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ABSTRACT

With explodinghuman populations and landscapes that are chgrgmincreasing
number of wildlife species are brought to the brink of extimctio Canada, theastern hog
nosed snakeHeterodon platirhinos,is found in a limited portiorof southern Ontaw.
Designated as threatened by the Committee on the Status of Endangered Wildlife in Canada
(COSEWIC), this reptile has been losing its habitat at an alarmingDraéeto the increase
ndevel opment of southern Ontario, it i1s cru
to direct conservation efforts better, for the ldagn survival of this specie3he goals of
this study arel) to examine what envimmmental parameterare linked to thepresence of
the species at a landscape sca@leto predict where the snakecan be found in Ontario
through GlSbased habitat suitabilitynodels (HSMs) and 3)to assess # role of biotic

interactions ilrHSMs.

Three models withhigh predictive power were employed: Maxent, Boosted
Regression Trees (BRTsandthe Genetic Algorithm for Ruleset ProductionGARP).
Habitat suitability maps were constructéat the eastern hegosedsnakefor its entire
Canadian distribution and models were validateith both threshold dependent and
independent metricdMaxent and BRT performed better than GARP and all models predict
fewer areas of high suitability when landscape variables are used with current occurrences
Forest density and maximum temperatureirduthe active season were the two variables
that contributed the most to models predicting the current distribution of the species. Biotic
variables increased the performance of models not by representing a limiting resource, but
by representing the ineglity of sampling and areas where forest remakithough habitat

suitability models rely on many assumptions, they remain useful in the fields of



conservation and landscape managemeraddition to help identify critical habitat, HSMs

may be used astaol to better manage land to allow for the survival of species at risk.



RESUME

Durant les dernieres décennidsa@croissementdémographiquecontinu a été a
| 6or i gi nehangemergsrda payssgai ont mené plusieurs especas bord de

I'extinction Au Canada, la couleuvre a nez pldgterodon platirhinosest retrouvée dans

une portion du sud de | 60ntario. Cette esp
Canada principalement ~° cause pgdementrapidpaur t e d
sud de | 60nt ari o, il est crucial de d®t er mi

orienter les efforts de conservation. Les buts de ce projet sont: 1) examiner les parameétres

environnementaux qusont liés ala répartitiondece reptil e ° | 6 ®c hel |
pr®dire |l a pr®sence de | 6esp ce en Ontario
l 6habitat (1 QH); et 3) ®valuer |l e rtle des i

Trois modeles IQH de haute performanceefi employés: Maxent, ddsted
Regression flees (BRTSs) et The Genetic Algorithm for Ruleset Production (GARP). Des
cartes doéindice de qualit® de | 6habiddlat fur
couleuvre a nez plat et les modeles mirealidés avec différentes meétriques de
performancesMaxent et BRT perfonent mieux que GARP et tous les modeles prédisent
moins d 6 h asbfavorables lorsque des variables de paysage sotilisées avec des
occurrences récentes. La densité de foré&t tetmpérature maximale durant la saison active
sont souvent les variables contribuant le plus aux mogeélsantia distributionactuelle
de ce sment. Les variables biotiquest permis ax modeles de mieux performer npas
parcequ 6 el | es une lpnitabion e ressquisema i s parce qlesdel |l es
i n®g al i écstillodnagesdes efdroits ou il y a encore présence de. fdtélgre le

fait que ces modeles présentent certaines limitations, ils demeurent tres eutiles

v



conservatioret en gestion des paysageNon seulement peuveils nous aider a identifier
des habitats essentiels, mais ils peuvent aussi étre sutiiséme outil afin denieux gérer

|l utilisation des terres tout en prot®geant
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GENERAL INTRODUCTION

Anthropogenic activity and habitat selection

Understanding how living organisms are distributed around the planet has always
been a subject of great interest in ecology. It was of the topics studied by Charles
Darwin on his voyage on the HMS Beag@arwin, 1889) Overa century later, this subject
is more important than ever. Ake human ppulation isincreasing and landscapese
changing, numerous wildlife species arecdming at risk of extinctionPereira et al.,
2010b; Stokstad, 2010Anthropogenic features such as agricultural fields, roads, and cities
have reduced habitat availability for many organisms. Continuous natural landscapes are
less available and the proxity of wildlife to habitatedges is increasing. This has led to a
variety of ecological issues including the reduction of population Baske and Nol,
2000) reduced genetic diversi{ixo et al., 2009) lowered dispersal succe@sahrig and
Merriam, 1985) and impaired biotic relationshig3ylianakis et al., 2008)Today, habitat
loss, degradatigrand fragmentation are considered primary threats for countless wildlife
species, including snaké&ibbons et al., 2000; Ernst and Ernst, 200@)is iswhy it is

essential to measurdhe mpact of habitat destruction ame longterm persistence of

biodiversity.
Habitat selection, which can be defined
conditions by I iving t hihowgimportamt a habitattisdonthes t u d i

conservation of specie@ayor et al., 2009) However, selection is dependent on both
spatial and temporal scal€g8Viens, 1989) For example, the environmental conditions
favored by an organism at the scale of its homegeamay be different than the ones

selected for during hibernation. In relation to spatial scale, Joh18&®) proposed four



orders of selection: species range, home range, feeding site, and foodAite¢hes largest

scale, the species range, it mayabgued that a species does not select habitat features per
se, but that it simply occurs where it can: a species will occupy any areas where it is able to
survive and reproduceThe latter three orders of selection have been studied extensively,
but therehas been less research done at a landscape scale. It is essential to study habitat
selection at larger scales to determine what habitat configurations are necessary for the

persistence of organisms.

Habitat suitability models (HSMs)

A tool that can helpus study habitat selection at the scale of the species range, and
that has been particularly useful in the field of conservatisrhabitat suitability modeling
(Guisan and Thuiller, 2005Habitat suitability models (HSMs) havel@ng history and
Johnstm (1924 was already using them to assess the invasion of cactus species in Australia
(quoted inPearson and Dawson, 2003pday, HSMs are used for a variety of apgimas
including: defining the ecological requirement of species, evaluating the pateaofi
invasive species, finding unknown populations, predicting the effect of climate change and
habitat loss, conservation planning, €Reterson, 2006)

HSMs can be defined as empirical models relating field observations to an array of
environmental prameters based on statistically sound algorith(uisan and
Zimmermann, 2000)HSMs weigh the influence of various environmental variables on the
distribution of a given species. Tmodelsallow predicting the likelihood of occurrence of
a species at given location. These models are therefore useful in determining what factors

are best at predicting the presence of a species at a landscape scale. It is important to



remember that a species may not occupy all suitable grounds for various reasons, such as
competition with other species drarriers to dispersalinaccounted for by the model
(Pearson, 2007)This is precisely whatistinguishes the potential ecological niche fria

realized ecologidaniche.In addition, a species may now occupy a diffemamge, and thus

use a different set of environmental conditions, than it did before anthropogenic habitat
changes; this is particulgrllikely for declining speciesFinally, a threshold has to be
determined to convert the probability of occurrence cdpacies on a given pixel to a
presence or aabsencéo generat@redictedpresence/absence mdpsu et al., 2005)

Two types of data are required to build HSM.) presence/absenpeints for the
species modeled, and 2) environmental characterizatitan While some models require
presence observations only (more recent models), others require both presence and absence,
or presence and pseudbsencéMiller, 2010). Although real absences have been shown to
increase the predictive power of HSMs, thisormation is seldom available or often
unreliable and forces many researchers to use models using presence observations only or
presences and pseudbsence¢Brotons et al., 2004)The type of data available will often
dictate or influence the decisionwhich model to use in a given situati@vewbold, 2010)

The second type of data required is environmental characterization data, also known
as the environmental predictors. These predictors can be anything from climate to
topography and are oftamwllected through remote sensirign recent years, some researchers
have even added variables such as the distribution of other organisms interacting either
positively or negatively with the modeled specjeteikkinen et al., 2007; Zielinski et al.,

2010; Sante et al., 2006)Predictors should be chosen carefully ambuld reflect key

components of he nat ur al history of the species b



driving forceso shapi ng(GuisaneanddZimsermanr 2000) o n
Findly, the best predictors are variables having direct physiological impacts on the
organism, such as climate or pH. Direct predictors increase the generality of the model and
make it more powerful in predicting the distribution of a species at larger kgealas
(Guisan and Zimmermann, 2000)

Althoughthere have been various HSMIsveloped in the past 20 years, more recent
ones characterizing the background environment tend to outperform more traditional ones
(Elith et al. 2006). Similarly, models usinggudeabsences were found to perform better
than presence only modé€Elith et al., 2006) The predictive abilities of these models were
also tested at different scales and sample sizes, and were shown to vary extéagjvely
Pearson et al., 2007)n a broad study comparing 16 models, boosted regression trees
(BRTs) (Elith et al., 2008) maximum entropy (Maxent]Phillips et al., 2006) and
multivariate adaptive regression splines (MARBE])ith et al., 2006)were found to be the
most robust and powerfuhodels (Elith et al., 2006) Similar results were found in a
complementary study looking at six models including the ecological niche factor analysis
(ENFA) (OrtegaHuerta and Peterson, 2008)ot only do these models weigh the influence
of each variableon the distribution of species differently, but they are flexible and can
analyze complex situations. The drawback to these qualities is that some models may overfit
the training data and have lower predictive poweor more information on habitat

suitablity modeling, please consult Appendix I.
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The potential power of theSpecies at Risk Aaif Canada (SARA)

Proclaimed in 2003 by the federal government of CanadaSpeeies at Risk Act
(SARA) was put in place to protect wildlife species at risk ofnekbn and/or extirpation
and ensure their recovery iBanada (S.C. 2002, c.29, s.6). TAet established the
Committee on the Status of Endangered Wildlife in Canada (COSEWIC) as the scientific
advisory body of experts responsible for identifying speaesisk (S.C. 2002, c.29,
s.14,15). This legal document stipulates that a recovery strategy must be prepared by the
Minister for any species designated as threatened, endangered, or extirpated by COSEWIC
(S.C. 2002, c.29, s.37). This recovery strategyukh@rovide all the necsary tools to
protect and ensurthe persistence of given speci#tsalso stipulates that critical habitats
must be definedit o t he e x(6.€.12002, p.20sssii Tmdayg GOSEWIC already
has 602 species listed in four d f er en't Arisko categories. P
group of vertebrates the most at nskCanada

The Species at Risk Abls clear provisions concerning the habitat of species at risk.
It is prohibited to damage or destroy the residencérebtened, endangered, and extirpated
species (S.C. 2002, c.29, s.33). In the same way, it is illegal to destroy the critical habitat of
these species (S.C. 2002, c.29, s.58, 61). The Minister may also establish a code of practice
as to how a critical hatait will be protected (S.C. 2002, c.29, s.56). HoweverSiecies at
Risk Actonly has legislative power on federal lands, some water surfaces, and migratory
birds. In the UnitedStates, the equivalent of ti&pecies at Risk Ads the Endangered
SpeciesAct which was signed in 1973®rovincesand Statehave complementary legal
documents to protect wildlife on provinciahd state land. Th®ntario Endangered Species

Actof 2007 protects species at riskOntariowhether they are endangered, threatereof



special concern. On provincial land, this document forbids the destruction of habitat of
endangered or threatened species (2007, c.6, s.10).

Although the provisions fand in thesedocuments provide a legal support for the
protection of critical habats for species at risk, sufficiemformation on the habitat
requirements o given species is first requirellany terms such as critical habitat and
residence must be defined clearly to apply and enforce these legislatidims.same way,
importantquestions remain to be answered (&pat land can be considereudtical habitat
for these species?) is essential to identify what habitead conditions are essentialall
species at risk to make good use of these legal documents and enfoeot legislationlt
is also important to know the maximum level of disturbance that can be tolerated by these

species to survive to develop useful conservation strategies.

The conservation statusof reptiles in Canada

Until 10 000 years ago, most of Gata was covered in ice and was inhospitable for
ectothermic animals such as reptiles. Since then, glaciers have receded and 46 species of
reptiles are now found in the count{@rchard, 2006) Under the northern climatic
conditions of Canada, these refiléace unique challenges, especially in relation to
thermoregulation. For example, many populations of turtles are known to select areas where
temperatures are the most favorafftécard et al., 2011; Dubois et al., 2008pme snakes
were found to use edg for thermoregulatio(Blouin-Demers and Weatherhead, 2004)
these latitudes, the active season is short and leaves little time to accumulate the resources
that are essential for survival. Among lizards, this has favored certaihidifary

characteistics including small body size, viviparity, tolerance to freezing temperatures, and



long-lived adults(Powell and Russell, 2006)Snakes often use communal hibernation sites
that are deep enough to avoid fr¢&regory, 2006) These dens are in limitestipply and
can be responsible for losgjstance migrations of up to several kilometgsegory, 2006)
All these characteristics are some of the reasons why, in Canada, reptiles are particularly
vulnerable to human activity.

Today, almost 70% of the relpt species found in Canada are considered nationally
at risk (Seburn and Bishop, 2006)his includes 17 out of the 25 species of snakes found in
CanadaMany species now also have scattered populations that make natural recolonization
almost impossibl€Seburn and Bishop, 20068Fanadian reptiles face many threats including
environmental pollution, disease and parasitism, unsustainable use, invasive species, and
climate change, but the most important one remains habitat loss and degré@utiimms,
2006. This is amplified in Canada because people live where it is the warmest, and hence

where reptile diversity is the richest.

The eastern hognosed snake

The eastern hoegosed snake,
Heterodon platirhinos is a thick bodied
burrowing snake of 50 to 86m in length
(Seburn, 2009; Davis, 1946)found
throughout most of the eastern United States,

from Texas and Florida to New England and

Ontario (Figure ) (NatureServe, 2010)in

Canada they are only found in two regions: in

-y
4

" (NatureServe, 2010¥




the Carolinian Life Zone of sghwestern Ontario and in central Ontasouth of the French
River and Lake NipissingSeburn, 2009)Whether these two populations are genetically
isolated remains unknown, but a significant distance now separates them. It is also important
to note thatless than 10% of the eastern hogsed snake total distribution is found in
CanadgSeburn, 2009)

Although they have been observed in a range of habitats, easteno$ed) snakes
are often found in upland deciduous forests in close proximity to opetateg cover and
edgeqlLagory et al., 2009; Platt, 19690 New England, they are found in pine barrens and
white pine forest ecosysten{dlichener and Lazell Jr, 1989)This reptile also has a
preference for well drained sandy and loose @dichener aad Lazell Jr, 1989; Plummer
and Mills, 2000) This type of soil is used by this snake in various ways such as for
oviposition(Cunnington and Cebek, 2005; Robson, 20These environmental conditions
are all believed to help hegpsed snakes keep relatiwdigh body temperaturg®lummer
and Mills, 2010; Lagory et al., 2009; Platt, 196%)mong reptiles, thermoregulation is
known to be a driving force for habitat selection, especially in northern populéBeitel
and Collins, 1993; Row and Bloubemes, 2006; Dubois et al., 2009)he eastern hag
nosed snakeis consideed a specialist as a large portiof its diet is composed of
amphibians, especially American Toad&néxyrus americanuy and Fowl er 6s
(Anaxyrusfowleri) (Platt, 1969; Uhler et al1939; Edgren, 1955)

Once common throughout most of its range, the eastermdsed has declined in
many areas, including in Canada; it was extirpated from many localities such as Point Pelee
National Parkand Pelee Islan{iSeburn, 2009)It was estimged that at least 8% of known

element occurrences, which can be considered as small pockets of individuals, have been



extirpated in Canad@§Oldham, 200Q) In the UnitedStates, it is still considered very
common although there are no studies that have lev&ed at its total distribution or at
population densitiegNatureServe, 2010) Because the eastern hogsed snakes found in
Canada are at the most northern limit of their distribution, some populations maty be
higher riskof extirpation. For exampl| recruitment rates could be low and overwintering
mortality rates high. This species is also considered of regional concern in some of the
northeastern Unite&tates, such as in New Hampshire where it is listed as threatened
(Taylor and Marchand, 2005)

Although many factors are responsible for the decline of this species in Canada,
habitat loss, degradatiprand fragmentation are the most importanies. As many
municipalities of Ontarioare growing and ladscapeschanging, fewer habitats remain
available for wildlife such as the eastern hogsed(Seburn, 2009)This is particularly true
in the Carolinian Life Zone that has been used extensively for agriculiime.community
of Wasaga Beach has rapidly grown leaving fewer suitable areas femolsedsnakes
(Seburn, 2009)Several populations are now isolated, particulari@authwestern Ontar,jo
and may quickly be extirpatedlie tostochastic events. These small populations probably
have small gene pools and might not be viable in the future. Ajththese snakes have
been shown to avoid paved rog@obson, 2011; Rouse et al., 2016dad mortality was
found to be a problem in several areas of Ont@Rouse et al., 2011; Seburn, 2009)
Compared to other snakes such as the Eastern MassaSatgas catenatusthe hog
nosed is vagile and capable of traveling up to 120 m in a singléRitayse et al., 2011;

Plummer and Mills, 2000)The active foraging nature of this snake was shown to decrease



survivorship and render it more vulnerable to ro@isuse et al., 2011; Plummer and Mills,
2000)

Snakes are often feared by people and sometimes destroyed whether they are
venomous or not. Eastern hagsed snakes are known for their defensive display. They will
bluff by flattening their heads like cobraad hissing, but they are harmless. Because of this
unusual behaviour, the snake is often killed by landow(@eburn, 2009)Finally, the
decline of this species mayso be related to ispecialized diet. In Hog Island, Virginia, the
decline of a smalpopulation was hypothesized to be related to a decline in toad abundance
(Conant et al.,, 1990)Because of its decline in Canada, COSEWIC has designated the
eastertnhogposed as WASpeci al Concerno in 1997 and

isalsoonsi dered as nNnThreatenedo in Ontari o, t h

General objectives

The aim of this project is to define the potential habitat of the eastermdsmgl
snake, Heterodon platirhinos at the scale of the province of @nib and to provide
governmental agencies and the scientific community with useful information that will help
design effective conservation strategies for the species. In Chapter 1, | use habitat suitability
models to recreate both the historical and eurdistribution of the snake in the province of
Ontario. | also identify the conditions in which the species is found at a landscape scale and
discuss where the species could be declining in Canada. In Chapter 2, | assess the role of
biotic variables in hiditat suitability models. Because the eastern-hoged snake is
considered a specialist in terms of diet, it was proposed that some populations are restricted

to areas where food items are plentiful. | build models using prey distribution variables and
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assess whether these models perform better or not. It is important to know if biotic variables
increase the performance of habitat suitability models because they may help recreate
realized distributions from potential distributions, which is often needeadrious fields,

including conservation.
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CHAPTER |

Using habitat suitability models to delineate critical habitat and estimate
the historical and current distributions of the eastern hognosed snake in

Ontario.
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Abstract

Habitat suitability model have been used in a variety of fields, such as conservation,
and are now considered a powerful tool to reconstruct the potential niche of species.
Presencenly models have been particularly useful to monitor and study rare species at a
landscape scal@.hese species are often more difficult to study, and in some cases, the only
information available are occurrences in atlases. In Canad8p#wes at Risk Aabt only
protects any species at risk, but also their residences and critical habitatisust essential
to study species at risk at a landscape scale and identify what geographic areas these species
depend on and which habitat can be considered suitable. In this study, | identify areas of
high suitability andestimate habitat loss through peaseonly habitat suitability models
(HSMy).

| employ three models, Maxent, BRTs and GARP, to recreate both the historical and
current distributions of a threatened species of snake in Ontario, the eastemoshdg
snake, Heterodon platirhinos All modek are validated with a number of performance
metrics, some of which are threshaldpendent and others thresholdependent. The
strongest models are then combined usingoasensus approach and categorical maps
showing four conservation scenarios arelthusing three thresholds, one of which is the
same to calculate the minimum predicting area (MPA). Although these models $&eould
interpreted with care, Maxent and BRT performed better than GARP, with AUCs ranging
between 0.85 and 0.95. Habitat suitabiis lower in the south of the province when land
cover variables are used in models in conjunction with recent occurrences. While forest
density increases habitat suitability, cropland density limits the distribution of this reptile.

Habitat suitabilitymodels can therefore be used to assess habitat loss.
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Introduction

Studying species at risk using habitat suitability models

An increasing numbeof wildlife species are brought to the brink of extinction.
Recent rates of extinction were shown to be 10000 times what they were before human
presence and will continue to rise as the human population incr@ises et al., 1995;
Butchart et al., 2010; Pereira et al., 2010&)was even proposed that we have already
enteredar t hds si xt HBamaslsy et ale 201 1)Althaughi estinction rates vary
from one taxonomic group to another, biodiversity loss is global and affects reptile species
in various parts of the world, including Cana@@eburn and Seburn, 20008 number of
causes are respongbfor current loss in biodiversity including invasive species, climate
change, pathogens and overvesting, but the main culprit remains habitat loss and
fragmentation. Approximately omaillion squarekilometers of rainforest is cut down every
5 to 10 yars(Pimm and Raven, 2000Although earth is currently undergoing significant
changes in landscape, the distributions of most species is still poorly documented and rarely
monitored, particularly in developing countrigsaston and Rodrigues, 2003)

In response to this loss in natural heritage, governments have been slowly putting
together pieces of legislations to regulate anthropogenic activity in relation to species
considered at risk. For example, in Canada $pecies at Risk Agroclaimed in 2003
protects any species at risk on federal I88dC. 2002, c. 29)These pieces of legislation
regulate not only the harvest of species at risk, but also the destruction of their habitats. In
Canada, both the residence and the critical habitat of speciek are protected and the
Minister has the obligation to produce a recovery strategy for each of these species. It is also

stated that critical habitat should be defifietl 0 t he e x(S.€.r2002,p.29sss4L bl e 0
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Unfortunately, this is hard to a@ve and there has been no agreement on how to identify
critical areas in a standardized approach. In many cases, insufficient information is known
on a given species to develop proper recovery strategies and protect its critical habitat. It is
essential tdind techniques to identify the parcels of lands that are essential to species at risk
to be able to apply current legislation and to secure thetmng survival of biodiversity.

In the past decades, geographic information systems (GIS) have been used
increasingly to study habitat selection at various scales, including at the scale of the home
range via radio telemetifjRow and BlouirRDemers, 2006)This GIS data available, whether
high-resolution spatial environmentdéta or species occurrences ilasgs, render possible
the study of many species at risk with already existing data. Although species occurrences
kept by museums and governmental databases present a number of limitations, including
taxonomic and spatial biases, they remain important tza took years to collect
(Newbold, 2010) The accessibility of satellite images, or maps derived from them, and
species occurrences has led to the rise of a tool which has grown significantly in the past 20
years: habitat suitability models (HSMs). Beeempirical models relafeeld observations to
an array of environmental parameters based on statistically sound algai@iman and
Zimmermann, 2000)Although some of these models require both presences and absences,
presenceonly habitat suitabilif models characterizing habitat availability using pseudo
absences were shown to be effective for modeling spdgghutions(Elith et al., 2006)

In the past decade, HSMs have been successfully used to: find unknown populations, predict
the effect ofclimate change and habitat loss biodiversity, and to assess the potential of
invasive speciefPeterson, 2006With respect to species at risk, these models were shown

to be a powerful tool that can help answer questions such as where is habitdit\stitab
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highest for a given species or what conditions it prefldtsand Jiang, 2010)Considering

all the advances that were made on habitat suitability models, would it be possible to use
these models to identify critical habitat of species at risknake good use of current
legislative documents protecting these species?

The eastern hegosed snakeHeterodon platirhinos is a small snake ranging
between 50 anél5 cm in lengti{Seburn, 2009; Davis, 194&und in the UniteeStates and
Canada. In Cams, its distribution is limited to the south of Ontario, where it is divided is
two populations: one near Long Point and the other in the area of Georgigd&ayn,

2009) This reptile has a specialized diet consisting mostly of toads and is oftehifoun
sandy areas including pine foregdMichener and Lazell Jr, 1989t is considered semi
fossorial and will often burry, not only to avoid predation but to thermoregulate and find
suitable areas for ovipositioCunnington and Cebek, 2005Pue to theincreasing
development of southern Ontario, the species has been losing its habitat at an alarming rate
and is now considered threatened in Can@kburn, 2009)Although other studies have
looked at the ecology of this species at the scale of its hangzr in a number of location

in the northern part of its rang&obson, 2011; Rouse et al., 2011; Lagory et al., 2009;
Plummer and Mills, 2000}t is crucial to determine the habitat requirements at a larger scale

to identify areas that should be prdaestfor the longterm survival of this species.
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Objectives

In this study, | identify areas of high suitability for the easternmoged snake and

propose three thresholds that may be used with habitat suitability models, for conservation

applicationsto protect the habitats of species at risk. | attexmpécreate both theistorical
and current distributiogof this reptilein the province of Ontario. | start by building HSMs
in a hierarchical approaalsing tree algorithms, and combine the best rsofiddowing a

consensus method. | evaluate all models using various metrics of perforindecgify the

environmental conditiongsed by the species at a landscape scale and discuss areas where it

could have lost habitat in Canada. Finally, | discusih bhe conservation implications for

the species, and the potential use of habitat suitability models to identify critical habitat.

M ethods

Eastern hognosed snake occurrences

Two types of data are required to run presemug habitat suitability mods:

species occurrences, and environmental predictors that consists in GIS layers in raster

format for the entire area of studylost Heterodon platirhinossightings were retrieved
from the Natural Heritage Information Centre of Ontario (NH(Oldham, 198). These
sightings were collected opportunistically from many soumseliding the publicand are
classified according to theievel ofaccuracy. All sightings with 10én of acairacy or better
were kept and wergivided in two categoriesll sightings(18992011) ard recent sightings
(19902017). To complenent these records, | also obtained sightings foumshénpublished
study(Cunnington and Cebek, 200®Nne M.Sc. thesis at the University of Otta{Rebson,

2011) and oneongoing studyconductedoy A . Xuereb at QBeecaese this
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snake is semfossorial, threatened and inconspicuous, | had relatively few points to work
with and many points were clustered in provincial parks or other conservation areas. Ideally,
all occurrences shouldake been collected with a consistent sampling effort following a
sampling design to cover all regions in the area of study. This is hard to achieve for a species
as elusive as the eastern hagsed snake and would require years of fieldwdrkreduce

spatal autocorrelation and overrepresentation of higtdyngled regions, | only used a
subset of points separated by at least 1Ramts were selectagsing Focus ol (Holland

et al., 2004) This radius was judged appropriate because the home range spjebiss is
usually less than a 1 knfPlummer and Mills, 2000)Many occurrences were therefore
excluded in highly sampled regiorianally, this dataset was divided randomlytwo: 75%

to build the models

L]

e S 2 and  25%  for
_ L »* * . . .
N \ ‘;c?, s validation.The final

0 0 °
A R L L YRR R .
§ °® 4% o dataset consted of
'S bl e .0
- 254 occurrences,

126 of which have

l‘ *ee :
o o 0 4 been collected since
- ow st i
J o3 . £ ' e, 1990

Figure 1-1. Final hognosed snhake dataset including both historical
and current occurrences.
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Explanatory variables

The variables chosen to predict the distributidrthe eastern hegosed were all
thought to have cleamplications for the distribution of this snake. These variables were
chosen irrelation tothe natural history of the species and the area studied. They were also
found to be relevant predictors in other studies logkat the distributions of reptiles
including snakegSantos et al., 2006; Penman et al., 2010; Bombi et al., 2009; Santos et al.,
2009) They include both direct predictors (e.g. mean maximum temperature for the active
season) and indirect predictors (egjevation), and can be grouped in 6 categories:
topographical, geological, ecological, climatic, land cowand anthropogenic variables
(Table x1.). They were acquired from different sources and were all built or resampled in
ArcGIS 10.0.

Both the sbpe (SLOP) and the aspect (ASPE) were calculated usin@riteio
Provincial Digital Elevation Model (DEM) v.2.0.0 at a resolution of 10 or 2MMNR, 2005)
They were calculated at fine resolution (~15 m) with the slope and aspects tools in the Spatial
Analyst Tools of ArcGIS 10.0, and were then resampled at the resolution of the Trizelenly
categorical variable was GEOG, representing the surficial geologytafri®@ (OGS, 2010)
reclassified for practical reasons (Tabl.). From this variable, talculated both sand
density (SAND) and Precambrian bedrock density (PRBE) in each pixel. These three
variables were added to models becausertusgd snakes are known to occupy sandy areas
and because the northern population of-hoged snake in Ontaris found mostly on
Precambrian bedrock.

Land cover variables were built usitige Ontario Land Cover Datag@MNR, 1998)
made up of 28 classes at a resolution of 25 m,repdesented the proportion of each class

within a pixel (Table 43.). It is impor&nt to note that th®ntario Land Cover Dataset was
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derived from LANDSAT images obtained betwet®386 and 1997, but that most images are
from the early 1990slo build a variable representing population density (PEOP), | divided
the number of people founsh each @éssemination areaf the 2006 Canadian Census
(StatisticsCanada, 2006)d divided it by its area in km2. To build road density (ROAD), |
used theOntario Road NetworKOMNR, 2006)and the kernel density tool in the Spatial
Analyst Tools of ArcGIS10.0. The radius of the buffer was always half the resolution of the
model and the number of times a road was counted was equal to the number of lanes it had.

Finally all climatic variables were retrieved from the WorldClim datal{gsgnans et
al.,, 2005)at a resolution of 30 arc s (~1 km). The GIS data offered by Worldclim is a
compilation of interpolated historical data from weather stations all over the,wotldcted
between 1950 and 2000. To calculate the maximum temperature and mean monthtafwecip
for the active season, | averaged values for the six months of active season at this latitude for
that particular species (April September). Isothermality, which is a measure of temperature
fluctuation, was another variable considered in thesdefsdbecause it was found to limit the
distribution of species in othstudies (e.gBombi et al., 200Q

This total combination of 21 predictors was deemed appropriate as | vesgals
direct and indirect variables and because the éexgtiethis study$ only aportion of Ontario.
In some casesndirect predictorsanreplace direct predictors or resour¢€aiisan et al.,
1999) but will reduce the generality of HSM&uisan and Zimmermann, 200@ecause
habitat suitability models are often affect@dmulticollinearity (Miller, 2010), | made sure
none of these variables were highly correlated (all |r] < 0.8, mean |r| = 018 Pearson
correlation coefficients among aif thesevariables at a resolution of 1 kymare found in

Appendix V.
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Until 10,000 years ago, Canada was covered in ice and was inhospitable for any
ecothermic animals, including reptil@Srchard, 2006)Because the historical distribution of
the eastern hegosed snake could have been highly influenced by climate, | also built
mocels using strictly climatic variables (Table-4l). These variables comprised 10
WorldClim bioclimatic variablesat a resolution of 30 arc s (~1 kngll thought to limit
species distributions by representing extreme conditithgpnans et al., 2005) The®
variables were the largest subset of bioclimatic variables that were not highly correlated (all
[r] < 0.8, mean |r] = 0.2@nd included both variables of precipitation and temperature at
different periods of the yearAgain, thePearsorcorrelation codicients among all climatic

variables at a resolution of 1 kpare found in Appendix V.
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Table 1-2. Categories encompassed in the variable "Surficial Geology".

Categories Descriptions

(1) Bedrock Incudes both peloozoic and precambrian bedrock.

(2) Gravel Coarse sand and gravel.

(3) Diamicton Includes a mix of different size sediments (coarse to fine).
(4) OrganicDeposits Muck, peat and marl.

(5) Sand Sand dunes, sand, silty sand.

(6) Silt Silt, clay.

(7) Clay Fine clay, silty clay, silt.

(8) Others Includes fills and non classified areas.

Table 1-3. Descriptions of the land cover variables used to build models

Land Cover Descriptions
Classes

Bedrock density Mine tailings, quarries and bedrock outcrops.
Cropland densyt Croplands and open soil for agricultural activity.
Cuts & burns density Includes recent cutovers, recent burns and old cuts and burns.
Forest density Includes any type of forests including plantations.
Mudflat density Costal mudflats near ther&at Lakes.
Pasture density Pastures and abandoned fields with open grasslands.
Settlement density  Settlement and developped land (e.qg. cities).
Water density All waters bodies not included in wetland density.
Wetland density Includes all mashes, bogs, and swamps.

Table 1-4. Descriptions allLO bioclimatic variable (Hijmanst al.,, 2005).

Code Descriptions
bio2 Mean Diurnal Range (Mean of monthly (max tempin temp))
bio3 Isothermality(Mean Diurnal Rang&emperature Annual Rangd.00
bio5 Max Temperature of Warmest Month
bio6 Min Temperature of Coldest Month
bio8 Mean Temperature of Wettest Quarter
bio9 Mean Temperature of Driest Quarter
bio13 Precipitation of Wettest Month
bio14 Precipitation of Driest Month
bio15 Precipitation Seasonality (Coefficient of Variation)
bio18 Precipitation of Warmest Quarter
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A multi-scale hierarchical approach

In Ontario, eastern hegosed snakes are at the most northern part of their
distribution. Thus, their distsution is not only affected by human activity, but also by cold
climatic conditions. To discern the effects of climate and human activity, and estimate
habitat loss, | built three series of habitat suitability models in a +sedie hierarchical
approach.To predict the potential historical distribution of the snake (prior to 194D),
snake occurrences including recent ones were used with all variables except land cover
because satellite imagegere not retrieved at the santime as some of the old snake
sightings. HSMs make better predictions when predict@atch temporally with thepecies
occurrencegNewbold, 2010) Models predicting the current distribution of the snake only
used snake occurrences collected since 1990, with all variables inclaidgcover.
Finally, I built two climatic models, one using all snake occurrences and the other using only
recent occurrences, to assess whether the historical distribution of the snake could have been
defined by climatic conditions. It is important to ndt@at these models are not directly
comparable because they all use different variables and occurrences collected at different
periods.Thus, some caution is warranted in the interpretation of the model comparisons.

Considering | had 126 recent snake ocences, | had too many variables in models
predicting the current distribution of the snake: up to 20. To reduce the number of variables
in current models, | built full models and removed the variables that contributed the least to
the models. | used a teaique similar to backward stepwise selection, but instead of
optimizing an AIC value | optimized the AUMoetsch et al., 2009)Always taking out the

variable that contributed the least to the model, | pruned the models until | had the highest
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AUCs. Smilar approaches were used in various fields including med{@beel et al.,
2010; Wang et al., 200@nd ecologyMillar and BlouinDemers, 2011)

Models predicting the historical and current distribution of the species werat8ilt
resolutions (sdas): 1km, 750m, and 500m. These resolutions were judbeppropriate
considering that km? corresponds to the maximum home range size of the eastern hog
nosed in @tario and New England and that it is suitable for conservation applications
(Cunnington,2004; Lagory et al., 2009 Climatic models were only built at the original
resolution of the variables, 1 km, because climatic conditions rarely vary significantly across
short distancesThese resolutios are also appropriate becawssene of the prediots are
only found at these resolutions (Tablel)l andthe spe@s modeled is relatively vagilé&s
for the extent oftis study, it extend$ km in all directionsbeyond the historical distribution

of the eastern hegosed snake

Models Employed

While climatic models were built with a Maxent onlgvo other machine learning
algorithms with high predictive power weralso employed to predict the current and
historical distribution of the eastern hogsedsnake Boosted Regression Trees (BRTs) and
the Gaetic Algorithm for Ruleset Productin (GARP). Maxent and BRTs were shown to
be amongst the most accurate HSIMsan extensive study comparing 16 different models
across 26 species in 6 regions of theovid (Elith et al., 2006) As for GARP, it was
devebped more than 10 years a@dtockwell and Peters, 1999% still used today (e.g.
(Vega et al., 2010)and is capable of making good predictiondioad unsampled regions

(Terribile et al., 2010)

25



Maxentr el i es on t he princi plestimae a tangetx i mu m
probabilitydistribution by finding the probability distribution afaximum entropy (i.e., that
is most spread out, alosest to uniform), subject to a set of constraints téjatesent our
incomplete information about the targhstributiond (Phillips et al., 2006)In other words,
the algorithm assigns the highest probability possible to each pixel in the area of study (the
sum of which must equal to one) based on
variables. 1 used version 332 of the Maent software with default settings because they
were found to give good results with various datagetsllips and Dudik, 2008)Each
model was built using 10 random replicates always setting aside 25% of the occurrences and
pseudeabsenceor validation. Maxentetains its high predictive capacities even when the
sanple sizeis small(Hernandez et al., 2006; Wisz et al., 2008 maps produced with
Maxent are in logistic format, with probabilities of suitability ranging between 0 anadl, a
can be interpreted as an estimate of the probability of pre¢ehifgps et al., 2006)

Boosted Regressiofrees (BRE) combine the strengths of classification trees (also
known as regression tree) and boosting to build a final model in a forwayevase
fashion(Elith et al., 2008) In the context of habitat suitability models, classification trees
are intuitive, easy to visualizand can model interactions. As for boostiitggombines a
number of simple trees together and amhsncreasing theccuracy of dinal model by
finding an average of rough ruléglith et al., 2008) All BRTs models were fitted in R
version 2.12.(R, Development Core Team. 201ising both the gmb packagiRidgeway,
2010)and other codes for R specific to BR{Elith et al., 2008) For all models] used a

tree complexity of 5, a bag fraction of D&ndthe fastest learning ratdr] that reached a
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minimum of 1000 treeslhese settings were chosen based on both our sample size and past
studies(Elith et al., 2008; Mlar and BlouinDemers, 2011; Young et al., 2011)

The Genetic Algortihm for Rule Set Production (GARP) is another madéamaing
algorithm that develops a set of conditional rules to relate species occurrences to a number
of environmental predictor§Stockwell and Peters, 1999}t builds a set of rules in an
iterative procesgevaluation, testing, and incorporation or rejection jukes predict a
speciesodo distribution. |t us2Z8sand@XNC—=epltesgpte ( e.
atomic (e.gif geology is sand = presengnd logistic regression rulege@ression equation
where the output is a probabilitin a progressive approa¢8tockwell and Peters, 1999)
implemented all GARP models openModelleMufioz et al., 201 1jollowing a procedure
proposed to identify a subset of runs that performed the(Besterson et al., 2003All
models were built using 100 runs, a convergence limit of, @Ad a maximum number of
iterations of 999. Out of the initial 100 runs, only the 10 best msodele kept selecting
20% of the models with the least omissions, of which 50fh a commission rate the
closest to the mediaBecause GARP does not perform well with categorical variables
(Elith and Graham, 2009) substituted GEOG by sand density (S2Nand precambrian
bedrock density (PRBE) in all GARP models (Table 1.2.).

In total, 10 000 pseudabsences were generated randomly in the area of study to run
all models. Seventfive percent of these points were used to build the models and twenty
five percent to validate them. For a better comparison of the models, | always used the same
subsets to build and validate all modél® reduce the uncertainty associateith each
algorithm, Icombired the best models usingcansensus methods proposed by ivian et

al. (2009} arithmetic mean (Mean all).therefore have final model composed of one, two
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or three algorithms depending ohetr individual scores. This is particularly important
because presenomly models are difficult to evaluate and the perfance of HSMs is
influenced by a number of factors including the resolufuisan et al., 2007abhe number
of occurrencegWisz et al., 2008)the sampling desigfDennis et al., 1999)and the

prevalence of the speci@dernandez et al., 2006)

Validating models

Validating habitat suitability models is considered a challggaujo and Guisan,
2006; Terribile et al., 2010and although many studies only uBeceiver Operating
Characteristics (ROC) analysés do so, it remains hard to validate H§Marticularly
when real absences are missing. In recent years, the use of ROC analyses to validate HSMs
has been criticizedLobo et al., 2008; Peterson et al., 2008)r example, it ignores the
goodnesf-fit of the predictions and treats omission @adnmission errors equally while
this should not always be the cg&ebo et al., 2008)To better assess the performance of
our models and avoid relying strictly on ROC analyses, | used ségehaliquesncluding
novel thresholedependent metrics. | ment sensitivity that represents tpeoportion of
correctly classified presencaad specificity, thgproportion of correctly classified absences
A sensitivity and specificity of one could be interpreted as the perfect prediction of the test
dataset. s o cal cul at e @Cohd&ho ID&0)aridstruekshilp giatistic (TSS)
(Allouche et al., 2006)vhich bothcorrect the overall accuracy of model predictions by the
accuracy expected to occur by chandewever, TSSis independent of prevalenceses
both commission and omission errors, and was shown to be a strong method to evaluate

presence absence modéMlouche et al., 2006)For both of these metrics, +1 indicates
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perfect agreement between the model and the test dataset while O or less, nodretter th
random. For all threshold dependent metribs, probabilities of occurrenaeere converted

to presences and absenassg the threshold thathaximizedthe sum of the specificitand
sensitivity This threshold was not only shown to perform well folidation (Liu et al.,

2005) but is appropriate for this study considering | am aiming at reconstructing the
distributions of a speciesAs for evaluating models with ordinal scordbe receiver
operatng characteristic (ROC) analygqiBielding and Bell,1997)is an effective technique
usedin the majoity of studies evaluating HSM3 he area under the ROC curve (AUC)
must be determgd and should range from 0 to The scores can be interpreted as
following: 0.5'0.6, insufficient; 0.60.7, poor; 0.v0.8, average; 0.80.9, good and 014,
excellent (Aratjo and Guisan, 2006Here | present two AUC values, one which was
calculated with the software of each model (Int. AUC) and the other calculated
independently in R (Ext. AUC). This second AUC value wasuwaled the same way for all
models treating pseudo absences as true absences. Because the species studied here is rare
and because most pseudalosences are most likely true absences, the AUC is an appropriate
measure of performance for this study. The Aw@as found to evaluate models predicting
realized distributions more accurately than modes predicting potential distributions
(JiménezValverde, 2012) Finally, | used a new metric called th@animal predicted area
(MPA) (Engler et al., 2004)To calculatehe MPA, continuous maps are converted to binary
maps by applying theminimum threshold requed to consider 90% of the species
occurrences as preseiihe MPA is the proportion of the map considered as presences and a
low score suggests a low level of cmmssion error. According to the principle of

parsimony, a good model should predict an area as small as possible while comprising a
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maximum number of occurrencg&ngler et al.,, 2004) All validation metrics were
calcuda ed usi ng e ac handa@ackayedcslledsPoesencerbse@eeeman
and Moisen, 2008n R version 2.12.0(R, Development Core Team. 201The MPA was

calculated using ArcGIS 10.0.

Delineating critical habitats for the eastern hegosed snake

No consensus has been reached riBgga how to delineate critical or essential
habitatwith habitat suitability models but these areas of interest may be identified somewhat
arbitrarily through various techniques. All habitat suitability models produce maps showing
continuous probabilitiesof occurrence ranging between 0 and 1, which can then be
converted to a presence or an absence using a thrggholdt al., 2005) The question
remains: at what probability can a pixel be considered as critical habitat? This not only
depends on the pralence of the species but on the model used, the quality of the data, etc.
One way to address this question is to consider all probabilities above a certain threshold as
critical. Although they might not always be critical, we know these areas are higtaliyle
for the species and worthy of conservation efforts. For example, this threshold could be the
one used to calculate the MP@®upprecht et al., 2011; Engler et al., 200&he area
comprised in the MPA not only includes most known occurrenbat aeas of high
suitability. The choice of threshold should also depend on financial resources; with a limited
budget it should be increased to comprise only areas that are the most suitable. For species
highly at risk of extinction, the threshold could be #&ed to include all occurrences. In
addition to the MPAI propose using two additional threshotdsdelineate critical habitat

one allowing the predictions of 50% of the occurrences and the other 70%. Maps produce by
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these thresholds will therefore shdaur suitability categories: poor, moderate, goand
excellent. The main advantage behind these thresholds is that they are determined only with
the information that is knomw occurrences. They are also more accurate than simptfcut
thresholds becae they are calculated according to probability distribut{®&goprecht et

al.,, 2011) Finally they are easy to visualize,

distribution considered for conservation.

Results

The performance of historical and cuent models

Maxent and BRTs usually performed better than GARP in both historical and current
models. Maxent and BRTs had higher AUCs, specificities, sensitivities and TSSs, and lower
MPAs (Tables 15 and 16). For this reason, consensus models were usiiig only Maxent
and BRTs (Figures-8, 1-9 and 110). For most models, the difference in performance
between Maxent and BRTs was very small; making it impossible to say which algorithm
made the best predictions under these conditions. In current mddiaient usually
required fewer variables (8 to 9) than BRTs and GARP to perform well and achieve high
AUCs. Although the differences in scales did not seem to influence the performance of the
models, Maxent, BRTs and the consensus models always perforeledvith AUCs
ranging between 0.85 and 0.95. With values always above zero, the kappa statistics and TSS
both indicate that all models performed better than what could be expected by chance
(Tables 15 and 16). The models that had the highest kappa statisvere always BRTs
with values between 0.15 and 0.25 in historical models (Table 1t is important to note

that the prevalence varied a lot from one model to another and that the threshold that
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maximized the sum of specificity and sensitivity waghly dependent on the algorithm.
BRT models always had a low MPA which reduced chances of having false presences
(Figure 44, 45 and 46). In the same way, maps produced by this model had few areas of
high suitability. GARP does the opposite, having hiytPAs and assigning high
probabilities to most of the area of study (Figuré, 4-8 and 49). Maxent had fewer areas

of high suitability than GARP, but more than BRTs (Figuré, 42 and 43). Finally,
according to most metrics, current models perforietder than historical ones, but kappa
statistics usually dropped to remain slightly above zero (Taléle 1Current models also

had fewer areas of high suitability, particularly in the south of the province near Long Point
(e.g. Figures B, 1-9 and 110). Habitat suitability maps for each model separately are
found in appendix Il (Figures-4 to 49). Consensus habitat suitability maps presenting four
scenarios are found in appendix Il (Figure& % 53). To convert these continuous maps

to categorial ones, a probability of suitability ranging between 0.0 and 0.5 was defined as

poor, 0.5 to 0.7 moderate, 0.7 to 0.9 good, and 0.9 to 1.0 excellent.

Contributions of variables in historical and current models

The contribution of each variable in theodels varied a lot from one algorithm to
another, but usually remained similar between resolutions. | only present the contributions
of the variables for Maxent and BRT models because these were the models used to build
consensus models. In order of im@onte, the five variables with the highest contributions
in Maxent models predicting the historical distribution of the eastermbegd snake were:
(1) surficial geology, (2) altitude, (3) istothermality, (4) mean precipitation during the active

season, iad (5) road density (Figure-2). In historical models produced with BRTs, these
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variables were: (1) altitude, (2) mean precipitation during the active season, (3) total
population density, (4) road density, and (5) slope (Fige2® While surficial getogy was

the most important variable in historical models produced with Maxent, it was the least
important one in historical models built with BRTs. In all historical modéks,probability

of suitability increased as isothermality and mean precipitadioming the active season
increased, and decreased when population density increased and when altitude increased
beyond ~180 m (Figure-4 and 15).

In models predicting the current distribution of the snake, the variables used in
historical models acted tthe same way on the probabilities of suitability, but two additional
land cover variables became more influential: cropland density and forest density. In order
of importance, the five variables with the highest contributions in Maxent models predicting
the current distribution of the eastern humsed snake were: (1) isothermality, (2) cropland
density, (3) mean maximum temperature during the active season, (4) forest density, and (5)
surficial geology (Figure -B). In current models produced with BRT&$k variables were:

(1) forest density, (2inean maximum temperature during the active season, (3) altitude, (4)
road density, and (5) mean precipitation during the active season (Fguré&Hese models
show that eastern hewpsed snake sightings thaave been reported since 1990 were in
forested areas where maximum summer temperatures are relatively high (Fégyare 1t

7). Finally, the probability othigh suitability increased with increasing forest density, and
decreased as cropland density inceglaand when road density exceeded a certain threshold

(~20 m/km2).
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Figure 1-2. Contributions of all variables in habitat suitability models used to estimate the
historical distribution of the eern hognosed snakgA) Maxentand 8) BRT.
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Figure 1-3. Contributions of the nine mosifluential variables in habitat suitability models
used to estimate the current distribution of the eastermbegd snakgA) Maxentand(B)
BRT.
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Figure 1-4. Marginal response curveis SD, for the five most influential variables in the
modek built with Maxent, estimating the historicaktlibution of the eastern hegpsed
snake. The curves show how the logistic prediction (p) varies, when one variable is
gradually changed, while all others are kept at their average value.
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Figure 1-5. Partial dependence plois the fivemost influential variables in the model
built with BRTs, estimating the historical distribution of the easternriusgd snake. These
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accounting for theverage effects of all other variables in the model.
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Figure 1-8. Estimateddistribution of the eastern hawsed snake in Canada, using
the consensus approach at a resolution of :1¢& historically and B) currently.
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Figure 1-9. Estimatel distrbution of the eastermlg-nosed snake in Canada, using
the consensus approach at a resolution of Z5@mhistorically and B) currently.
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Results for climatic models

| built models using climatic variables only to assess whether the distribution of this
species could have been shaped partlychmate. Models performed well with AUCs
ranging between 0.85 and 0.91 (Tabl&)1 The predictions of both models (one using all
hognose occurrences and the other using only recent ones) were similar which was expected
considering that climatic suitalty should have remained mostly the same throughout the
past century and that the climatic variables used were identical in both models (Fid)re 1
The areas of high suitability were also similar to those found in historical models (Figure 1
8, 1-9 and1-10). On the two maps built with climatic models, easterninmmged snakes can
be found in most high suitability regions, which indicate that climate could be in part
responsible for the distribution of this reptile in Ontario. In order of importancefjvihe
variables with the highest contributions in Maxent models built with only climatic variables
were: (1)precipitation of the driest montlt2) minimum temperature of the coldest mgnth
(3) isothermality, (4) mean temperature of the wettest quartend (5) maximum
temperature of the warmest moifigure 12). However, the contributions of each variable
vary a lot from one model to the other, suggesting that the algorithm is flexible enough to
overfit the dataset and always appear to make good pmedictDverfitting is also supported
by the fact that the only variables presenting mwa@ginal response curves are bio6, the
minimum temperature of the coldestonth and bio3, isothermality (Figure-111). The
response curves of most other variables atally broken, showing no specific trend in the

climatic conditions required by the species.
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Figure 1-11. Contributions of all variables in habitat suitability models built with Maxent,
with strictly climatic varables, for the eastern hawsed snake in Ontario. The historical
model was built with all 254 occurrences and the current model was built with 126
occurrences collected since 1990.
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Figure 1-12. Marginal response curves SD, for the five most influential variables in the
two climatic modek built with Maxent,for the eastern hegosed snake in Ontarid@he
curves show how the logistic prediction (p) iear when one variable is gradually changed,
while all others are kept at their average vallige historical model was built with all 254
occurrences and the current model was built with 126 occurrences collected since 1990.
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Discussion

A hierarchical framework to study the decline of species

A number of factors are responsible for shaping the distributiepedies including
historical events, climate, biotic interactions, and anthropogenic activity. Because these
variables are numerous and act on species at different spatial scales, a single model could
only approximate habitat suitability. In fact, sometdms such as historical events and
colonization are almost never considered in habitat suitability models. In this study, | used a
multi-scale hierarchical framework to reconstruct the historical and current distribution of
the eastern hegosed snake. dlso identified which parameters are responsible for shaping
the distribution of this species in the northern part of its distribution. Hierarchical techniques
have been used to describe ecological systems for more than 2Qe/gatérban et al.,
1987) but have been rarely applied to habitat suitability modAlsadon et al., 2007;
Pearson et al., 2004)Yet they present two important advantages: the variables are
incorporated to the models in a biologically meaningful manner and the issue of scale is
sdved because each model can be built at different resolutmesdon et al., 2007)A
hierarchical approach was applied in this study for two additional reasons. First, the hog
nosed snakes in Ontario are at the most northern part of their distributiorateChas
probably played a significant role in shaping their historical distribution. Also, land cover
variables were unavailable to build historical models. | circumvented this issue by
approximating how habitat suitability could have looked like hisadlly without
considering land cover. However, it is important to note that these models are not directly

comparable as they each use different sets of variables.
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The use of categorical variables in HSMs

While most habitat suitability models were shotenaccept categorical variables
except GARP (Elith and Graham, 2009), our results suggest that Maxent and BRTs differed
significantly in the way they used the geological categorical variable in our models. While
that categorical variable was used succdlgsfiy Maxent, it is difficult to say if it was with
BRTs. Was the algorithm unable to use that variable because it was categorical or were the
contributions of that variable low in BRTs because other variables were more important? In
the original study gxaining how to use BRTs in habitat suitability models, the authors
included a categorical variable composed of five classes in their models (Elith et al., 2008).
One of the reasons why the geological variable had low contributions in our BRT models
could have been because it had too many classes (eight). This high number of classes also
made it difficult to interpret response curves and added noise to our results. Because it is
difficult to evaluate preseneenly habitat suitability models, studies comparithese
models should stay away from categorical variables to avoid discrediting algorithms unable
to process categorical variables properly. In the future, 1 would suggest using categorical

variables only when needed, limiting the number of classes als asupossible.

The number of explanatory variables

The number of variables required by models to make good predictions, or at least to
obtain good performance scores, was found to be highly dependent on the algorithm. In
models predicting the currentstlibution of the eastern hewpsed snake, Maxent models
required fewer variables to achieve high AUC values than BRTs and GARP. These

differences can be explained by the fact that these three models differ in the type of formulas
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they use to make prediotis. Although eliminating variables by optimizing AUC values is
novel in habitat suitability model, similar results have been found in the(l&tr and
Blouin-Demers, 2011l Although studies discuss how explanatory variables should be
chosen to increasthe performance and generality of HSEGuisan and Zimmermann,
200Q Austin, 2007, | was unable to find any information on how the number of explanatory
variable employed affects the performance of models. Some habitat suitability models, such
as GLM, were shown to easily overfit their training datas@®andin et al., 2006and |
believe this may also be the case with BRTs considering it performed very well, but
predicted few areas of high suitability. It would be interesting to use these models on
sepaate datasets to test the crasdidation abilities of BRTs. Because some models are
prone to overfitting, | suggest assessing how the number of explanatory variables affects the
performance and the generality of habitat suitability models. A recursveréeelimination
approach similar to what has been used in this study could not only allow answering this

guestion, but help select only the most relevant predictors.

Low kappa scores

While TSS scores were high, kappa scores were low, only slightlyeabero.
Compared to bothistorical and climatic models, | also noted lower kappa scores in current
model s. Cohends kappa i-absence predictions begaliseitis e v a
simple, accounts fapoth commissiorand omission errorsand § tolerant to zero values in
the confusion matrixManel et al.,, 2001) However, it was found to be affected by
prevalencgAllouche et al., 2006; Ridenour and Heath, 199#)ich is a serious limitation

when dealing with rare species or any small datdésppa responds to prevalence in a
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unimodal fashion, being at its highest (1) when prevalence is at mid (pdloiiche et al.,

2006) The low kappa scores in most of our models could be attributed to the small size of

our dataset, particularly in curremtodels (126 occurrences), and to the low prevalence of

this species. As for climatic models, they simply did not perform as well as historical
models, probably because the distribution of easteranbsgd snakes is in part shaped by
variables other thalci mat e (e. g. ant hropogenic activit)
formulated to deal with prevalence; it was used to assess the reliability in agreement
between two observers in a medical con{&ahen, 196Q) | encourage the use of TSSs to
evaluatehabitat suitability models because it is not affected by low prevalence and designed

specifically to assess the performance of H$Mpuche et al., 2006)

Resolution

Different conditions or resources are selected by living organisms at differers scale
(Johnson, 1980)It is important to try to identify these scales to be able to use these
variables and detect a response in habitat selection. In all habitat suitability models currently
available, all predictors must be at the same resolution. Thimnasdihe species responds to
all variables at the same scale, which is not realistic and can prevent us from detecting
differences from one resolution to another. | built models at three resolutions hoping to
identify at what resolution models performedtbgtbut the outcome was equivocal. Some
of the reasons why the differences in resolution did not seem to influence the performance of
models could be because the original resolutions of the variables and the occurrences were
always the same, or because tmetrics of performance employed are not significantly

affected by these changes. The effect of grain size on habitat suitability models has been
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studied before, but with few conclusive results. Depending on conditions, coarsening grain
size can eitherncrease or reduce the performance of H¥Mugisan et al., 2007b)Yet,
aggregating variables will eventually lead to a loss of information that will always reduce
the performance of models passed a given threshold. Changes in resolutions were found to
havethe highest effect on models built with highly accurate datd&atisan et al., 2007a)
Another possibility why | was unable to detect differences could be because the resolutions
chosen did not differ enough. For conservation application, | suggesingf® maps at all

three resolutions as | was unable to detect differences in performances between resolutions.

Model performance

According to all validation metrics employed, habitat suitability models built with
Maxent and BRTs outperformed GARP whiis consistent with some studi@slith et al.,
2006) but not with other¢Terribile et al., 2010)Most studies employing habitat suitability
models only use ROC analyses for validation, a metric which has been heavily criticized
(Lobo et al., 2008; Petson et al., 2008)n a recent study comparing Maxent and GARP,
both models were found to achieve similar AUCs, but the first one avoiding commission
errors and the second avoiding omission er(®aterson et al.,, 2007Yhat same study
shows that GARRan be better than Maxent in making predictions in unsampled regions,
something | was unable to verify with our methodology. While GARP may be more
transferableMa x e n t is good at reconstructing a
(Peterson et al.2007) For our purpose, the main disadvantage with GARP was that it
predicted high probabilities in most of the area of study, making these maps less useful for

conservation.If all the region of study wasighly suitable, one would expect more
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occurrencs in remaining forested areas such as the Bruce Peninsula (see Fgurealso

noticed great variability in the predictions made by this algorithm between runs and
resolutions.In addition to achieving good performance scores, Maxeas also favoure
because it retains its high predictive power even when the sample size i$Psaadon et

al., 2007) a good quality when dealing with rare species. Finally, there has been only one
study comparing BRTs to other habitat suitability modElgh et al, 2006) which | believe

is not enough to assess the performance of a model, especially considering that models were
evaluated using mostly ROC analyses. Because each habitat suitability model has its own
advantages and disadvantages, | suggest carefudlgsang which one to use taking into
consideration the goals of the study. | also encourage other studies to compare habitat
suitability models using metrics of validation other than ROC analyses. Because HSMs are
difficult to evaluate, validation shouldveays be done with several techniques and models

t hat are judged fnequivalent 0 s ho(arcionkett ¢ o mb
al., 2009) Because of the nature of habitat suitability models, it very difficult to determine

to what extent they ovit data. HSMs are useful if they are robust and allow making
predictions in other regions or at different time periods (Guisan and Thuiller, 2005). Yet,
there are no absolute measures of robustness and it is rarely assessed in recent HSMs
studies. It wold be important to test the transferability of these models by trying to make
predictions in other regions (Araujo and Guisan, 2006). In my case, for instance, it would be
worthy to try predicting the distribution of the eastern dmoged snake in New Eragid

with models based on data from Ontario.
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Limitations

Our species occurrences were mostly collected by the public with no specific
sampling design. Differences in sampling design can influence the performance of models
by disproportionally accountinfpr environmentatonditions found in sampled areas only
(Zimmermann et al., 2010 study shows that museum records for dung beetles in Madrid
do not account for all conditions tolerated by the species due to spatigHbiaal et al.,
2008) Ideally,the sampling effort should have been the same for the entire area of study to
cover all habitats and landscapes equ@ligwbold, 2010) Yet, sampling an area the size of
the distribution of a species is almost impossible, particularly for a speciesa® els the
eastern hognosed snake. | advise governmental agencies to sample suitable areas that are
more remote and less accessible. This is probably the best way to find unknown populations
and add valuable occurrences to atlaBegause true absencesre unavailable, | used 10
000 pseudabsences to build and validate all models. These psalgknces may include
areas where the species is present, which will have a direct impact on both the building and
the validation of the models. As described liypéhezValverde (2012) when using the
AUC to validate HSMs built with peudabsences, the maximum achievable score is no
longer 1 and is inversely related to the area of distribution. In the same way, the number of
pseudeabsences used will influence thRUC because the more pseuddbsences are
predicted as absences, the higher the AUC. The interpretation of the AUC is therefore no
longer simple, and depends on the modeling design.

Another limitation of this project is the extent of the study. Here | doon the
eastern hognosed snakes in Ontario while this species ranges all the way to Texas. Our

models are built with occurrences accounting for the conditions found in Ontario only. For
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example, this species is definitely able to cope with warmer tetopesa but it is
unaccounted for by our models. The occurrences used in this study do not represent the
entire gradient of conditions that can be tolerated by the species. The factors limiting a
speciesd distributions ammrs ara sosnetimed subdptmale n t
(Braunisch et al., 2008A future study looking at the range of the easternimged snake
in the UnitedStates might help identifying more accurately the factors limiting habitat
suitability and increase the transferabildfy habitat suitability modelswithin Canada, the
northern and southern populations of hognose may also experience different environmental
conditions and utilize different habitats. Depending on how and when the species invaded
Canada, these two populat®rmmay be genetically distinct. To better understand the
conditions required by these two populations, it may be necessary to study habitat suitability
and selection at a finer scale using other modelling technique$\(e.gnd Smeins, 2000
Studying rareor threatened species is also difficult because we tend to study the
habitat a species is left with and not all habitats that were historically available and used. My
models were built with occurrences that are currently available and take into commiderat
recent environmental conditions; they do not account for the possible historical distribution
of the species. It is possible that the species was more widespread two hundred years ago
and that other important factors shaped its distribution. The Vesi#timt seem important in
shaping the distribution of a species today could be very different from the variables that
dictated the distribution historically.also assume the species has reached equilibrium and
do not consider population soursmk dynamics. Some of the occurrences | used might
represent conditions that are too poor, under which the species will eventually be extirpated.

Conservation efforts should be prioritized in areas representing population sources.
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To better assess habitat loss this species, remote sensing data spanning a longer
period of time would have been required, but are currently unavailable. The models
predicting the historical and current distribution of the easternnibsgd snake were not
built using the same varialsidecause historical land cover data are not currently available
in readily available digital format. As a result, habitat loss cannot be determined precisely
because models are not directly comparable. | circumvented this limitation by applying a
hierarchcal scheme using different variables to predict the climatic, historical, and current
distribution of the eastern hawpsed snakeSimilar hierarchical methods were used before
(Anadon et al., 2007; Pearson et al., 2004 may be the only way to use liabsuitability
models to assess habitat loss until suffici@storical GIS data beconsevailable.Finally, |
used pseudabsences instead of real absences, which could include a number of false
absences that will affect the performance of the modéis.ifpact of these falssbsences
on the metrics of accuracy will depend on how many there are in relation to the number of

true presences and true absences.

Conservation mplications

The models built with Maxent and BRTs are useful for conservationopaspnot
only because they produce maps that are easily interpretable, but also response curves
indicating how the probability of suitability varies along with the variables in each model.
These response curves can help determine what limits habitatilgyitatd what actions
should be taken to manage or protect the habitat of species at risk. Although the geological
categorical variable | used had too many classes making it difficult to interprehoked

snakes that were found in the south of the prces were often on sand while individuals
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found near Georgian Bay were on precambrian bedrock (APPENDIX 1V). Under a
temperate climate, one important factor shaping the distribution of reptiles is winter
conditions. For example, the availability of hiberula was suggested to limit the
distribution of ratsnakes in Ontar{@regory, 1984)It is possible that eastern hagsed
snakes can survive in the area of Georgian Bay by hibernating in crevasses in bedrock that
are deep enough to avoid frost. In thetboof the province, these snakes do not need to go
as deep and can simply dig their own hibernacula in §Botison, 2011)Alternatively,
sand could be selected at a finer scale and not be noticeable when looking at GIS maps of
surficial geology. Althouf bedrock is the primary material forming surficial geology
around Georgian Bay, these snakes may be able to find enough sand within their home range
to fulfill all biological needs. | suggest protecting areas where sand is abundant as this
species is ofte found in sandy areg®obson, 2011; Lagory et al., 2009; Cunnington and
Cebek, 2005)patrticularly in the south of the province.

Based on historical models, the eastern-hoged snakes found in Ontario were
often near roads or in populated rural ardde response curves of ROAD and PEOP could
be explained by the fact that most occurrences used in this study were retrieved
opportunistically by the public, often near roads, small towns, and pirkse findings are
the result of poor sampling with aaal bias for areas where people are most likely going
to reports sightings. This would also explain why probabilities of suitability usually drop
down beyond a given threshold of either road density or population density. These results
should not be irtrpreted as a preference for roads. In fact, road mortality was found to be a
serious threat for eastern hagsed snakes as they are vagile and active for§gerse et

al., 2011) To better identify the conditions where this species is found in Ordaaddave
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access to better data, | encourdmelding a strategic sampling design that will aim at
sampling different habitat both disturbed and undisturbedjually The habitat suitability
maps produced in this study could help develop this samplisigrd®y indicating which
regions and habitats shoulakgeted. This sampling design would produce a stronger dataset
that could identify more precisely where this species is declining and could lead in the
development of stronger habitat suitability modélabitat suitability models were found to
perform better with systematic sampling and larger sampl€i8izzel and Guisan, 2002)
Cropland density reduced habitat suitability in Maxent models predicting the current
distribution of the eastern hawsedsnake, which could explain why current models are
always less suitable in the area of Long Point and Point Pelee. Most of southern Ontario is
heavily used for agriculture, which could suggest habitat loss in these regions. Agricultural
activity is also dstructive for amphibians which may further affect this snake by limiting
food availability. Agriculture is known to be a driving cause of species endangerment in
Canada, particularly in southern OntafiGerr and Cihlar, 2004)in BRT models predicting
the current distribution of the eastern hogsed snake, forest density increased habitat
suitability which makes sense considering that mostriusgd were found in forested areas,
both in the south and the north of the Province. The reason why it was @ibipdand
density or forest density that contributed the most to current models is because these two
variables were the most correlated (r0=71). The conclusion that should be drawn from
current models is that reduced forest availability limits halsitétability for this species.
Today, the few pockets of individuals found in southern Ontario are isolated in protected

areas where forest remains.
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Average precipitation and maximum temperature during the active season both seem
to limit the distribution © this species. Being at the most northern extreme of their
distribution, the eastern hewpsed snakes found in Ontario could be limited by heat
availability. At similar latitudes, this snake was rarely found to take cover under rocks or
logs, which couldalso suggest that thermoregulation is an important factor limiting the
distribution of this specie@lummer and Mills, 2010)in the north, the season is short and
weather conditions must be good enough for the species to survive and propagate. As for
increased precipitations, it may favour amphibian populations which can in turn favour their
predators including the eastern hogsed snake. According to both climatic models, the
south and the north populations could be experiencing similar climatic @nglignough
for Maxent to make relatively good predictions. However, these results should be interpreted
with care as the contributions of each variable were different in the two models. Yet, there
seems to be a gap between the two populations that weuwlddwitable climatically for this
species. The climatic conditions found along the Great Lakes could be different from the
ones found more inlandvinimum temperature during winter could limit hibernation
opportunities. Although land cover definitely pg&ay role in habitat suitability for this

species, our models suggest that its distribution has been shaped at least in part by climate.

Using habitat suitability models to protect species at risk

One goal of this study is to use habitat suitability ni®ds a tool for conservation to
help identify areas worth protecting for hagsed snakes. Ideally, these areas should
correspond to critical habitat as defined by ®ecies at Risk Adair the Endangered

Species Actio easily apply current legislationsut there is no consensus on how to do this.
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| propose using three thresholds to identify the areas most suitable for a species. The
categorical maps produced with these thresholds are tools that can be easily used by
governmental agencies to know whetd to prioritize in conservation efforts. | built models

in a hierarchical process to better understand the complexity behind the distribution of a
species at risk. Models were built using three algorithms and various explanatory variables
to assess wherthe species could have declined. To identify areas worth protecting, |
suggest applying the following threstep approach in a hierarchical process: (1) Use habitat
suitability maps to identify areas that are climatically suitable in regions where catiserv

is possible, (2) use the consensus maps of models predicting the current distribution of the
species to identify areas of high suitability within the regions that are climatically suitable,
and (3) ground truth any of these previous areas to maketiseirspecies is present. This
approach allows identifying areas that are not only occupied by the species, but climatically
suitable and still suitable today after considering other variables such as human activity.
Similar hierarchical approaches haveebeused successfully in the pdBtearson et al.,

2004; Anadon et al.,, 2008nd may offer a simple and efficient comprise on how to use

habitat suitability models in conservation.
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CHAPTER Il
Assessing the importance biotic predictors

in habitat suitability models
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Abstract

Habitat suitability models have proven to be a useful tool in manysfltiology,
including conservation, where predictions allow identifying conditions required by species
at risk. Yet, an important aspect that remains tetbdied more in depth, and that can affect
the predictions of these models, is the use of biotic variables. The presence of a species at a
given location depends on a number of factors, including the right combination of biotic and
abiotic conditions. Mosstudies currently published employing habitat suitability models use
mostly abiotic explanatory variables such as elevation and climate. While this may be
enough to predict the fundamental niche of some species, the use of biotic variables may be
essentibto predict the realized distribution of species having specialized ecological niches.

In this study, | assess the importance of biotic variables in habitat suitability models
using a species considered a specialist in terms of diet, the eastenosadgsnake,
Heterodon platirhinos | use the Maxent models predicting the historical and current
distribution of this species in Ontario developed in Chapter I, and add extra biotic variables
representing food resources: toad occurrences and toad callsoddlls are evaluated with
the same metrics as in Chapter I, calculating the change in each one of them. To confirm that
the differences in performance are the result of a limitation in resources, | repeat the
analyses substituting toad occurrences by srat@irrences. Both the toad and snake
variables were found to have little effect on the metrics of accuracy, but in some cases had
high contributions in the models. Similar results between the two analyses suggest that these
variables helped building theadels by representing areas that were sampled, in accessible
regions near roads and small towns. These variables are therefore accounting for the

sampling bias and not a limitation in food resources.
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Introduction

The importance of biotic variables in hatait suitability models

Habitat suitability models have been used extensively in the past decade to answer a
number of questions in various fields of biology. They have been used to: study the effects
of climate change on species distribution, find unkn@epulation, identify the conditions
required by species at risk, and study invasive spe(feterson, 2006)Several models
have been developed using both different algorithms and statistical techniques. Their gain in
popularity can be attributed to thact that some use presences only, data that are often
available in atlases. These models have been evaluated and compared in many studies, but
they remain difficult to classify in order of performan&sdith and Graham, 2009Y o help
make better predicins and increase the accuracy of these models, several aspects related to
habitat suitability modeling have been studied such as sample size and resolution. For
example, some models, such as Maxent, were found to retain their predictive power even
when tle sample size is smgWisz et al., 2008) One important limitation that has been
identified more than a decade a@g@uisan and Zimmermann, 200®ut that has yet to be
investigated in depth is the omission of biotic interactionanWvariables contriie in
shaping the distribution of speciescluding biotic and abiotic factof&Cunningham et al.,
2009) With respect to abiotic factors, climate is considered a major driver of species
distributions(MacArthur, 1958)influencing species both directlyé indirectly. The mean
fitness of a species may decrease at the extremities of its distribution because it is
physiologically restrained by climatic conditions. Under these conditions, competitor species
may be more abundant which will further affect fiteess and distribution of th initial

specieqGross and Price, 2000) he variables most often usedhabitat suitabilitymodds
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are climatic because data ameailable andthey affect species directly. However, other
important factors such as biotisteractionsand historical events are alsesponsible for
shaping realized distributionacting independently on species.

HSMs are a direct operational application of the ecological niche tlidorel and
Le Lay, 2008) For this reason, it is imporiato cefine this concept to knowow these
models should be builtHabitat suitability models have taken a variety of names such as
Apredictive habit a(GuisahiasdtZmmérmann, 80900) mdd @Icil n gna t
envel ope (Rearsbednd Daga) 2003)and fA ni c h ¢Stockwel, 2007)n g 0O
Most of these models could be @957)dedinitiont o be
of multidimensional nichéGuisan et al., 2006 However, this niche is further divided into
the fundamental nichend realized nichéHutchinson, 1957)While the fundamental niche
can be defined by environmental conditions only, the realized niche also incorporates biotic
processes such as dispersal and compefihbiter, 2010). Yet, defining precisely each of
thee niches has been shown to be difficult and has lead to contradictory interpretations
(Aradjo and Guisan, 2006)n relation to HSMs, these two notions of niche incorporate
biotic and abiotic interactions that are rarely taken into consideration in digirib
modeling. This is why most models looking &etdistribution of speciedo not model

niches per se, but the suitable environments through $phiter, 2010; Pearson, 2007)
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For most applications, including conservation, it could be argued hbatetlized
ecological niche is the one that matters because what is sought after is where a species is

found, ideally after considering all variables affecting its distribution. Most current

validation techniques
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an environmental gradient, species can be argued to be stredegtthlly in one direction

and physically in the othdBrown et al., 1996; Guisan et al., 1998; MacArthur, 19TRg

BAM diagram(Soberon, 2007is useful to visualize why incorporating biotic interactions in

habitat suitability can be important (Figuzel ) . ARAO represents regiot
conditions are adequate and ABO regions whe
viable populations.Solid circles represent source populations, open triangles sink
populations due to competitive edslon, and open squares sink populations due to negative
intrinsic growth rates. Open circles are sink populations due to both of the above.

Incorporating biotic variables in habitat suitability models could help predict potential areas
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that could be occugd by the species because both biological and scenopoetic conditions are
suitable(Soberon, 2007)

Variables reflecting biotic interactions are sometimes avaijldhle rarely usedn
HSMs (Guisan and Thuiller, 2005)The biotic variablesmost often usedn habitat
suitability models are land cover variables derived from satellite images such as the density
of agricultural areaf_ahozZaVonfort et al., 2010; Loiselle et al., 201@ccurrences of other
competing species have also been used succegSalhjyos et al., 2006; Cunningham et al.,
2009) The few studies using thekends ofvariables suggest that realized distributions are
affected by biotic interactions evenatoarse resolutigrsuggesting that this subject should
be studied more in deptfGuisan and Thuiller, 2005Most habitat suitability models
currently rely on the assumption that biotic interactions do not influéineerange of
species, which is clearly incorrect. It is crucial to study the role of biotic variables in habitat
suitability models to help make reliable predictions that will be useful in the context of
conservation.

The eastern hegosed snakeHeterodm platirhinos is a semifossorial reptile
native to both the Unite&tates and Canada, known to occupy a variety of habitats,
particularly open upland areas. This species is particularly well suited to study the effect of
biotic interactions in habitat gability models because it has a specialized diet, feeding
mostly on toadgqPlatt, 1969; Uhler et al., 1939; Edgren, 195%pads were found to
constitute between 40%Jhler et al., 1939\and 75%(Surface, 1906pf their diet. The
distribution of this sniee could therefore be limited in part to areas where toad populations

are high enough to support viable snake populations. In fact, it was proposed that a decline
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in eastern hognosed snakes IHog Island, Virginia could have been related to a decline in

toad abundancgConant et al., 1990)

Objectives

The goal of this study is to answer the following questionGdn biotic interaction
variables improve the predictive power of habitat suitability modeBs8sess the role of
biotic interactions in hatat suitability models predicting the historical and current
distribution of the eastern hagsed snake in Ontario. | hypothesize thagypavailability
restrains the distriltion of the eastern hegpsedsnake to some areas only, preventing it
from occipying its entire potential distributioh.use the Maxent models built in Chapter |
and add additional variables representing food resources, toad occurrences and toad calls, to
determine whether prey abundance improve model fit. If prey abundance Imeits t
distribution of hognose snake, then HSMs incorporating prey distribution should perform
better than those that do not. All models are evaluated with the same metrics as in Chapter |,
calculating the changes in each one of them. To confirm that modelpiibvements are
due to a limitation in food resources and not the potential effect of unequal sampling on
HSMs, | then substitute toad occurrences by snake occurrences. For all models, changes in
performance are calculated and the contributions of alicbvariables are determined.
Finally, I discuss why these variables may have helped building models and why it may be

difficult to study biotic interactions in the context of habitat suitability models.
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Methodology

Additional biotic variables

The first step was to build variables that would represent as much as possible a
limiting resource for the eastern hagsed snake. In Ontario, this snake consumes both
american toadsAnaxyrus americanys a nd f o wAnaxyrus fowldr(Blattd 1969) |
built two types of variables with theses two species: the presence of toads and the relative
abundance of toads (Tablel2 | used toad occurrences from both @wtario Reptile and
Amphibian Atlas (OntarioNature, 2011pnd the Ontario Herpetofaunal SummaAtlas
(Oldham, 2000}0 build two variables representing toad presence. The variable TOAD was
built with all existing toad occurrences in Ontario having an accuracy of 100m or less, and
represents the historical distribution of toads. T1990 was built wild occurrences
collected since 1990 only, and represents the current distribution of toads. For these two
categorical variables, presences were assigned the number 1 while the rest of the territory
was assigned 0. Toad calls from the Marsh Monitoringgfam were used to build the
variable CALL representing the relative abundance of td&isiStudiesCanada, 20Q8)
That variable represents the average number of toads that were heard at each survey station
since the beginning of the program in 1995. asiable was therefore continuous and a
full chorus was assigned the number 25. It is important to note that all of these variables
represent points in space that were converted into rasters to be compatible with habitat
suitability models.

To confirm tha the eastern hoegosed snake responds to an actual limitation in
resources and not differences between these models and those presented in Chapter 1, | also

built variables with the occurrences of fosinake speciedNerodia sipedon, Opheodrys
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vernalis, Storeria dekayi,and Thamnophis sirtaligOntarioNature, 2011)] made sure to

select species that exploit different habitats to represent various areas in the region of study.
The variable SNAK included all occurrences of these four species with an gcofirk@0

m or less while S1990 included occurrences collected since 1990 only (Fapl&igally,

all variables were built at three resolutions (1 km, 750 m, and 500 m) to be compatible with

previous models.
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Modeling approach

| added each of these variables one at the time in the pruned Maxent models
developed in Chapter I. Five Maxent models were therefore built, each one containing an
additional biotic variable. Two models predicting the historical distribution of the eastern
hog-nosed snake were built: one using all toad occurrences (TOAD) and the other all snake
occurrences (SNAK). Three models predicting the current distribution of the snake were
built: one using recent toad occurrences (T1990), one toad calls (CALL), ara$tihedent
snake occurrences (S1990). | always added these biotic variables to the pruned models
developed in Chapter | that optimized the AUC and used the same sets of occurrences and
pseudeabsences. All models were built with Maxent version 3.3F3ellips et al., 2006)
with the same settings and variable datasets as in Chapter I, at three spatial scales (1 km, 750
m, and 500 m). Each model consistedl@frandom replicates always setting aside 25% of
the occurrences and pseualosences for validatiorkinally, all maps built with Maxent
were produced in logistic formalat representan estimate of the probability of presence

(Phillips et al., 2006).

Validating Models

To compare the models produced in Chapter | with the models produced here
containng biotic variables, all models were validated with the same metrics of performance
as in Chapter I, recording the changes in each one of them. Presigntmbitat suitability
models are difficult to evalua{&lith and Graham, 2009nd it was proposetthat no single

validation technique should be used al@kkller, 2010). This is why | used a number of
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different techniques, some of which are threstudgendent and others which are threshold

independent.

Results

The changes in the metrics of perforemnce

All changes in the metrics of performance were very subtle (TaB)e \2alues only
rarely varied more than two or three hundredths of a point and many remained unchanged.
Out of the three series of models built with toad variables, the only onsethaied to make
better predictions is the one including the variable built with all toad occurrences (TOAD).
For those historical models, all internal AUCs were increased by 0.009 on average. For
those same models, the MPA was reduced by 1.3% on average.d these models have
also increased Kappa and TSS scores. It is important to note that the model that has
improved the most is the one built at the smallest resolution, 500 m. The two other series of
models built with toad variables (T1990 and CALLgs®d to perform more poorly as their
internal AUCs, Kappas, and TSSs decreased and their MPAs increased. Finally, the changes
in sensitivity and specificity varied in both directions making it impossible to notice any
trends.

For the models built with stke variables, only the historical models built with all
snake occurrences (SNAK) seemed to perform better (TaBle Zheir internal AUCs
increased by 0.011 on average and their MPA decreased by 2.5% on average. Again, it is the
model built at a resolun of 500 m that has improved the most. The models predicting the
current distribution of the eastern hogsed snake built with the variables representing

recent snake occurrences (S1990) were hardly improved as their internal AUC increased by
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only 0.001point and their MPA decreased by 0.6%. All other metrics did not change

considerably or remained unchanged.

The contributions of each biotic variable in the models

The contributions of the biotic variables in each model were highly variable, but
were sually higher in models predicting the historical distribution of the eastermdwepn
snake. Across resolutions, the contribution of the variable TOAD in historical models was
on average 8.3%. It was the highest at a resolution of 1 km where it re&:heéd (Figure
2-2). In models predicting the current distribution of the easternnosgd snake, the
contributions of both T1990 and CALL were both low at all resolutions. Across resolutions,
the contribution of T1990 was on average 1.5% (3.5% at a risolft 1 km). Finally the
lowest contributions were given to the variables CALL, with only 1.1% on average across
resolutions. In all models, the order of importance of the variables remained very similar
between the models built in Chapter | and the ndteilt here comprising an additional
biotic variable (Figures-2, 2-3 and 24).

Of all models, the biotic variable that reached the highest contribution was SNAK in
models predicting the historical distribution of the eastern-rimsed snake. Across
resolution, this variable had a contribution of 21.3% on average (Figdde [& current
models, the variable S1990 had an average contribution of 12.6% across resolutions. At a
resolution of 1 km, it was the most important variable in the models withtahrdgion of
19% (Figure 24). These results show that biotic variables representing the distribution of

other snake species could contribute more to models predicting the distribution of the
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eastern hognosed snake than variables representing toad distib and relative
abundance.

All biotic variables increased the probability of occurrence of the easterndssgl
snake in all models where they had significant contributions (Figire2b and 27). The
response curves of the snake variables weréash very similar to those of the toad
variables, but the probabilities increased more in models using snake occurrences. Finally,
the maps produced by Maxent for models using biotic variables are almost the same as for

the models without them (Figure8).
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Figure 2-2. Contributions of the nine mosnfluential variables in the Maxent habitat
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suitability model estimating the historicdistribution of the eastern hawsed snake. An

additional variable, TOAD, was added to the model.
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Figure 2-3. Contributions of the nine mostfluential variables in the Maxent habitat
suitability modds estimating the current distribution of the easternioged snake. An
additional toad variable was used in each ma@gl:T1990(B) CALL.
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Figure 2-4. Contributions of the nine mostfluential variables in thévlaxent habitat
suitability models estimating the historical (A) and current (B) distribution of the eastern
hognosed snake. An additional snake variable was used in each #9d8NAK (B)
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Logit (p)
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Figure 2-5. Marginal response curveis SD, for the five most influential variables in the
modek built with Maxent, estimating the historical distribution of the easternnbsgd
snake. The vaable TOAD was added to the model. The curves show how the logistic
prediction (p) varies, when one variable is gradually changed, while all others are kept at
their average value.
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Figure 2-6. Marginal response curveis SD, for the five most influential variables in the
modek built with Maxent, estimating the historical distribution of the easternnbsgd
snake. The variablSNAK was added to the model. The curves show how the logistic
prediction (p) varies, when one variable is gradually changed, while all others are kept at
their average value.
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Figure 2-7. Marginal response curveis SD, for the five most influential variables in the
modeb built with Maxent, estimating the current distribution of the easternnbegd
snake. The variabl&1990was added to the modelhe curves show how the logistic
prediction (p) varies, when one variable is gradually changed, while all others are kept at
their average value.
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Figure 2-8. Estimded distribution of the eastermgrnosed snake in Canadt a
resolution of 500m. Each model was built with a biotic varia#¢: TOAD and
(B) SNAK.




Discussion

Small changes in the metrics of performance

There are several reasons why the metrics of performance were unaffected by the use
of biotic variables. Toads are found almost everywhere in Southern Ontario, which could
indicate that their presence is not a factor limiting the distribution of the eastemoked
snakes. In fact, toads are probably found everywhere throughout the range dofténe ea
hog-nosed snake in Ontario. This snake is also capable of eating other species of frogs and
salamandergPlatt, 1969) Thus, it is possible that the distribution of the easternrusgd
snake is not influenced by toad distribution and that variabl@®senting toad presence are
truly unnecessary to predict where easternmoged snake are found. For these reasons, it
is possible that the models were not improved and that my hypothesis was incorrect.

Because the distribution of toads is so vasalsb used toad calls (CALL) as a
measure of toad relative abundance. It is possible thahbsed snakes are unable to subsist
when toad populations are too low and that they are only found where toads are plentiful.
However, that variable decreased pegformance of current models and only had very low
contributions. Toad calls may have not been an important variable in current models because
of insufficient quality. | used all the data available from the Marsh Monitoring Program
(BirdStudiesCanada, 28)) which consisted of only 3121 entries, most of which were
clustered in some regions. These entries also comprise various surveys that were done at the
same location at different times. The goal of the Marsh Monitoring Program is to survey the
same locabns at different times to notice trends in amphibian decline and provide data for
conservation. Similarly to data found in many atlases, it lacks a sampling design. Finally,

few points were available for the area of Georgian Bay where the distributiba eéstern
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hognosed snake remains extensive. It is therefore possible that there were simply not
enough surveys done across the area studied to build a good variable representing toad
relative abundance. Obtaining reliable data to study biotic intensctib a landscape scale

will be challenging. This is one of the reasons why few studies use biotic variables to build
habitat suitability models.

Alternatively, it is possible that an additional variable adds noise to the model and
that it is not an optim set of variables for the algorithm to make better predictions. In
Chapter I, all original models were pruned selecting the minimum number of variables
required to optimize the AUCs during validation. This is why the Maxent models predicting
the currendistribution of the eastern hawpsed snake do not use all 19 variables available,
but only 8 or 9. By adding this additional biotic variable, it is possible that AUCs are not at
their highest. Unfortunately, the effect of the number of variables on haoiti@bility
models has not been studied extensively and will depend on the statistics used by each
algorithm. For example, in multivariable regression analyses, too many variables will reduce
the probability of detecting associations and will give ousrsimilar to what could be
expected by chandgewis, 2007) This subject should be assessed more in depth in future
studies and may help identify the level at which some models overfit their training dataset.

Finally, the two models that seemed to maké&ter predictions with biotic variables
(TOAD and SNAK) were built at the finest spatial scale, 500 m. Two reasons could explain
why biotic interactions influenced these models at a finer grain. First, biotic interactions are
known to affect species digiutions at both coarse and fine scaldsikkinen et al., 2007,
Cunningham et al., 2009)n this study, it is possible that the eastern-hoged snake only

responded to these variables at 500 m. The second reason comes from the GIS
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manipulations requéd to build these variables. When converting points to a raster, fewer
points are lost at a resolution of 500 m, creating a variable that resembles more the original
data. At a larger resolution, the data are coarsened, and it is possible that too much

information was lost.

High contributions

It is surprising that although the biotic variables did not seem to help the models to
make Dbetter predictions, some of these variables (both toads and snakes) had high
contributions in the models. We would expelatt these highly modified models would
make better predictions because the algorithm favoured the biotic variables over other
variables for that specific reason. Yet, the validation techniques employed here are unable to
pick-up these changes. The direagoof the response curves are also very informative
because both the toad and snake variables increased the probability of occurrence of the
eastern hognosed snake. This was expected with toads, but not with snakes. The presence of
other snake species sHd not favour the presence of hagsed snakes, but do the opposite
by accounting for competitor species. The only reason that can explain why the variable
SNAK was one of the variables with the highest contributions is that it represents the areas
that lave been sampled for the presence of reptiles: areas that have been sampled for other

snake species have probably been sampled for eastermobed snakes as well.

Sampling bias
Both toad and snake variables had high contributions in some of the matals.

resolution of 500 m, SNAK was the most important variable used to predict the historical
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distribution of the eastern hagpsed snake. Similarities between the models built with toad
and snake variables indicate that these variables probably repsasgsiing bias. Various
datasets used to build habitat suitability models exhibit strong samplingC®asis and
Thomas, 2000)However, most studies using these data to build habitat suitability models
do not take this into consideration. Although furglresources are often limited and data of
better quality not always accessible, various ways have been proposed to deal with sampling
biases including better selection of background points (psabsences). Some have
proposed selecting background poititat have a sampling bias similar to the occurrences
(Phillips et al., 2009) The aim behind this technique is that the models will focus on
differences between the occurrences and the background points and not differences inherent
to the sampling bias. Tgenerate background points reflecting the same sampling bias as the
occurrences, it is possible to use other species occurrences sampled in the same way; target
groups(Anderson, 2003)Because the issue of sampling bias is rarely assessed in studies
using habitat suitability models and that it may be a serious problem with some datasets, |
suggest not only verifying the impact of this problem on the models but also controlling for

it by better selecting background points.

Implications

Species occurrees found in atlases is an important source of data that have allowed
studying various phenomena in different fields of ecoldgwbold, 2010) Yet, this study
clearly shows that the spatial bias and lack of sampling design often associated with these
data is a serious limitation that deserves more attention. It may be difficult to evaluate

habitat suitability models and make good predictions when the quality of the data is

89



deficient. In the same way, it may not be possible to studysfiaée ecologicassociations

such as biotic interactions with poor quality data. Presenbemodels are more often used
than presencabsence models, and are also more affected by sampling (Bagdégs et al.,

2009) Because the quality of sampling designs is kndwrinfluence the reliability of
habitat suitability model¢Edwards et al., 2006) encourage building models with quality
data taking the time to develop strategic sampling designs. Alternatively, choosing a right
set of background points exhibiting andlar sampling bias can decrease the magnitude of
this problem(Phillips et al., 2009)As for conservation, we should use habitat suitability
maps to help better sample regions of importance. This data would not only allow
developing more accurate habitatitability models but also help assess the true status of

these species.
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APPENDIX |

Sources of bias in habitat suitability motlmg

The performance of models is influenced by many factors, but the quality of the
observations iparticularlyimportant Although researchers often use preexisting presences
or absences to build HSMs, thetsta may not reflect the environmental conditions where a
species is found because they were not collected to achieve th{i®#gaedon, 2007)hese
datasets rarelyaver the entire known distribution of the species or the region that is being
modeled (Wisz et al., 2008) In the same way, some observation records kept by
governments are gathered with the help of the public without any specific sampling design.
Some loat i on points are someti mes det er mi ned
location descriptions only, especially for historic dé@tewbold, 2010) These sampling
procedures always lead to biases that are usually unaccounted for. For elusive and rare
spedes, nondetectability does not always translate to absences. The species may not be
detected with the sampling desi¢hhuiller and Minkemduller, 2010)These absences are
known as false absences and are comsid@ major source of bias presence/abseac
models(Hirzel et al., 2002) There is also a degree of spatial precision associated with the
observations. If the observations are spatially imprecise, the environmental layer/predictors
may not correspond to the conditions where the species is fourallyFmodels assume
that distributions are at equilibrium with the environm@arson, 2007)his is difficult to
verify as models do not generally take into consideration biotic interactions and dispersal,

and because modedse not verified througtime.
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APPENDIX I

Historical and current distributions estimated with each algorithm separately
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Figure 4-1. Estimaed distribution of the eastern hmgsed snake in Canada, using
thealgorithm Maxentat a resolution of 1kn(A) historically and B) currently.
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