the driest quarter (pd). These variables were the same 

as used in Chapter 2 to build Environmental Niche Models and were selected because 

each has empirically supportable, mechanistic links to butterfly physiology and could 

plausibly limit species’ distributions (Kukal et al. 1991, Crozier 2004, Deutsch et al. 

2008). For each observation for each species, I extracted the values for each 

temperature value for the year of the observation. For each species, I then summarized 

the minimum, maximum and average values across all variables. To calculate the 

temperature range (tr) over which a species has been observed, I took the difference 

between tc and tw. 

5.3.4. Land Use Data 

Land use data was obtained from the Land Use Harmonization (LUH2) project 

(Hurtt et al. 2020), which has estimated the land-use patterns, underlying land-use 
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transitions, and key agricultural management information annually for the time period 

850-2100 at 0.25 x 0.25 resolution. Although this is relatively coarse, it is the most 

comprehensive dataset currently available, both spatially (it has global coverage, 

including all of Canada) and temporally (it spans the past 10,000 years). This land-use 

database breaks land use into 12 possible land use ‘states’. For the purposes of this 

analysis, I grouped them into 5 main land-use types with the following scheme: 

1. Urban 

2. Cropland 

- C3 annual crops 

- C4 annual crops 

- C3 perennial crops 

- C4 perennial crops 

- Nitrogen-fixing crops 

3. Managed Land 

- Pasture 

- Rangeland 

4. Primary Land 

- Forested 

- Non-forested 

5. Secondary Land 

- Forested 

- Non-forested 

Units for all states were the fraction of each grid-cell occupied by each land-use 

state in a given year. In the LUH2 database, primary land is classified as natural 

vegetation (either forested or non-forested) that has never been impacted by human 

activities over the past 10,000 years. Meanwhile, secondary land is also classified as 

natural vegetation (either forested or non-forested), but this vegetation has been 

previously impacted by human disturbance (again, over the past 10,000 years). This 

state can range from very young vegetation recovering from a recent human 
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disturbance, to vegetation that is very mature, recovering from a much older human 

disturbance. 

The LUH2 database also quantifies rates of transitions between land-use states, 

either at a decadal scale (prior to 2000) or a yearly scale (post-2000). The land-use 

transitions give the fraction of each grid-cell that transitions one from land-use state to 

another in a given decade/year, and is therefore a rate of change. There are no 

transitions from any land use state to primary (e.g. secondary land can never return to a 

“primary” state, even if it is very mature). 

Looking at the absolute amount of each land-use state through time per grid cell 

can only yield so much information. For example, it would indicate if there was an 

increase in secondary habitat within a grid cell through time but it would not specify what 

that habitat was being converted from. If it were a conversion from primary land to 

secondary land, this may yield very different outcomes and predictions than if it were a 

conversion from cropland to secondary land. Therefore, I decided to focus on specific 

transitions between habitat types through time, rather than relative amounts of each land 

use state. 

I was specifically interested in 3 types of land use transitions that I had strong 

predictions for: i. conversion of primary habitat to cropland; ii. conversion of secondary 

habitat to cropland (both of which represent the loss of natural habitat to agriculture); 

and iii. conversion of cropland to secondary habitat (as a metric of agricultural 

abandonment). 

To convert the land use transition files from the NetCDF file format to rasters, I 

used the ncdf4 and raster packages in R (Pierce, 2021; Hijmans, 2020). For each year, I 

then stacked the rasters for each transition type I was interested in (for example, for 

conversion of cropland to secondary, I stacked the transitions from all the cropland 

subcategories (C3 annual, C4 annual, etc.) to secondary subcategories (forested, non-

forested)). This resulted in a sum of yearly/decadal transitions for each of the 3 transition 

types in each cell. I then calculated the mean transition rate for each of the transition 

types within each of the 96 quadrats for each decade. 

There is evidence for a lag in response times in invertebrates to land use change 

of around 7 years (Daskalova et al. 2020). Previous work on pollinator responses to 
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habitat change has incorporated a metric of historic land use change in order to account 

for this lag (see, e.g. Aguirre‐Gutiérrez et al. 2015). Many have found a significant effect 

of historical land use on butterfly species or communities (Casner et al. 2014; Cusser et 

al. 2015; Cusser et al. 2017). Therefore, I decided to incorporate a metric of historical 

land use change in my models by including a term for the land use conversion rate for 

the previous decade, as well as the contemporary period. I did this for all 3 conversion 

types (primary to cropland, secondary to cropland, and cropland to secondary). 

5.3.5. Quantifying Climate Change 

To quantify the rate of climate change experienced within each grid cell in each 

decade (e.g. the 1950s), I first extracted the mean temperature for each year within that 

decade (e.g. 1950, 1951, 1952, etc.) from the annual CFS climate data discussed 

above. I then calculated the difference between each year to get the year-to-year 

variation (e.g. the difference between 1951 and 1950, the difference between 1952 and 

1951, etc.). Finally, I took the average of all the year-to-year differences within a cell. 

This gave us the mean yearly temperature change within a cell across the decade, or the 

decadal rate of change. For example, for cells that gradually increased each year in 

temperature, the average year-to-year difference would be a small increase in 

temperature. However, if the temperature within a cell fluctuated year-to-year but with no 

directional change, the average difference in mean temperature would be close to zero. 

As the climate data from CFS only extends until 2010, I repeated the same 

workflow as above for 2010-2015 using data from the Climate Research Unit (Harris et 

al. 2020), which is a global dataset, though it is not as high resolution (0.5 x 0.5, or 

roughly 55 kilometers square) as the CFS data (10km square). 

5.3.6. Phylogenetic Analyses 

I used the phylogeny generated in Chapter 4 for all analyses. I ran all analyses 

across a distribution of 1000 possible tree topologies that were randomly sampled from 

the posterior distribution. 

I calculated the phylogenetic signal for each habitat trait and climatic variable 

using the phytools package in R (Revell, 2012). For each trait, I calculated Pagel’s 
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lambda, where a value close to zero indicates phylogenetic independence, whereas a 

value of one indicates that species’ traits are distributed as expected under Brownian 

Motion (Münkemüller et al. 2012). 

I used the picante package in R (Kembel et al. 2010) to measure MNTD for Time 

1 and Time 2, as well as for each decade. For each, I took the average value across all 

1000 candidate topologies for later analyses. 

Whereas Phylogenetic Diversity (PD) is mathematically related to species 

richness, such that the two metrics usually scale monotonically up (Schweiger et al. 

2008; see Chapter 4), the relationship between species richness and MNTD is less 

clear. When close relatives are added to a community, MNTD may decrease (Baiser et 

al. 2018), whereas an introduction of an exotic and distantly-related species could result 

in an increase in MNTD (McGrannachan et al .2020). Therefore, we generated null 

distributions to examine the relationships between these two variables under a variety of 

scenarios, in order to compare with my empirical results. 

First, I looked at the relationship between species richness and MNTD across the 

phylogeny. Adjusted (Chao1) species richness estimates within the 96 quadrats used in 

this study ranges from 8 species to approximately 103 species. Thus, I randomly pruned 

my phylogeny of all Canadian butterflies in order to obtain a distribution of trees that 

ranged from 8 to 100 species. I then extracted MNTD from each tree and compared that 

to the number of tips for that tree (species richness). 

Next, I looked at the effect of removing or adding species at random from these 

trees on the MNTD of that community. Using the same series of trees as above (with 8-

100 tips; hereafter, “base trees”), I randomly removed 10% of tips, then 25% of tips and 

then 50% of tips from each of the 93 full trees. I then repeated the same ratios for 

randomly adding tips onto each of the 93 base trees. I refer to both sets of trees (pruned 

and those with random additions) as “altered trees”. I recalculated MNTD on these 

altered trees and compared that to the MNTD of the base tree to calculate the change in 

MNTD using the following formula: 

𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑀𝑁𝑇𝐷 =  𝑀𝑁𝑇𝐷_𝐴𝑙𝑡𝑒𝑟𝑒𝑑𝑡𝑟𝑒𝑒 –  𝑀𝑁𝑇𝐷_𝐵𝑎𝑠𝑒𝑡𝑟𝑒𝑒 



154 

This generated a distribution of change in MNTD values across trees of different 

sizes for each of the 3 trimming/addition scenarios. From this, I calculated the mean 

change in MNTD for each scenario. 

5.3.7. Statistical Analyses 

All final statistical analyses were conducted in a Bayesian framework, using the R 

package brms (Bürkner 2017) in R v3.6.0. The brms package allows the user to fit 

generalized multivariate and multilevel models in a Bayesian framework using Stan (a 

C++ program) (Carpenter et al. 2017). As in Chapter 3, I chose to use a Bayesian 

approach in order to assess the level of uncertainty in my model.  

I scaled and centered all predictors so that effects are comparable between 

predictors and the units of the regression coefficients are the same. Each was included 

in the model as a fixed effect with non-informative priors.  

I constructed two separate models: one to model change in species richness, 

and one for change in MNTD. For each model, I used decades as the temporal interval, 

and measured the change in either the predictor or response variable in each of the 96 

quadrats, so that each data point is a grid cell in each decade. Each model included 6 

metrics of land-use change as fixed effects: the rate of contemporary and historic 

conversion for each of the 3 types of transition (primary to cropland, secondary to 

cropland, and cropland to secondary) within each decade. I also included a fixed effect 

for the mean temperature change a grid cell experienced to account for climate change 

(see above). Finally, grid cell identity was added as a random effect to account for any 

variability between grid cells that were unaccounted for by the fixed effects. I constructed 

4 Markov chains of 4000 iterations each, including a warm-up phase of 1000 iterations, 

and used an adapt_delta value of 0.99 to reduce the number of divergent transitions. 

Specific model structures and priors can be found in Supplementary Methods (Section 

5.7.1) 
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5.4. Results 

5.4.1. Phylogenetic signal 

I found little evidence of phylogenetic signal in both of my habitat and climate-

related traits (Table 5.1). 

Table 5.1. Phylogenetic signal of habitat affinities and climatic niche across 
butterfly species. 

Trait # of species Lambda logL(lambda) 

Disturbance Affinity 205 0.44 -384.61 

Canopy Cover 261 0.18 -318.00 

Edge Association 249 0.05 -427.73 

Moisture Affinity 256 0.30 -470.30 

Temperature Range 298 0.08 -1654 

Min. Temp (coldest month) 298 0.4 -1748 

Max. Temp (warmest month) 298 0.5 -1563 

 

5.4.2. Evolutionary distinctiveness vs rarity 

I found no evidence of a relationship between a species’ Canadian isolation 

score (measured as either equal splits or fair proportions) and their rarity (measure as 

either the # of observations, or their range size; Figure 5.6). As such, there is no 

evidence that undersampling in my study would significantly bias my MNTD estimates by 

missing species on particularly long or short branches on my phylogeny. 

5.4.3. Land use change 

Since 1945, the most significant land use changes across Canada have been a 

loss of primary habitat (forest and non-forest) and an increase in secondary habitat 

(forest and non-forest) (see Figure 5.2), the former likely driven by a combination of 

logging, fire, forest disease and resource extraction (Hansen et al. 2013; Potapov et al. 

2017) and the latter likely due to recent global trends of agropastoral land abandonment 

(Levers et al. 2018; Xu, Deng, Guo & Liu, 2019).  

Comparatively little area has been converted to urban landscapes across both 

time periods. This is consistent with urban areas in North America (and particularly 
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Canada) being relatively localized and occupying a relatively small proportion of total 

land area (Seto et al. 2012). Additionally, the conversion of land to or from managed 

land as well as cropland has slowed substantially since 1945.



157 

 



158 

 

Figure 5.2. Histograms of land use change across Canada within two time 
periods: 1900-1945 and 1945-2015.  

Land use data was divided into 5 main categories: Cropland (including c3ann, c4ann, c3per, 
c4per and c3nfx), Managed (including rangeland and pasture), Primary (including forest and non-
forest), Secondary (including forest and non-forest), and Urban. Summary statistics were 
obtained by dividing Canada into a series of 100 km x 100 km grid cells and calculating the 
proportion of each land use category within it. Change in land use measured as the differences in 
proportions of each land use category within a grid cell between the two time periods (1900-1945 
vs. 1945-2015). n = 1518 quadrats. 
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5.4.4. Simulations of MNTD patterns 

In simulations with very low species richness, there is a negative relationship 

between the number of tips in the Canadian butterfly tree and the corresponding MNTD 

score (Figure 5.3A). However, with a larger subset of the tree (i.e. more than 40 species) 

this relationship disappears and the variation in MNTD decreases. When removing 

random proportions of species, the MNTD of the pruned tree is higher than the base tree 

(Figure 5.3B,D,F), and this is more pronounced with the number of tips removed. This 

translates to species being less closely related in the pruned tree than the base tree. 

When the same relative proportions of species are randomly added back onto the tree, 

average  MNTD does not change between the base tree and the altered tree (Figure 

5.3C,E,G). However, see section 5.5 for a discussion of why this may be misleading. 
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Figure 5.3. Null distributions of MNTD change drawn from randomly dropping 
or adding differing proportions of species from the phylogeny of all 
Canadian butterflies. 

(A) the relationship between Mean Nearest Taxon Distance (MNTD) and the number of tips; (B, 
D, F) the difference in MNTD between the base tree and pruned tree when 10%, 25% and 50% of 
tips are randomly trimmed from the base tree, respectively; (C, E, G): the difference between the 
base tree and the resulting tree when 10%, 25% and 50% more tips are added, respectively. All 
distributions are the result of 100 iterations. 

 A. 

B. C. 

D. 
E. 

F. G. 
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5.4.5. Observed species richness and MNTD patterns in Canadian 
butterflies 

MNTD values across Canada are lowest in the southern portions of the country, 

and highest in the North (Figure 5.7A). Species richness also tends to be highest in 

southern Canada (Chapter 1). However, there is little spatial variation in MNTD in the 

southern half of the country, whereas there is much more variation in species richness 

(Chapter 1). This is likely because above a certain richness threshold, any addition or 

loss of a species has a minor impact on MNTD. This is driven by two factors. The first is 

that MNTD is calculated as an average and is less likely to vary by large amounts when 

species richness is high. The second is that when species richness is high, the chances 

are much higher that an added or lost species already has a close relative in the 

phylogeny. However, when species richness drops below a certain point (a point passed 

in the North), it is much less likely that any species added/lost has a close relative 

already present. The species that are present are more dispersed on the phylogeny, and 

so any variation becomes more significant. 

Overall, there were 419 measurements of species richness change between all 

decade and quadrat combinations (out of a potential 672). The Chao1 species richness 

adjustor cannot adjust estimates when there are only singletons (species only observed 

once within a plot) across all quadrats in a decade. Therefore, I was unable to calculate 

change between decades where one decade had no available Chao1 estimate. There 

were 464 measurements of MNTD change. As MNTD was based on raw species 

richness data (not the Chao1 estimates) and it is a pairwise metric, I could not calculate 

MNTD in situations where there was only 1 species observed in a quadrat. Overall, there 

were 408 quadrat and decade combinations that had estimates for both change in 

species richness and change in MNTD. 

Average species richness within these 96 quadrats is 39.47 species (SD=31.10; 

Chapter 1). Across quadrats, the average change in species richness between decades 

is an increase of 3.95 species per decade (SD=29.84). The corresponding change in 

average MNTD was a decrease of 3.85 million years (SD=47.57; Figure 5.4A). This was 

found to be a statistically insignificant change in MNTD (95% CI -4.09 – 8.33, unpaired 

two-tailed t-test, t = 0.67, df = 924, p =0.50) compared to the expected change in MNTD 
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(-1.74 million years, SD=48.66) under null expectations that include changes in species 

richness. 

There is a significant negative relationship between change in species richness 

and change in MNTD (linear regression b=-0.76, SE=0.06, t= -12.54, p<0.001, R2 = 0.28, 

F1,407=157.3; Figure 5.4B). Thus, as an assemblage gains species through time, the 

distance between co-occurring species decreases, meaning that species on average are 

now more closely-related to their closest relative in the assemblage. And, if an 

assemblage loses species, the distance increases i.e. species are less-closely-related to 

their closest relative in the assemblage). 

There was no obvious pattern in where the largest increases and decreases in 

MNTD between decades occurred in Canada (Figure 5.7B), though many of the largest 

decreases occurred within the same quadrat but in separate decades. The magnitude 

and direction of species richness and MNTD change varies between decades (Table 5.2, 

Figure 5.9). The 1970s experienced the largest increase in species richness, whereas 

the 1990s saw the largest decrease in species richness. MNTD generally declined 

between decades, except for an increase in the 1980s and 1990s.  

None of the climatic or land-use predictors were significantly associated with 

change in species richness or MNTD between decades (Figure 5.5). However, mean 

temperature change and the historical conversion of secondary habitat to cropland had 

relatively large and negative impacts on species richness within the relevant decade 

(Figure 5.5A), whereas recent and historical agricultural abandonment lead to increases 

in species richness. Meanwhile the contemporary loss of primary habitat to cropland saw 

an increase in MNTD (though not significantly) within the decade, where species within 

an assemblage were more distantly related to each other (Figure 5.5B), while agricultural 

abandonment lead to a decrease in MNTD. 
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Table 5.2. Descriptive statistics of the biotic responses (change in species 
richness and change in Mean Nearest Taxon Distance) per decade. 

 Change in Species Richness Change in MNTD 

Decade Mean SD Median n Mean SD Median n 

1950s 6.99 25.62 9.05 37 -4.39 62.94 2.68 39 

1960s -0.14 27.18 -0.05 45 -2.57 55.95 1.78 53 

1970s 15.06 25.04 15.15 68 -23.49 48.92 -12.13 79 

1980s -0.53 25.27 -0.25 83 8.19 32.11 2.66 87 

1990s -10.03 29.66 -9.80 69 10.88 36.47 8.24 74 

2000s 7.06 35.18 1.67 56 -3.94 46.43 -1.57 63 

2010s 11.81 32.87 12.48 61 -12.97 48.99 -5.62 69 

SD = standard deviation, n = number of quadrats (out of a potential 96) with available data. 
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Figure 5.4. (A) Histogram of the observed change in Mean Nearest Taxon 
Distance (MNTD) between decades; and (B) the relationship between 
the change in MNTD (averaged across 1000 candidate topologies) 
and the change in species richness within a quadrat between 
decades.  

(A) Blue line represents the simulated average change; red line represents the observed average. 
(B) A linear regression and the 95% confidence interval of the predicted values are overlaid. n = 
408 decade + quadrat combinations. 
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Figure 5.5. Posterior distributions of estimates for each of the land-use and 
climate transition rates examined and their relationship to (A) the 
change in species richness; and (B) the change in Mean Nearest 
Taxon Distance (MNTD; averaged over 1000 candidate topologies).  

The solid lines for each distribution represents the 95% confidence intervals around the estimate; 
the shaded area represents the 80% confidence interval. n = 408 decade and quadrat 
combinations. 

 

 

A. 

B. 
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5.5. Discussion 

There is evidence that contemporary climate change has both positively and 

negatively affected different insect groups (Halsch et al. 2021), potentially leading to the 

“no net change” pattern, as documented in Chapter 3. Similarly, the effects of land use 

change have been mixed. The most geographically and taxonomically representative 

models to date show precipitous declines in both species richness and abundance in 

intensively-used landscapes (Newbold et al. 2015). Likewise, when areas of traditional 

low-intensity land-use are abandoned for agricultural intensification, it is widely accepted 

that this results in a decrease in insect diversity (Uchida and Ushimaru, 2014; Uchida et 

al. 2016), likely as a result of pesticide use, homogenization of landscapes and 

resources and habitat fragmentation (Habel et al. 2019). However, when these are 

abandoned in turn as a result of human migration to cities, this can cause declines in 

open-habitat butterfly species (Scherer et al. 2021), and simultaneously, increases in 

forest butterflies (Herrando et al. 2016). 

I find that species richness changes in response to climate change and land use 

change are also mixed in my study system. While the conversion of primary and 

secondary habitat to cropland has resulted in no change or decreases in richness, the 

abandonment of cropland and subsequent succession to secondary habitat has resulted 

in increases in species richness (Figure 5.5A). One of the most striking trends is a 

decrease in species richness in quadrats that have experienced the largest temperature 

changes through time. Although a warming climate might initially seem beneficial for this 

group as thermal limits are lifted at northern range boundaries, Chapter 2 found that 

many of these species are not colonizing newly climatically-suitable area. Similar lags 

have been observed in British butterflies (Menéndez et al. 2006). Extreme events linked 

to climate change have also been linked to population declines and community structure 

changes (Halsch et al. 2021), either directly (ex. via daytime heat stress, or through 

increased precipitation during critical overwintering stages) or indirectly (ex. through their 

host plant). Furthermore, a change in site-level maximum temperature has been shown 

to be the climate variable most linked with local extinctions in insects (Román-Palacios 

and Wiens, 2020). A potential depletion of climate specialists combined with the lack of 

replacement by other species (who are lagging behind the pace of climate change) may 

be responsible for the large species richness declines that we observe in cells that are 

warming the fastest. 
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Though trends in species richness change may be mixed across plots in this 

study as well as in the literature, both the direction and the severity of the impacts of 

either may be in large part influenced by the species’ identity. Some traits, such as small 

range sizes or specialized life histories predispose species to risk of extinction (Börschig 

et al. 2013; Lewthwaite et al. 2018). If some trait(s) make species more vulnerable to 

anthropogenic change, and if species that share more evolutionary history are more 

likely to share similar trait spaces, then one might expect species to be non-randomly 

filtered out of communities in the face of both land use change (Egorov et al. 2014) and 

climate change (Davis et al. 2010). 

As such, the impacts of anthropogenic change on the phylogenetic diversity and 

phylogenetic structure of communities are poorly-understood. Because PD is strongly 

correlated with species richness (Swenson, 2014), any change in richness in a 

community will likely affect PD, and it can be difficult to tease about the unique 

contributions of evolutionary history to responses. Indeed, after correcting for changes in 

species richness, observed change in PD can disappear (Fourcade et al. 2021) or even 

reverse directions (Li et al. 2020).  

In earlier chapters, I found a small but significant increase in PD (Chapter 4), 

which corresponds to a small but significant increase in species richness (Chapter 3). 

However, this does not address the phylogenetic structure of communities, as two 

communities with identical taxonomic richness scores may be composed of species with 

either highly similar or different phylogenetic histories leading to clustered or 

overdispersed phylogenetic community composition (Webb et al. 2000; Kusuma et al. 

2018). If trait space correlates with phylogenetic diversity (Tucker et al. 2018), then a 

clustered loss of species on the tree may reduce functional diversity and potentially 

reduce ecosystem services (Grab et al. 2019). 

My simulations revealed that although there is an initial decline in MNTD as 

species richness increases within an assembly, this relationship quickly tapers off 

(Figure 5.3A) and is consistent with MNTD being relatively independent from species 

richness except at extreme values (Swenson et al. 2014). However, when one begins 

randomly pruning or adding species from a given assembly, there is a corresponding 

change in MNTD (Figure 5.3B-G). In order to account for this, I compared my results to a 

null model. My empirical results showed that although there is much variation in the 
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change in MNTD within a community, mean quadrat-level change is indistinguishable 

from zero (Figure 5.4A). 

I also found a significantly negative relationship between change in species 

richness and change in MNTD within an assemblage, though the modest R2 (0.28) 

illustrates lots of variation in this relationship, particularly around the mean (3.85 MY; 

Figure 5.4B). An increase in species richness within an assemblage rarely resulted in an 

increase in MNTD, which likely indicates that colonizing species (such as introduced 

species) were usually close relatives of members already within that quadrat and were 

not adding much novel phylogenetic information to an assemblage.  

Similarly, a decrease in species richness rarely resulted in a decrease in MNTD, 

indicating that as species drop out of assemblages, the remaining species are less 

closely related (as expected). Species that were locally extirpated were likely to be 

distributed across the tree, as the loss of highly evolutionarily isolated species would 

actually decrease MNTD in a plot, as remaining species would be now be more closely-

related than they previously were. Additionally, if losses were clustered on the 

phylogeny, a decrease in species richness would result in a decrease in MNTD, which 

was rarely the case in my assemblages. 

Though there was no net change in MNTD (and MNTD exhibited far less 

variability in response than species richness to land use or climate change; Figure 5.5B), 

there was some variation in this response between assemblages. The most notable 

(though still statistically insignificant) changes were an increase in MNTD in response to 

the contemporary conversion of primary habitat to cropland, and a decrease in MNTD in 

response to a contemporary conversion of cropland to secondary habitat. Most of the 

traits have very low phylogenetic signal (Table 5.1), indicating that closely-related 

species are not more likely to share sensitivities to environmental change. As such, the 

observed changes in MNTD in response to land-use change are consistent with my 

predictions (see Figure 5.1), though I did not see the all of the responses to land use 

change that I predicted. 

The contemporary conversion of primary habitat to cropland resulted in a 

concurrent decrease in species richness. From my simulations, in communities that lose 

species, I expected to see an increase in MNTD, and this was observed, indicating that 
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species that were lost tended to represent clades scattered across the phylogeny. 

However, mean temperature change within a quadrat resulted in a steep decline in 

species richness, but very little change in MNTD scores (Figure 5.5b), contrary to my null 

model. Therefore, the species that remain tend to be more closely-related than 

expected, indicating that the impacts of climate change may be clustered on the 

phylogeny. 

Meanwhile, recent conversion of cropland for secondary habitat resulted in an 

increase in species richness. Null expectations suggest there should be no 

corresponding change in MNTD, but my results indicate an overall decrease in MNTD. 

Thus, the species that are added to a community in these scenarios are more closely-

related to each other and/or to the species that remained than expected. In the 

construction of the null distribution, tips were re-added randomly to a tree, and the 

probability that a new tip is added along any branch is directly proportional to the length 

of the branch. However, it should be noted that the phylogeny is very “stemmy”, with 

long basal branches and shorter apical branches. This increases the likelihood that a 

species will be added to one of the long, basal branches, and so any randomly added tip 

may add more evolutionary history than it would if it were simply “unmasked” and 

returned to its original position in the phylogeny. Future analyses will investigate the 

impact of this modelling choice.  

My results are also consistent with trends in the literature with regard to 

phylogenetic restructuring in response to agricultural change (Kusuma et al. 2018). 

Although species richness declined in quadrats where there was a recent loss of primary 

habitat to cropland, the mean distance between species increased. This indicates that 

while there are typically fewer species in converted habitats, these species represent 

clades scattered throughout the phylogeny rather than clustered in groups (Nowakowski 

et al. 2018). Conversely, a gain in species richness in cropland that was recently 

abandoned corresponded to a decrease in mean distance between community 

members. Species that were added tended to be close relatives of members that were 

already present. 

Interestingly, this would also suggest that relevant traits are potentially being 

conserved – but not the ones I measured. The species arriving into assemblages tend to 

be close relatives to those that persisted following habitat change, suggesting that 
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habitat affinity does show phylogenetic clumping. However, I found no significant 

phylogenetic signal in the traits that I measured. The tree itself may therefore be a better 

representation of ecological affinity than our own attempts to derive these metrics – 

suggesting that the tree is integrating ecology, and preserving phylogenetic diversity may 

save much more than we realize.  

Compared to pre-1945 levels, there has been relatively little conversion of land to 

or from cropland (Figure 5.2). As such, although secondary habitat is increasing in 

Canada since 1945, this is largely not as a result of a loss in cropland. Similarly, Canada 

is no longer losing much secondary habitat to cropland. However, the small amounts of 

both types of conversion that do occur seem to have large effects on a quadrat’s 

diversity, both negative and positive (Figure 5.5B). It would appear as though these two 

trends negate one another and result in no net change in MNTD. 

There are some additional considerations in my analysis. Although the increase 

in secondary habitat is likely driven by a concurrent loss of primary habitat, I did not 

assess the biotic impacts of primary to secondary habitat conversion, as any predictions 

were not straightforward or generalizable across all species. Some woodland butterfly 

species would have likely declined (van Swaay et al. 2006), whereas grassland species 

may have benefitted (Viljur and Teder, 2016), and so responses would be species-

specific. 

Additionally, this study looks at the relative change but not the absolute amount 

of each category type within a grid cell. For example, cropland may have only slightly 

increased within a cell through time, but that may not mean much if it was already mostly 

cropland to begin with. 

Finally, much of the loss of primary habitat and increase in cropland in Canada 

occurred prior to 1945 (Figure 5.2). It is possible that I have missed much of the resulting 

species and phylogenetic change that resulted prior to 1945. Much of the loss in diversity 

and homogenization of communities may have already occurred by the 1950s and so my 

study may only be examining the tail end of that change. Any increases in species 

richness or PD from recent agricultural abandonment may not make up for that initial 

loss. 
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Initially, these findings would imply some good news for biodiversity conservation 

in Canada, as I found that modern agricultural abandonment is associated with net 

species richness increases in my quadrats. However, the full picture is more nuanced. 

Firstly, when species are initially lost in the conversion to cropland, they tend to be 

scattered throughout the phylogeny. However, when areas are recolonized by species 

following agricultural abandonment, they tend to be close relatives of the species already 

present. Secondly, because the actual amount of this land use conversion type is so 

small in these quadrats, it is unlikely to have or to have had a large-scale impact on 

Canadian biodiversity. 

Therefore, I note that, as in previous chapters, by only examining one axis of 

biodiversity in a community, such as species richness, one may miss other diversity 

changes that are simultaneously occurring. I also find that much of the variation we see 

in Canadian butterfly diversity trends through time is likely influenced by past 

anthropogenic change, indicating that shifts in community structure are likely to continue 

into the future. 
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5.7. Supplementary Methods 

5.7.1. Choice of priors for Bayesian analysis of quadrat-level 
responses to land-use and climate change 

Using each quadrat-level response per decade, I constructed two separate 

models: one to model change in species richness (hereafter “SR”), and one for change 

in MNTD (hereafter “MNTD”). 

Both response variables are numerical values between -155.92 to 116.22 (for 

SR) and -150.91 to 149.44 (for MNTD). As response variables were normally 

distributed, I used a Gaussian distribution with default priors to model their distributions. 

The formula for each model was as follows: 

SR ~ Hist. Primary to Crop TR + Cont. Primary to Crop. TR + Hist. Sec. to Crop. 

TR + Cont. Sec to Crop. TR + Hist. Crop to Sec. TR + Cont. Crop. To Sec. TR + Mean 

Temperature Change + (1|Quadrat ID) 

MNTD ~ Hist. Primary to Crop TR + Cont. Primary to Crop. TR + Hist. Sec. to 

Crop. TR + Cont. Sec to Crop. TR + Hist. Crop to Sec. TR + Cont. Crop. To Sec. TR + 

Mean Temperature Change + (1|Quadrat ID) 

(where Hist. = Historic, Cont. = Contemporary, Crop. = Cropland, TR = Transition 

Rate) 

I included 7 fixed effects and a random intercept for quadrat identity. All 

continuous predictors were standardized and centered at zero. I used weakly 

regularizing priors for all predictors, following recommendations in STAN 

(https://github.com/stan-dev/stan/wiki/Prior-Choice-Recommendations).  For fixed 

effects, I used a diffuse Gaussian distribution with mean 0 and standard deviation of 3 

for the slope. For the intercept, I again used a diffuse Gaussian prior with mean 0 and a 

standard deviation of 10. For the standard deviation associated with polygon identity, I 

used a Cauchy distribution that constraints SD to be positive, with a mean of 0 and SD of 

1. All of these values are considered to be weakly informative, which is important 

because the idea is that a prior should “rule out unreasonable parameter values but is 
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not so strong as to rule out values that might make sense” (https://github.com/stan-

dev/stan/wiki/Prior-Choice-Recommendations). 

I constructed 4 Markov chains of 4000 iterations each, including a warm-up 

phase of 1000 iterations. I used an adapt_delta value of 0.99 to reduce the number of 

divergent transitions. To verify convergence, I visually investigated the chains, as well as 

the r̂ values. All r̂ values were equal to 1, indicating model convergence. 

5.7.2. Habitat traits 

I used 4 habitat-related traits in order to determine a species’ sensitivity to land use 

change (Table 5.3). Although data was not available for all species, there was data for at 

least 205 species (out of 289) for some traits, and up to 261 species for others. 

Table 5.3. The 4 traits used to determine habitat affinities, and their relevant 
trait states.  

Trait states were classified as categorical, but were ordered from one end of the trait spectrum to 
the other in order to measure phylogenetic signal in each trait. The final column shows the 
number of species in each category as well as the total number of species with data available. 

TRAIT TRAIT VALUES ORDERING NUMBER OF 
SPECIES 

DISTURBANCE AFFINITY Disturbance-associated (strong) 1 92 

Disturbance-associated (weak) 2 14 

Disturbance association varies 3 25 

Seen near and away from disturbed 
habitat 

3 7 

Disturbance-avoidant (weak) 4 5 

Disturbance-avoidant (strong) 5 62 

TOTAL  205 

CANOPY COVER Closed canopy 1 2 

Mixed canopy (closed affinity) 2 9 

Canopy generalist 3 61 

Mixed canopy 3 7 

Mixed canopy (open affinity) 4 118 

Open canopy 5 64 

TOTAL  261 

EDGE ASSOCIATION Edge-associated (strong) 1 100 

Edge-associated (weak) 2 20 

Edge association varies 3 45 

Seen near and away from edges 3 11 

No evidence for edge associations 3 35 

Edge-avoidant (weak) 4 4 

https://github.com/stan-dev/stan/wiki/Prior-Choice-Recommendations
https://github.com/stan-dev/stan/wiki/Prior-Choice-Recommendations
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Edge-avoidant (strong) 5 34 

TOTAL  249 

MOISTURE AFFINITY Mesic-associated (strong) 1 109 

Mesic-associated (weak) 2 18 

Both 3 12 

Moisture association varies 3 28 

No evidence for moisture 
association 

3 22 

Xeric-associated (weak) 4 8 

Xeric-associated (strong) 5 59 

TOTAL  256 

 

5.8. Supplemental Results 

5.8.1. Evolutionary isolation and rarity 

In order to assess whether my measurements of MNTD change would be biased by 

incomplete and uneven sampling, I looked at the relationship between evolutionary 

isolation and rarity (Figure 5.6). I found no relationship between any of the metrics of 

isolation and any of the metrics of rarity. This indicates that the rarest species in Canada 

are no more or less likely to be on long, isolated phylogenetic branches of the Canadian 

phylogeny than are the most common species in Canada. 
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Figure 5.6. The relationship between a species evolutionary isolation score, 
measured as either equal splits (panels A, C) or fair proportions (B, 
D) and its rarity, measured as either the number of observations in 
Canada between 1900-2020 (A, B) or its’ North American range size 
(C, D). ).  

Both isolation scores were generated using the MCC (Maximum Clade Credibility) version of the 
phylogeny. n = 289 species (A and B); 264 species (C and D). 

5.8.2. Spatial and temporal species richness and MNTD trends in 
Canada 

In order to visualize the spatial patterns of MNTD in Canada, I summarized these 

values within a grid cell at a much larger scale (100 km x 100 km) than was used for any 

of the statistical analyses, as the 10 km x 10 km quadrats were much too small to 

visually discern differences between quadrats. MNTD is relatively uniform across the 

southern border, and increases towards the North (Figure 5.7). As species richness is 

low in Northern Canada (Chapter 1), the species that are present will be more distantly 

related than they would be in more diverse areas in Canada.  

Of the site/decade combinations that experienced the 10 biggest losses in 

MNTD, 3 quadrats experienced the largest losses but in separate decades. These 

quadrats were located in southwestern BC, northern BC and southeastern Ontario. All 

10 of the biggest gains in MNTD within a decade occurred in different quadrats. 

Although some of the sites with the biggest decadal increases and decreases in 

species richness were located near one another, many of these sites have very different 

land use histories and are warming at different rates (Figure 5.8), both which could 

potentially account for the very different biological responses between them. For 
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example, contemporary and historic cropland conversion as well as mean temperature 

change is higher in cells that experienced the biggest decadal declines in species 

richness compared to those that experienced the biggest increases. 

Of the site/decade combinations with the 10 biggest gains in species richness: 1 

occurred in the 1960s, 2 in the 1970s, 1 in the 1980s, 4 in the 2000s, and 2 in the 2010s. 

The 10 biggest losses were distributed as: 1 in the 1960s, 1 in the 1970s, 2 in the 1980s, 

4 in the 1990s, and 2 in the 2010s. These indicate that the largest fluctuations in species 

richness occurred post-2000.  

Meanwhile, the temporal distribution of the biggest gains in MNTD are: 1 in the 

1950s, 3 in the 1960s, 1 in the 1970, 4 in the 1980s, and 1 in the 2010s. As for the 

biggest losses in MNTD: 2 in the 1950s, 1 in the 1960s, 4 in the 1970s, 2 in the 2000s, 1 

in the 2010s. The largest fluctuations in MNTD were clustered prior to the 1990s. 

Across decades, the range of species richness change values varied far less 

than the range of MNTD change values (Figure 5.9). The magnitude of species richness 

change values within a quadrat was relatively stable in the 1950s, 1960s and 1970s. 

After that point, values begin fluctuating more dramatically and there are more outliers in 

either direction. Interestingly, I do not see the same trends with MNTD. Values fluctuated 

dramatically in either direction in every decade except the 1980s. This is consistent with 

uneven sampling leading to random dropouts and additions of species over time, such 

that identity greatly varied but the number of species (species richness) remained stable. 
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Figure 5.7. (A) Map of Mean Nearest Taxon Distance (MNTD) across a 100 km x 
100 km grid of Canada; and (B) Map of the top 10 grid cells 
experiencing the greatest increases and decreases in MNTD across 
all quadrat/decade combinations 

(A) shows MNTD values across all grid cells, regardless of sampling intensity. (B) shows all grid 
cells that were adequately sampled and included in this study, where the 10 grid cells 
experiencing the greatest increase in MNTD across all quadrat/decade combinations are 
highlighted in green, and the 10 grid cells experiencing the greatest reduction in MNTD are 
highlighted in red. MNTD values were obtained by taking the average values across 1000 
candidate tree topologies. n = 96 grid cells.  

 
 

50

100

150

200

MNTD (1900−2015)

A. 

B. 

) 

500 

1000 km 0 



178 

 

Figure 5.8. Violin plots of the top 10 grid cells experiencing the greatest 
increases and decreases in species richness and the amount of 
each land use change type (A-B) or amount of temperature change 
(C) occuring in that cell during the relevant decade. 

Top 10 values are taken from all potential decade/quadrat combinations. Land use change values 
(A-B) represent the sum of historical and contemporary land use conversion within that plot for 
the relevant decade. Dots in violin plots represent median values. Quadrats are the same as 
those mapped in Figure 5.7 
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Figure 5.9. Violin plot of (A) the change in species richness and (B) the change 
in MNTD (averaged over 1000 candidate topologies) within a 10 km x 
10 km grid cell, coloured by decade.  

See Table 5.1 for the number of quadrats per decade and per response.  
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Chapter 6.  
 
General Conclusions 

These discrete but linked studies illustrate that Canadian butterfly responses to 

anthropogenic change are nuanced. Although we find small increases in average 

quadrat-level species richness through time (Chapter 3), we find that the vast majority of 

species are spatially lagging behind the rate of climate change (Chapter 2). Additionally, 

we find that assemblages are becoming spatially homogenized through time (Chapter 3) 

and communities may be increasingly composed of close relatives as a result of land 

use change (Chapters 4 and 5). This could be a consequence of a “winner takes all” 

scenario, where a select few species are capable of not only resisting range losses, but 

also expanding their range, whereas many more “losers” face an increased risk of 

extinction (McKinney and Lockwood, 1999). Indeed, there are several outlier species 

that have experienced massive colonization success over the past century, resulting in 

an increase in the median average range of species within a quadrat (Chapter 3). This 

suggests that assemblages are increasing composed of larger-ranged species.  

Simultaneously, we see an observed increase in assemblage MNTD in response 

to contemporary agricultural intensification: as the number of species decreases within 

these assemblages, those that remain are not just a subset of those that were there pre-

conversion but rather represent large-ranged clades scattered across the phylogeny. 

Howeber, when cropland is later abandoned, the species that recolonize tend to be close 

relatives of those already present, and add little additional phylogenetic diversity to the 

assemblage As we also see low phylogenetic signal in range size (Chapter 2), it is 

consistent with those remaining clades being largely composed of those large-ranged 

species that had better success rates than small-ranged species in Chapters 2 and 3. 

6.1. Patterns and consequence for change 

The common ancestor of modern butterflies likely arose around 110 million years 

ago (Heikkilä et al., 2012), and since then, the clade has rapidly diversified into more 

than 17000 currently described species (Robbins and Opler, 1997). The lineage has 

already withstood one past mass extinction, the Cretaceous/Paleogene event (Heikkilä 
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et al., 2012). Additionally, butterflies originated in the tropics (DeVries 2000) and are 

ectotherms. If climate is limiting, they should, in theory, benefit from thermal release from 

climate change (Warren et al. 2001). 

Instead, a very concerning picture is emerging in the literature. Declines in insect 

abundance and richness have been documented across plots worldwide (Dirzo et al. 

2014; Seibold et al. 2019) and consensus is emerging that the magnitude and velocity of 

environmental change is unprecedented in documented history (Marcott et al. 2013) and 

may be outpacing species’ abilities to respond (Hof et al. 2011). I find similar cause for 

concern in Canadian butterflies. Beyond the moral quandary of losing the biodiversity in 

our own backyards, Canadian butterflies represent a cumulative 3950 million years of 

evolution (Chapter 4), and the loss of any species is an irreplaceable loss of millions of 

years of adaptive change.  

Finally, as one of the better-studied groups of insects, butterflies are a flagship 

group for other lesser-documented insects. For example, of the 82 arthropods assessed 

by COSEWIC since its creation in 1977, 19 of them are butterflies (COSEWIC, 2021). 

However, butterflies comprise just 2% of the approximately 950000 described insect 

species (Thomas 2016). It is clear that they are getting proportionally more conservation 

attention than other insects.  

Additionally, although they are pollinators, they are not very effective ones 

(Barrios et al. 2016), and so I will not make the argument that massive butterfly 

extinctions would have a large effect on the ecosystem services that we receive from 

insects. However, the losses of other essential and more effective pollinators, such as 

moths, flies and native bees (Ballantyne et al. 2017), or detritivores (Prather et al. 2012), 

could have cascading effects in their ecosystems (Grab et al. 2018). What little data 

there are suggests that the rates of butterfly declines are far exceeded by those of other 

groups (Thomas 2016). Perhaps, then, the most effective service that butterflies can 

provide is to sound the alarm to the general public about these trends of insect decline 

and generate concern for the other, silent, victims. 
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6.2. Future directions 

As many questions as this thesis answered, it generated many more. There were 

many additional directions and studies I would have liked to complete (or start, in some 

cases), however in the wise words of Captain Jean-Luc Picard: “The line must be drawn 

here. This far, no farther!” As such, they remain ample avenues for further research in 

the future. 

6.2.1. Geography of climate debt 

From Chapter 2, it remains unclear how much of a species’ climate debt is 

influenced by the geographical structure of the forecasted area of range expansion. 

There are a large number of dispersal barriers across Canada that would restrict 

expansions, such as large topographical variation (La Sorte et al. 2014), extensive 

habitat fragmentation (Meier et al. 2012) and heavily human-modified and/or 

uninhabitable landscapes (Wittische et al. 2021). These may inhibit range expansion 

because of the difficulty of establishing new populations, such as in areas dominated by 

dense forests in thermophilic species (Delabye et al. 2021), of which butterflies generally 

are. Patchy landscapes with challenging dispersal conditions will also make it difficult for 

species, particularly specialists, to expand from the leading edges of their ranges 

(Robillard et al. 2015). Related to this, even following any post-disturbance regrowth of 

secondary habitats which could result in initial biodiversity increases (Riva et al. 2018), 

hostplants in forests clearings may be insufficient or unavailable for species to establish 

new populations, particularly if they have not shifted in conjunction. Furthermore, these 

areas would be transitory, so range expansion through them may end up being a "dead 

end", because succession would eventually close the forest canopy  

Figure 6.1 displays the variation in Environmental Niche Model (ENM) predictions 

(in early iterations of our models) in southwestern Canada for the 155 species examined 

in Chapter 2. Importantly, this map does not show the actual movement of species; 

rather, it displays what the ENMs projected as climatically suitable vs. unsuitable for 

each individual species in Time 2 (1985-2015) compared to Time 1 (1900-1975), and 

then sums this across all species to get a measure of projected richness change through 

time. However, it hints that geography may indeed play a role in the large climate debts 

we observed. Areas in green represent areas where the ENMs predict that species 
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richness should have increased if species had indeed fully tracked climate change, 

whereas red predicts species richness declines under the same conditions. One way to 

interpret this map is that different colours indicate that climate change is promoting range 

expansion and corresponding diversity increases in some areas (green: it is exerting 

upward pressure, regardless of anything going on with habitat) and range contractions 

and decreasing species diversity in other areas in red (or, downward pressure on 

diversity, irrespective of changing habitat conditions). Therefore, it is possible that the 

regions in red may represent the upper range extent of butterflies, because of either: i) 

the unavailability of host plants; ii) the generalized thermoregulatory challenge of closed, 

dense forest; or iii) the idea that populations could expand into clearcut/disturbed areas, 

but forest regrowth strangles those populations before they can continue expanding 

north. 

 

Figure 6.1. Spatial variation in Environmental Niche Model (ENM) predictions for 
155  individual species through time, and summed across all 
species. 

Values at each pixel are calculated as: sum(Time 2 ENM presence or absence) - sum(Time 1 
ENM presence or absence), where ENM projections are made at the individual species level and 
summed across all species. Positive numbers indicate places where ENMs predict that richness 
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should have increased (green). Negative numbers indicate places where ENMs predict that 
richness should have decreased (red). Time 1 corresponds to 1900-1975 and Time 2 
corresponds to 1985-2015. This map was generated by Jeremy T. Kerr. 

6.2.2. Southern range contractions 

One significant hurdle in assessing species responses is that we have only 

documented change in the northernmost parts of all of these species’ ranges. However, 

the ranges of the vast majority of these species extend down into the USA, and 

sometimes farther south. Accurate range data are crucial for building reliable ENMs and 

for contextualizing losses and gains of habitat across a species full range. For example, 

a species whose periphery of their range extends into Canada and has seen gains in 

habitat over the past few years as climate change progresses could superficially be seen 

as a success story. However, if it has lost habitat in the USA and is on the decline there, 

the gains it has made in the north may not fully counteract the losses in the south. This 

poses immediate and pressing conservation concerns, as a small and shrinking range 

size is one of the strongest predictors of extinction risk (Vamosi & Vamosi, 2012) and an 

important predictor of response in Canadian butterflies (Chapters 2 and 3). 

 However, in order to determine where a species has been locally 

extirpated, one must have reliable and extensive data for the historical distributions. This 

kind of data is sorely lacking in most distribution datasets, including GBIF (Rocha-Ortega 

et al. 2021). 

A team of undergraduate students and I spent a considerable amount of time 

throughout my PhD gathering and manually geolocating museum records for 

approximate 130 Nymphalid species. In total, we electronically databased over 24,000 

records, all of which were previously inaccessible to researchers, except for museum 

visitors. Virtually all of these records are from prior to 2000, and the vast majority of them 

span the 1890s to the 1990s. These invaluable and novel data points will enable me to 

examine changes at the southern edge of their ranges – are these ranges contracting as 

habitat becomes unsuitable or as temperatures increase? If so, combining these findings 

with the lack of range shifts observed in Chapter 2 would provide evidence that species 

are being “squeezed out” of their historical ranges. If they are not contracting, then a 

failure to track climate change at their poleward margins may not be as dire of a 

conservation concern. 
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6.2.3. Phenological shifts 

One of three potential strategies for species to respond to anthropogenic change 

that I listed in Chapter 1 was to “respond”, such as by shifting ones’ range. Although we 

find that species are not spatially tracking climate in Chapter 2, an alternate response 

strategy involves shifting phenology (the timing of life history decisions) to maintain niche 

requirements (Willis et al. 2008), which has not been examined in this group.  

 Insects commonly respond plastically to warm temperatures by speeding 

up their rates of development. As a result, warm springs in temperate regions are 

typically associated with early insect emergence and activity (Forrest 2016; Posledovich 

et al. 2014; Stålhandske et al. 2014), though this is complicated (see Fric et al. 2020 and 

Stålhandske et al. 2017). Additionally, the time of the year that an adult butterfly is on the 

wing is mainly determined by the over-wintering stage (i.e. egg, larva, pupa or adult), but 

the emergence date of the adult is most likely to be influenced by day length and 

seasonal temperatures (Brooks et al. 2017). Finally, there is a clear link between 

temperature and the termination of diapause and developmental rates in moths and 

other insects (Maurer et al. 2018). This strong body of research in insect phenology 

helps inform our prediction that warmer mean annual temperatures in springs and 

summers associated with climate change will result in earlier emergence dates in 

Canadian butterflies. 

Thus, it is possible that there a trade-off between strategies: butterfly species that 

are not spatially tracking climate change may have advanced their emergence dates 

instead. Natural History Collections (NHC), such as the datasets used in all thesis 

chapters (as well as the additional records detailed in 6.2.2.) have been shown to be 

able to detect changes in phenology over the past century (Kharouba et al. 2014), at 

levels comparable to other field-collected or observational data (Brooks et al. 2014). As 

such, the data used throughout this thesis is also appropriate for investigating potential 

phenological shifts. 

In partnership with Dr. Michael Singer and Dr. Camille Parmesan at the CNRS 

(National Centre of Research Excellence) station in Moulis, France, I began investigating 

whether there is evidence of phenological advancement in Canadian butterflies. 

Preliminary results show that, on average, Canadian butterflies are emerging earlier in 
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the spring/summer (Figure 6.2), with a mean advancement of 11.3 days for Date of First 

Flight (DFF; see Glossary) and 0.3 for Median Collection Date (MCD; see Glossary). 

Although MCD is often correlated with DFF, it can yield insight into overall population 

trends (instead of potential outliers) as well as control for detection bias, which may 

account for why it has changed less dramatically in our results than DFF. 

Additionally, there may be a slight positive relationship between a species’ 

climate debt (the inverse of climate tracking) and its degree of phenological shift (Figure 

6.3), indicating that species that are emerging earlier (negative DFF values) are also 

those with the largest climate debts (i.e. are not spatially tracking climate change). 

Although this is opposite to what we predicted, these results are still extremely 

preliminary and subject to change. 
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Figure 6.2. Histograms of observed phenological responses in a subset of 
Canadian butterflies, measured as (A) the change in the date of first 
flight; and (B) thechange in the median collection date. n = 149 for 
both. 

 

A. 

B. 
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Figure 6.3. Relationship between a species’ climate debt and their degree of 
phenological advancement, measured as the change in Date of First 
Flight (DFF), for a subset of Canadian species. n= 17. 
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Figure 6.4. Hypothesized relationship between 6 life history traits and a species’ 
phenological response, measured as the degree of advancement in 
Date of First Flight (DFF).  

Each dot represents a separate species. 

We also hypothesized that the less “flexible” a species is in its life history, the 

more it must adjust its’ phenology to track its niche. The life history traits related to 

flexibility that we are including in our modeling framework include: 

Diet breadth (Fig. 6.3A): Diet specialists should experience a steeper 
selection gradient to track host plant phenologies because they 
cannot switch hosts easily, whereas diet generalists are able to use 
multiple host plants, so they not as affected by changing plant 
phenologies.  

Range size (Fig 6.3B): Larger ranged species are presumably adapted to 
a wider variety of climates than small ranged species. Small ranged 
species must track a smaller available climate space and should 
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experience higher selection shift their phenology to keep pace with a 
warming climate. 

Dispersal ability (Fig. 6.3C): Strong dispersers can disperse to different 
areas to find niche requirements (such as host plants), whereas poor 
dispersers cannot move and should experience a stronger selective 
gradient to respond in situ. 

Voltinism (Fig. 6.3D): Univoltine species are generally more cued to 
temperature as an emergence cue than multivoltine species (who 
seem to be more dependent on photoperiod as a cue). Thus, there is 
less selection acting on multivoltine species’ emergence dates, as 
photoperiod is not changing. 

Length of flight season (Fig. 6.3E): Species with shorter flight seasons 
should have heavier fitness costs of mistiming their season (especially 
if they emerge late and miss host plant). Thus, they should experience 
high selection to match (advancing) host plant phenology. 

Date of emergence (Fig. 6.3F): This is not necessarily related to life 
history flexibility, but it is thought that early emerging species are more 
cued by temperature, and later emerging species are more influenced 
by photoperiod (which is unchanged by climate change), and thus we 
account for this effect in our modeling.  

Much of climate change risk forecasting is being conducted using solely 

phenological or range shifts; however, there is very little work being done that 

incorporates both axes of possible responses (though see Hällfors et al. 2021). The 

results from these analyses (6.2.1., 6.2.2. and 6.2.3.) could enable us to develop 

complete and multidimensional “risk” score for all Canadian butterfly species. Axes of 

risk could include: i) degree of climate debt; ii) degree of phenological shift; iii) the 

magnitude of southern range contraction; iv) the “flexibility” in a species’ life history traits; 

and v) phylogenetic relationships.  

6.2.4. Genetic responses 

The 2nd possible response to a changing environment (detailed in Chapter 1) is 

for a species to adapt in situ. In some sites, researchers have observed long-term 

decreases in melanism proportions within a population, suggesting that increasing 

temperatures are selecting for lighter-coloured wings (Kingsolver & Buckley, 2015). 

Adaptive responses at range margins can also enable butterflies to colonize formerly 

uninhabitable and novel areas, such as by colonizing novel host plants (Allio et al. 2021) 

or thermal tolerance (Dongmo et al. 2021), thereby enabling range expansions. Both 



191 

forms of adaptive responses (in situ and ex situ) will aid species’ in successfully 

navigating climate change and habitat loss. 

None of my thesis chapters addressed species’ potential adaptive capacities 

(Wiens et al. 2009). Examples of species undergoing rapid and adaptive evolutionary 

change (especially those with short generation times, such as insects and annual plants; 

Franks et al. 2007) or with phenotypic plasticity (Anderson et al. 2012, Cleland et al. 

2012) during climate change are mounting, and future studies would benefit from 

examining genetic responses at range margins (Kharouba et al. 2018). 

One approach to gauging adaptation to anthropogenic change that is gaining 

traction is the sequencing of “ancient” DNA from museum specimens in Natural History 

Collections (NHC; Bi et al. 2013). Historically, repeating historical ecological surveys of 

species distributions have provided evidence of ecological responses to climate change. 

Similarly, “evolutionary resurveys” can reveal where and when evolution has been 

important in species’ responses (Nadeau and Urban, 2019). Museum specimens offer an 

invaluable (and underused) resource that, when combined with recent advances in next-

generation sequencing, could enable us to effectively “resurvey” populations through 

time to screen historical samples across thousands of loci for genomic signatures of 

environmental change and response (Bi et al. 2019). Comparing historic and 

contemporary allelic frequencies is the most direct and powerful way to detect 

microevolutionary change (Parejo et al. 2020). 

Additionally, comparative analyses of climate-induced species range shifts over 

the past century, including the one in this thesis, have revealed massive heterogeneity in 

responses, for reasons that are not often clear. For example, some species have shifted 

while others have not (Chapter 2); adaptations have varied from colonizing novel host 

plants (Allio et al. 2021), expansions of thermal niches (Lancaster et al. 2015), and 

increased dispersal capacity (Bridle et al. 2014); and cool edge populations have 

colonized new area more frequently than warm-edge populations have contracted 

(Parmesan et al., 1999). A temporal genome contrast between species that span this 

spectrum of adaptive and non-adaptive responses would allow us to understand how 

differing ecological responses correspond to differing evolutionary responses. 
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Specifically, one could map genetic diversity across the range and assess 

whether populations carry sufficient standing genetic variation to adapt (Kardos et al. 

2021). Secondly, genomic sampling of museum specimens at both the historic range 

edge as well as central populations would allow one to examine if/how genetic diversity 

has changed through time in response to climate change (Wanderler et al. 2007). 

Thirdly, one could perform outlier detection/Genotype-by-Environment Association scans 

of historical and contemporary individuals from populations across the range. This will 

elucidate both spatial and temporal selective pressures caused by climate change 

(Holmes et al. 2016), regions of the genome that are under selective pressure (Bay et al. 

2018), as well as identify the genomic architecture of any resulting adaptation (e.g., 

polygenic patterns vs. few loci of large effect). 

6.3. Concluding remarks 

I began this thesis by asking whether all of the ongoing butterfly responses were 

idiosyncratic, or whether there are generalizations that can be made. Because the 

impacts of climate change are globally distributed, and because humans have 

homogenized ecosystems in consistently similar ways across the planet, this has 

presented an unintentionally replicated pseudo-experiment to help answer that question. 

And yet, I emerge with more questions than answers. Although this thesis 

generates much insight into what is occurring in Canadian butterflies, all of the 

suggested future directions could greatly expand this work to give a more complete 

picture of responses, and more fully assess the distribution of risk in this group. 

Specifically, the use of NHC data to build either historic distributional, phenological or 

genetic baselines against which to compare to modern-day species’ responses is an 

exciting avenue. When distributional and genomic NHC data are then used in 

combination, this produces a particularly powerful method of detecting and explaining 

genetic changes at range edges in shifting vs. non-shifting species. These topics are 

extensively discussed in Appendix C. 

Evolution and ecology really are just the study of variation, and they are 

endlessly fascinating. 
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Appendix A. 

Total number of records per species within Canada in each time period. 

Species Number of Records in 
Time1 (1945-1975) 

Number of Records in 
Time 2 (1985-2015) 

Abaeis nicippe 0 15 

Aglais milberti 825 2297 

Agriades glandon 667 715 

Agriades optilete 140 94 

Amblyscirtes hegon 40 200 

Amblyscirtes oslari 1 5 

Amblyscirtes vialis 242 1402 

Anatrytone logan 54 1567 

Ancyloxypha numitor 165 3389 

Anthocharis sara 150 240 

Anthocharis stella 252 706 

Apodemia mormo 1 21 

Asterocampa celtis 52 430 

Asterocampa clyton 19 379 

Atalopedes campestris 9 92 

Atrytonopsis hianna 22 70 

Battus philenor 11 147 

Boloria alaskensis 92 118 

Boloria alberta 24 9 

Boloria astarte 67 83 

Boloria bellona 596 1885 

Boloria chariclea 1041 1135 

Boloria epithore 267 242 

Boloria eunomia 391 573 

Boloria freija 817 819 

Boloria frigga 347 304 

Boloria improba 176 115 

Boloria natazhati 9 48 

Boloria polaris 477 233 

Boloria selene 665 2424 

Callophrys affinis 8 50 

Callophrys augustinus 599 1466 

Callophrys eryphon 272 535 

Callophrys gryneus 115 550 
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Callophrys henrici 55 613 

Callophrys irus 12 4 

Callophrys johnsoni 12 8 

Callophrys lanoraieensis 13 92 

Callophrys mossii 174 127 

Callophrys niphon 147 1521 

Callophrys polios 278 1046 

Callophrys sheridanii 50 103 

Callophrys spinetorum 30 42 

Carterocephalus palaemon 631 2826 

Celastrina echo 133 861 

Celastrina ladon 222 182 

Celastrina lucia 941 6293 

Celastrina neglecta 227 4356 

Celastrina serotina 0 471 

Cercyonis oetus 265 471 

Cercyonis pegala 919 5977 

Cercyonis sthenele 9 85 

Chlosyne acastus 26 14 

Chlosyne damoetas 13 21 

Chlosyne gorgone 42 129 

Chlosyne harrisii 151 
 

Chlosyne hoffmanni 17 982 

Chlosyne nycteis 151 871 

Chlosyne palla 153 494 

Coenonympha nipisiquit 8 52 

Coenonympha tullia 1863 12451 

Colias alexandra 104 319 

Colias canadensis 74 199 

Colias christina 499 623 

Colias eurytheme 694 5465 

Colias gigantea 266 292 

Colias hecla 397 103 

Colias interior 640 1478 

Colias johanseni 2 2 

Colias meadii 89 164 

Colias nastes 424 189 

Colias occidentalis 117 52 

Colias palaeno 403 257 

Colias pelidne 220 195 
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Colias philodice 2018 15000 

Colias tyche 153 13 

Cupido amyntula 798 1670 

Cupido comyntas 146 3813 

Danaus plexippus 495 14831 

Echinargus isola 2 
 

Epargyreus clarus 198 2185 

Erebia disa 44 21 

Erebia discoidalis 297 453 

Erebia epipsodea 612 1285 

Erebia fasciata 131 88 

Erebia lafontainei 31 31 

Erebia mackinleyensis 12 64 

Erebia magdalena 14 83 

Erebia mancinus 149 234 

Erebia occulta 12 17 

Erebia pawlowskii 53 97 

Erebia rossii 266 161 

Erebia vidleri 100 114 

Erebia youngi 51 135 

Erora laeta 5 31 

Erynnis afranius 29 52 

Erynnis baptisiae 2 804 

Erynnis brizo 37 147 

Erynnis funeralis 26 26 

Erynnis horatius 6 79 

Erynnis icelus 692 2821 

Erynnis juvenalis 176 2560 

Erynnis lucilius 102 1536 

Erynnis martialis 28 96 

Erynnis pacuvius 9 99 

Erynnis persius 637 974 

Erynnis propertius 177 174 

Euchloe ausonides 460 777 

Euchloe creusa 160 199 

Euchloe lotta 44 46 

Euchloe naina 2 36 

Euchloe olympia 48 606 

Euphilotes ancilla 5 5 

Euphilotes battoides 72 248 
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Euphydryas anicia 503 965 

Euphydryas chalcedona 48 99 

Euphydryas editha 170 296 

Euphydryas gillettii 28 20 

Euphydryas phaeton 225 949 

Euphyes bimacula 41 387 

Euphyes conspicua 12 187 

Euphyes dion 50 638 

Euphyes dukesi 3 126 

Euphyes vestris 326 4735 

Euptoieta claudia 106 434 

Euptoieta hegesia 0 1 

Eurema mexicana 2 
 

Eurytides marcellus 0 22 

Feniseca tarquinius 109 637 

Glaucopsyche lygdamus 1487 6800 

Glaucopsyche piasus 119 53 

Hesperia assiniboia 86 316 

Hesperia colorado 151 268 

Hesperia comma 347 659 

Hesperia dacotae 1 24 

Hesperia juba 50 137 

Hesperia leonardus 77 756 

Hesperia nevada 38 60 

Hesperia pahaska 2 0 

Hesperia sassacus 71 1053 

Hesperia uncas 17 60 

Hylephila phyleus 14 848 

Icaricia icarioides 560 836 

Icaricia lupini 112 289 

Icaricia saepiolus 971 1824 

Icaricia shasta 10 16 

Junonia coenia 49 1435 

Leptotes marina 0 29 

Lerema accius 0 6 

Lethe anthedon 249 3449 

Lethe appalachia 34 712 

Lethe eurydice 308 2904 

Libytheana carinenta 25 493 

Limenitis archippus 346 6407 
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Limenitis arthemis 775 8536 

Limenitis lorquini 154 896 

Limenitis weidemeyerii 2 2 

Lycaena cupreus 25 56 

Lycaena dione 56 109 

Lycaena dorcas 310 753 

Lycaena dospassosi 10 96 

Lycaena editha 0 3 

Lycaena epixanthe 164 540 

Lycaena helloides 483 864 

Lycaena heteronea 85 383 

Lycaena hyllus 279 1486 

Lycaena mariposa 340 644 

Lycaena nivalis 34 24 

Lycaena phlaeas 364 1345 

Lycaena rubidus 19 6 

Megisto cymela 272 4786 

Nathalis iole 6 31 

Neominois ridingsii 11 17 

Neophasia menapia 197 176 

Nymphalis antiopa 895 9223 

Nymphalis californica 208 401 

Nymphalis l-album 326 2524 

Oarisma garita 123 388 

Oarisma powesheik 0 22 

Ochlodes sylvanoides 293 1056 

Oeneis alberta 125 124 

Oeneis alpina 10 21 

Oeneis bore 378 264 

Oeneis chryxus 348 934 

Oeneis jutta 287 476 

Oeneis macounii 112 252 

Oeneis melissa 277 206 

Oeneis nevadensis 114 32 

Oeneis philipi 0 29 

Oeneis polixenes 312 236 

Oeneis uhleri 180 257 

Panoquina ocola 0 20 

Papilio brevicauda 86 92 

Papilio canadensis 959 7140 
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Papilio cresphontes 26 2313 

Papilio eurymedon 194 482 

Papilio glaucus 113 3079 

Papilio indra 6 3 

Papilio machaon 192 523 

Papilio multicaudata 67 106 

Papilio polyxenes 259 3916 

Papilio rutulus 236 624 

Papilio troilus 55 832 

Papilio zelicaon 326 437 

Parnassius clodius 279 176 

Parnassius eversmanni 44 78 

Parnassius phobeus 4 14 

Parnassius smintheus 348 548 

Parrhasius m album 3 35 

Phoebis philea 0 4 

Phoebis sennae 2 65 

Pholisora catullus 154 460 

Phyciodes batesii 175 852 

Phyciodes cocyta 1242 10966 

Phyciodes mylitta 159 388 

Phyciodes pallida 19 61 

Phyciodes pulchella 576 746 

Phyciodes tharos 115 3046 

Pieris angelika 184 360 

Pieris marginalis 172 659 

Pieris oleracea 539 3895 

Pieris rapae 1077 17563 

Pieris virginiensis 63 361 

Plebejus idas 909 1452 

Plebejus melissa 358 519 

Poanes hobomok 481 5318 

Poanes massasoit 22 489 

Poanes viator 48 1059 

Poanes zabulon 0 3 

Polites draco 60 161 

Polites mystic 383 3466 

Polites origenes 96 916 

Polites peckius 314 2409 

Polites rhesus 1 6 
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Polites sabuleti 4 4 

Polites sonora 13 7 

Polites themistocles 379 3101 

Polygonia comma 194 3701 

Polygonia faunus 561 1838 

Polygonia gracilis 337 534 

Polygonia interrogationis 245 3245 

Polygonia oreas 48 58 

Polygonia progne 298 2311 

Polygonia satyrus 361 934 

Polyommatus icarus 0 195 

Pompeius verna 34 423 

Pontia beckerii 102 124 

Pontia occidentalis 544 1146 

Pontia protodice 91 107 

Pontia sisymbrii 95 69 

Pyrgus centaureae 186 274 

Pyrgus communis 109 424 

Pyrgus ruralis 180 229 

Pyrgus scriptura 1 
 

Pyrisitia lisa 60 249 

Satyrium acadica 275 1293 

Satyrium behrii 6 21 

Satyrium calanus 277 1167 

Satyrium californica 15 73 

Satyrium caryaevorous 90 271 

Satyrium edwardsii 61 297 

Satyrium favonius 0 39 

Satyrium liparops 184 1013 

Satyrium saepium 18 127 

Satyrium semiluna 9 14 

Satyrium sylvinus 74 100 

Satyrium titus 242 1274 

Speyeria aphrodite 393 2169 

Speyeria atlantis 578 2261 

Speyeria callippe 209 283 

Speyeria cybele 626 5860 

Speyeria edwardsii 39 13 

Speyeria hesperis 488 931 

Speyeria hydaspe 456 585 
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Speyeria idalia 5 6 

Speyeria mormonia 553 796 

Speyeria zerene 323 645 

Staphylus hayhurstii 9 5 

Strymon melinus 220 947 

Thorybes bathyllus 8 80 

Thorybes pylades 386 2323 

Thymelicus lineola 342 7513 

Vanessa annabella 162 30 

Vanessa atalanta 464 7553 

Vanessa cardui 659 2847 

Vanessa virginiensis 264 4004 

Wallengrenia egeremet 196 1440 

Zerene cesonia 2 8 
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Appendix B. 

A distribution of 1000 candidate tree topologies generated by randomly sampling 

from the posterior distribution of tree topologies in Chapter 5. Stored in newick format as 

a .txt file, titled ‘Appendix B’. 
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Appendix C. 
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