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ABSTRACT

To effectively conserve species at risk (SAR)s important to understand their ecology

at multiple scales, including statelvel habitat associations and landsebkpel
distribution. The Rusty Blackbird Eiphagus carolinys Olive-Sided Flycatcher
(Contopus coopeyi and Canada WarblelCérdellina canadens)sare listed landbird
speci es at ri sk ( SAR) t hat breed fTn wet
characterize their habitat for stasdale conservation, | surveyeédgetation ceer and
structure a®9 known locationg the Southwest Nova Biosphere ReseHabitat atsites
occupied byeach SAR was significantly different from habitat atinoccupiedsites.
However,occupiedhabitatnearrecent forest harvestir@vithin 1 km)did not differ from

thatin unharvested areas, suggesting features can be retamadagedorestlandscapes

I further categorized habitat wusing Nova S
and foundthese SAR predominantly occupied the same-poetr ecosites, potentially
allowing for management of all three species as a dudtiso usedFEC information to

verify spatial data layers commonly used in forest management plaamihfpund their

accuracy ranged from poor to fair, depending on layebaifér size considered.

To supportregionatscale protected areas planningddvelopeda species distribution
model (SDM)for these species first evaluated 128 published SDM algorithms, finding
that a majority did not accurately report model uncetyaprediction metricor both To

aid conservatiorpractitionersin selectingand repoiihg on SDMs for conservation, |
developed auide based on data type, conservation objective, and experience. | then
modeled the population density of the three SARuUr national parks in New Brunswick

and Nova Scotia, using Poissonatear regression models with a branching hierarchy.
When comparing predicted population sizes to regional population estimates, national
parks supported habitat famly 3-4% of Carada Warblers and-2% of Olive-sided
FlycatchersThus itis highly unlikely that existing national parks alare able tanaintain

viable regional populations. To help prevent extirpation of these species, forestry
prescriptions need to be adjusted tosgrve habitat, and kdgcationsfor management

should be identified at a regional scale.
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CHAPTER 1 INTRODUCTION

As humancaused disturbance intensifies globally, an increasing number of spedies are
decline with many at risk of extinction. Nowhat at least80% of the land surface of the
Earth experiencedirect human impactgSanderson et al. 20Q2)lobal extinction rates
have risen to exceed natural rates othmge to four orders of magnitud@@e Vos et al.
2014) As resource exploitation and climate change continue, the prognosis for an

increasing numér of species is rapidly becoming gr{ivié et al. 2008)

Globally, habitat modifications are directly correlated withnmhers of species at risk
(SAR), and continued landse changes are expected to have the greatest future impacts on
terrestrial biodiversity(Sala 2000) Though Canada is one of the few places retaining
extensivetracts of forestrates of species endangerment are similar to other countries in
the Americas, and are predominantly the result of ongoing habitafdess& Deguise

2004) Human modification to natural landscapes, as well as species richnesdgisigrea

the southern regions of Canafi&err & Cihlar 2004) including the provinces of New
Brunswick and Nova Scotia.

Efforts to reduce species decline often include habitat conservation or establishment of
protected areas in potential breedingiteiiKerr & Cihlar 2004) Protected areas are
important reserves for SABoule & Terborgh 1999but they may not be sufficient in

size or location for conserving biodivers{tyemieux & Scott 2005) Canadads Spec
Risk Act (SARA) was passed without evaluating the potential for existing protected areas

to conserve species at risk: as of 2004, there was no relationship between the distribution

of federal pratcted areas and the distribution of federflied SAR in Canadéerr &

Cihlar 2004) The ®ntribution of existing protected areas to available habitat is presently
unknownfor most taxgKerr & Cihlar 2004)

Given increasing threats to hedt, and lack of coverage of the existing network, the
expansion of protected areas alone may be insufficient to protect SAR in Canada. However,

expanding protected areas is not the only solution: it is urgent that conservation be
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facilitated in humardominated landscapes, in cooperative efforts with landowfkezsr
& Deguise 2004; Coristine & Kerr 2011or many forestwelling taxa, the contriliion

of both protected areas and lands under active forest management is unknown.

For landbirds that use forest habitat, ongoing spateitgnsive changes to this habitat is
their greatest threat in the breeding rangkhough substantial threats occduring
migration and wintering, the relative importance of breeding facsoih as habitat loss,

can bemoreimportantfor some populationdRushing et al. 2016)lany forest bird species

are vulnerable thabitat alteratiorthrough logging (e.gHutto & Gallo 2006; Lain et al.
2008;Cahall & Hayes 200%5chlossberg & King 2009Y he relationships of birds to their
habitat, in both managed and unmanaged lands, needs to be known at local and regional
scalesn order to develop comprehensive approaches to conser(gtiome et al. 2005;
Cumming et al. 2010b)lo protect forest habitat, two commonlksedl tools are protection
(restriction of management activities on the land) and dserel sustainable forest
management (planning that incorporates wildlife values and protects habitat for species at
risk). Using these tools for conservation requirekeast some prior knowledge of what
habitat a given SAR uses, and htvat habitatcan beidentified orlocated.Thus it is
essential to characterizznd mapthe habitat of species in declite identify candidate

areas for protectioandeffectively managareas experiencing disturbance

1.1. THE EFFECTS OF SCALE

When characterizing habitat, it is necessary to choose an appropriate scale for analysis. If
the scale of study and the scalspéciesesponsgare different, results may be misleading
(Savignac et al. 2000; Schaefer & Mayor 200Habitat can be modeled or measured at a
variety of extents, frormicrosite torangewide. Analyses neetb consider both the scale

at which the organism operates, but also, the scale at whiclgemaeat action will be

taken.

Organisms operate at different scales for different elements of their life histories, with each

ecol ogi cal process occurring within an Oec

active or has some influence during a pemd time (Addicott et al. 1987)For example,
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during the breeding seasdhg ecologicalneighbourhood could be a nest séadpraging

site, or a territoryor home rangedepending on the ecological pessbeing studied.

However, not all scales are equally valuable for applying conservation action, particularly

when trying to design protected areas or guide stewal forest management planning.

Although habitat is often modeled based on exidtiaig often at relatively coarse scales

such as regional or national extentst hi s may be i nsufficient t
(Burgman et al. 2001; Elith & Leathwick 2009&nly by studyingma or gani s més h
at multiple scales can it be determined what scales might be appropriate for conservation

action, and if existing management tools can produce meaningful results at these scales.

It is known that patterns of habitat use by bird spgedi#fer depending on the spatial scale

at which they are measured, and the habitat features that are important at one scale may not
be considered important at another. For example, patterns of habitat Bkedigd
WoodpeckergDryocopus pileatud..) were best explained by different variables at the
microhabitat (<@4-ha radius plofs and macrohabitat scalgs125ha radius plots
Savignac et al. 2000).ikewise,Girard et al.(2004) studied occurrence of sghirds in

plots of 50, 100, and1000-m radii, and found that occurrence in forest of different types

(coniferous, deciduous, and mixedwood) in Quebec significantly differed between scales.

When consideringhe distribution of speciesariables measureat local or fine scales are
often better predictors. For exampielativeabundances of breeding forest birds in New
England forests were better predicted by leszalle variables (forest stand structure) than
standscale variables (cover type or sizasd of treesDeGraaf et al. 1998 Similarly,

Betts et al(2006c)found that site occupancy of a suite of songbird species depended more
on finescale variables than coarseale variables for most species, but that landscape
configuration alsglayed an important rolaVhen considering the needs afkpecies,
microhabitat featureshouldnot be ignored. Diversity of breedirigrestbird species is
reliant on the vertical structures of forests, or forest sthddé@Arthur & MacArthur 1961)

As such, feld study of finescale habitat features should be included to better understand

bird-habitat relationships prior to engaging in predictive modeling for conservation.



It should be cautioned that although many studies compare the effects of scale, some
nedect to quantify the operating scalesnd terms are not equivalent between studies

example, there seems to be little agreement on the size impletiyn d s c avpieh s cal e
has been used to refer to areas as smallhegRichmond et al. 2012}0 500 ha(Taylor

& Krawchuk 2005) and even as large as 8000(Boom et al. 2013)In this thesis, | use

the local or stand scale to describe ¢kelogical neighbourhood immediately around the

bird sighting(0.8 ha,50 mradius circl¢, andassignlandscape scale based on the largest
territory size(MacKay et al. 2014for these SARZ0 ha,250 mradius circle.

1.2. STUDY SPECIES AND CONTEXT

The Rusty Blackbird Euphagus carolinugviiller) Olive-Sided FlycatcherGontopus
cooperiSwainson), and Canada Warbl€ardellina [Wilsonia] canadensik.) are listed
forest landbird species at risk in Canadiéh the Rusty Blackbird esignated as Special
Concern andheother two speles as Threatend@&overnmenbf Canada 2011 Most of
the breeding range for these three migrants falls within Cahadaing over 70% of Rusty
Blackbird and Canada Warbler populations, and over 50% of the-Sitled Flycatcher
population(Blancher 2003) The Maritimes represent the easternmost extérthe range
of these species. Estates from longerm monitoringshow that population declines for
these specidsave been devastatingthe last hakHcentury

The Rusty Blackbird has experience88% global population reduction since 1960t

this declinehas likely been continuing for a century or mf@&eenberg & Droege 1999;
Niven et al. 2004)Since 1968the Olive-sided Flycatcher global populati has declined

by approximatelyy9%, andhe Canada Warbler population has declibgcapproximately

85%. For all three species, annual rate of decline in Atlantic Canada in recent years has
exceededneanrangewide decline by tweo-four times(Environment Canada 2014a;
Sauer et al. 2014Evidence of breeding range contraction has been observed for the Rusty
Blackbird in Maine(Powell 2008) New Hampshir§dDeming 2009) and the southern
boreal forest(Greenberg et al. 20L1EXxtirpation riskmay be highin Nova Scotia

particularly ast is home to a unique subspecies of Rusty Blacklira ( nigran3.



In the eastern portion of their range, all three species rely on forested habitatjacentad

to wet areagAltman & Sallabanks 2010; Reitsma et al. 2010; Avery 2Q4B8ajatural and
managed stand@owell 2008; Robertson & Hutto 2013; Hunt et al. 2014) three
speciesare insectivorous on the breeding grounds, though their modes of acquiring food
differ. Rusty Blackbird forage by wading into shallow water, or fe@u deeper water from

a platform of floating vegetation or deb(Bergtold 1927; Greenberg et al. 2011; Avery
2013a) Olive-sided Flycatchers sally fropercheson tall treedo capture flying insects

and Canada Warblerforage aerially or occasionally on the groundderse, shrubby
habitats(Reitsma et al. 2010)

Thesethreespecies have been receiving increased conservation interest in recent years,
with international research and conservation consortiums forming around them (e.g.
International Rusty Blackbird Working Group; Canada Warbler International Conservation
Initiative) and national and provincial governments and-gmrernment organizations
addressing them in management planning. A number of organizations and researchers have
identified an urgent need to collect data regarding the availability and quality itdthab

(e.g.Hobson et al. 2010particulaly in areas with vulnerable populations.

Given the increased rate of population declines in the eastern part of the range, conservation
in theMaritimes may be important for retaining the existing range of these species. On the
breeding grounds,abitat destructiothroughwetland loss and forestry adties has been
hypothesized as a caudepopulation decline§Greenberg & Droege 1999; Riordan Et a

2006; Greenberg et al. 2011n New Brunswick and Nova Scotia, all three species are
known to occupy wet forest landscapes in both protected areas, as well as szeantof

forest harvesting and managemeht. Nova Scotia, provincial mtected area are
designated based on remoteness, rarity, species richness, restoration potential, and
connectivity potentia{Province of Nova Scotia 2013nd in New Brunswick, theyra
designated based on ecologically sensitive features vulnerable to human activity and
representative or rare ecosystg@svernment of New Brunswick 2012yeither province
establishes protected areaedfically for conserving species at rishkutside of protected

areas, landscapes in these provirfeature high levels of habitat heterogeneity as well as
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extensive active forest harvesting operations, and have been gsabigtattered by
anthropogenic development in recent years (Loo & Ives 2003; Mosseler et al. 2003).
However, they have received relatively little study in Atlantic Canada (but see
undergraduate theses Bgrgher 2011; Harper 2011)ntil now, there has been a lack of
specific and quantifiable farmation regarding finscale habitat associations of these
species in Nova Scotia, nor have there been targeted regional predictive habitat models

(although see Bale et al. in prep)
1.3. RESEARCH OBJECTIVES A ND THESIS STRUCTURE

The main goals of mghesis vere to characterizine-scale habitator theseSAR in Nova
Scotiain orderto suggeshabitatmaintainingforest management practices (Chapters 2 and
3), choose a regionakale modelling method informed by conservation objectives
(Chapter 4), and devgdqredictive models for protected areas to help guide management

planning (Chapter 5).

Chapter 2 begins at the scale of individual forest stands occupied by these three SAR. |
measure and characterize vegetation caver habitastructure inNova Scotiacontrast
vegetationcharacteristichetween sitesccupied and unoccupidry agiven species,ral
compareoccupied sites in areas of recent harvestinghtzse inareas not recently
harvestedl use multivariate methods of analysis and testing of meam®fgparametric

data (including indicator species analysis, -nogtric multidimensional scaling, and
classification and regression trees) to identify vegetatlmracteristicassociated with
particular site treatments for each species. Based on vartableemerge as significant for
each species and site conditiometommendorest managemerstrategieso maintain

habitat featureduringforest harvesting operations.

Chapter 3 amaswes the question: what tools are appropriate for stamade forest
management planning when trying to conserve these three SAR? | characterize habitats
occupied by these three SAR using Nova Sco
System, and test frequency distributions to see if particular bird species aretedsuitia

particularforest groups, vegetation types, soil types, and ecosites more than expected by
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chance. | use FEC data to verify digital spatial layers commonly used in management
planning, and compare classified and reference categories using emoesnand Kappa
statistics. Based on inaccuracies in digital data for wet forest habitats, | sEg@eas a
standlevel management tool that could be integrated into existing forest management

methods.

At regionatto-national scales, modern SAR manageta@ten involves the construction

of species distribution models (SDM) to pr
or abundance across the landscape. In Chapter 4, | classify 128 published SDM algorithms

by conservation objective(s) and predictroatric, and find that the majority of models do

not report an appropriate level of uncertainty with their prediction, which could have
impacts for applied conservation and management. Taking lessons learned from these
models, | develop a novel framewoHat guides the user through SDM selection based on

their conservation objective, while taking into account data type and appropriateness of
model algorithm for their desired prediction metric. | close with recommendations for best

practices to aid users developng robust SDMs to help guide species conservation.

In Chapter 5, | develop regionatale SDMs for the Rusty Blackbird, Olisaded
Flycatcher, and Canada Warbler in national parks in New Brunswick and Nova Scotia. |
choose a hierarchical set aivariates expected to influence habitat selection by drawing
upon habitat associations dexiin Chapters 2 and 3. Using an extenaian point count
dataset from the Boreal Avian Modelling (BAM) Project, | predict population density of
these bird spees in Maritime National Parks using Poisson-liogar regression models
with a branching hierarchy, in conjunction with Dr. Peter Solymos (University of Alberta).
| use these predictions to estimate population sizes within National Parksprapdre
themto regional population estimates to determine if national gadsct enough habitat

to help buffer population declines in the region. This work swgsmitted as a repioto
Parks Canadarobehalf of BAM. Trish Fontaine (University of Alberta) and CErin

Bayne (University of Alberta) assisted with data acquisition and report preparation.

Finally, 1 conclude the thesis with discussion of the management implications of my
findings, and specific recommendations for preventing extirpation of these fleeess
7



from Nova Scotia and New Brunswick. | explore the limitations of my methods, and
recommend future research that should be undertaken to engage in the most effective

conservation for these landbird SAR.



CHAPTER 2 HABITAT ASSOCATIONS IN
NOVA SCOTIA

2.1. INTRODUCTION

On public and private forefinds, sustainable forest management dictates that operators
must balane objectives of timber harvest witwvildlife and ecosystemvalues.
Conservation or protection oBAR is often mandated, either through government
legslation or wood supply certification schem@ecker et al. 2011)To effectively
manage foiSAR, biological informatiorabout the species should be measured lotally
maximizeits reliability, relevance, and applicabilifdurme et al. 2005; Sallabanks et al.
2006; Cumming et al. 2010bJhis is particularly importat for species in decline, as
conservation efforts may rely heavign estimates of the extent of known habitat
(Schlossberg & King 2009)

The Rusty Blackbird, OliwSided Flycatchr, and Canada Warbler are listed forest
landbird species at risk in Canatieat have experienced significant population declines
(Government of Nova Scotia 2007; Government of Canada 2011; Environment Canada
2014a) The Committee on the Status of Endangered Wildlife in Camadaassessed the
Rusty Blackbird as special concé@OSEWIC 2006)and the Olivesided Flycatcher and
Canada Warbler as threate{@DSEWIC 2007, 2008)n the Southwest Nova Biosphere
Reserve (SNBR) all three species are known to occupy wet forest landscapes in both
protected areas as well as areas of active forest harvesting and manalglermgof these
landscapedeature high levels of habitat heterogeneity as well as extensive forest
harvesting operations, and have been substantially altgradtbropogenic development

(Loo & Ives 2003; Mosseler et al. 2003).

In Nova Scotia, protecteteas cover roughly 12% of the landmassl the national parks
components of these aszreinsufficientto maintainregionalpopulatiors of these three

speciegWestwood et al. 2018Chapter 5) In order forpopulations otthese species to
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recover, they will need to persist in landscapes undergeangpus levels of forest
management. However, in much of Nova Scot&uralforest dynamics are driven by the
creation of small gaps resulting from low fire frequency and/or relatigeigll and
sporadidnsect outbreak(Neily et al. 2008)As such, songbird communities in these types

of forests may be sensitive to the changes in landscape structure thatroestitrest
harvestingpractices, the scale of which differs considerably from local natural disturbance
regimegTaylor & Krawchuk 2005)By directly linking tools for measuring species at risk
habitat to forest inventory measures, it is possible to facilitate conservation and monitoring
efforts within existing forestry protoco(®syllakis & Gillingham 2009)Occurrence of a
species in a given habitat is linked to forest vegetation structures. Understanding these
specific featuress important to help predict and mitigathe impacts of timber harvest
(Marzluff et al. 2000; Sallabanks et al. 2006)

Very little information about the response of thesBAR to forest harvesting and
management practisés available(but seePowell et al. 2010a; Robertson & Hutto 2013;
Hunt et al. 2015)and nondias been collectdd eastern Canada. Although not explicitly
tested forest management on the breeding ground$yisothesized tasignificanty
contribue to population declines fahese specie@COSEWIC 2007, 2008; Environment
Canada 2014b)in PennsylvaniaBecker et al. (2011found strong declines i€anada
Warbler abundance over 14 years, corresponding with a reduction in area of mature
deciduous and mixed forest, and an increase of clear cut and early seral stage vegetation.
From 19982000,Harrison et al. (2005eportedocal extinction of Canada Warblers from

an expemental forest undergoing harvestimgpwever, it is unclear if these trends doe

to harvesting or regiewide declines in abundance. Despite recent efforts to evaluate these
species at broader spatial scales). Haché et al. 201¥Vestwood et al. 2015¥pecific
habitat requirements are unknovwier most of their Canadian rangdova Scotia, the
easternmost extent of the ranggy support a unique subspecies afs® Blackbird(E.

c. nigrang, making it particularly mportant to determine regionalgpecific habitat
information(Godfrey 1986althoughgenetic evidence for this sygmpulaton has not been
documentedobson et al. @10supported a separate flyway for populations breeding east
of the Appalachians).
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2.1.1. Habitat structure and patchiness
Vegetation structure generally refers to the horizontal and vertical distribution of canopy
elements, and influences species distrdyu and abundance through the creation of
microclimates and microhabitai§odz et al. 201Q)Forest vegetation structure has long
been thought to play an important role in determining bird species diversity, explaining
morevariation than vegetation composition ald¢MacArthur & MacArthur 1961)Forest
vegetation structure is commoniged when describing songbird communities, particularly
as a predictor of species richness and dive(sigikkinen et al. 2004; Sallabanks et al.
2006; Goetz et al. 2007; Psyllakis & Gillingham 2Q09)

For a particular species of concern, it is necessary to derive spgmeesic structural
features associated with habitat use @agtz et al. 2010)n Maine and Newampshire,
Canada Warbler abundance was better explained by vegetatiamtesig@and structure than
cover type, with the highest abundances predicted in early seral stage (loe€3taaf et

al. 1998) Structural #ributes of territories have been characterized for Canada Warbler in
New HampshirgReitsma et al. 2013nd Alberta(Hunt et al. 2015)Canada Warblers
also show enence of clustered distributions (Len Reitsma, unpubl. data), suggesting
suitable habitats may have to extend beyond the size of a single tg@itbtya to 0.75,
COSEWIC 2008) However, as they have much larger territory sizése ecological
neighbourhoos (Addicott et al. 1987}hat Olive-sided Flycatcher and RusBfackbird

occupy morelikely consist of norcontiguous patches in a heterogeneous landscape.

The variation of structure within forest starfdss been thouglih sone caseso be more
important than variabilitypetween cover typas determining habitat suitability and use
(DeGraaf et al. 1998; Hurme et al. 2005). For many songbird species, especially those with
large territories, resources will be distributed uneyackoss the territory. Sonpatches

will be useful for foraging and nestingnd otherswill not. If vegetation is patchy and
heterogeneouscross the territory, structural variation is high, whereas homogenous

vegetation results in low structural varati(Bleho 2009)

Understanding the scale at which vegetation characteristics are most strongly associated
with bird life processes is important for managem@&ithnond et al. 2012)Patchiness
11



(or variability in forest standd)as been considered at the landscape scale, particularly in
the context of large natural disturbances @ajpmiegelow et al. 1997; Niemela 1999; Lain

et al. 2008)but rarely within territoriegzor interior forest swamp speciesRhode Island

total habitat availabilitywas thought tde moreimportant than patch size, with species
focusing their usen very small patches (<1 ha) withirhaterogeneousindscapgGolet

et al. 2001) At fine scales, whin-habitat characteristics become important, such as
horizontal heterogeneity or vegetation height and composf{BdmningGaese 1997)
Smaltscale patchiness may be particularly importarstonthwesteriNova Scotiawhere

the natural disturbance regime is dominated by small gap creatmithe topography is
variable leadingto a diversity of micrositegNeily et al. 2003) Whereas vegetation
structure isawell-documented predictor for the occurrence of many species, variation of

vegetation suctureacross a territorftas beemessstudied

| aimed not onlyto characterize the vegetation cover and structure in sites occupied by the
Rusty Blackbird, Olivesided Flycatcher, and Canada Warbler in the Southwest Nova
Biosphere ReservéSNBR), but alsoto capture the variation across individisiles to

better understand thiele of habitapatchines$or these specie3he SNBR consists of the

five southernmost counties of southwestern Nova Scotia, and includes large protected areas
and areas undetimber managementMy objectives were td1l) characterizehabitat
occupied by these three species inSNBR, both in terms of vegetation compositiamd
habitat structur@ndits variability, by comparing occupied habitatunoccupiechabitat;

(2) comparecharacteristics of occupied habitat in a landscape matrix of forest harvesting
to that in nonharvest matrices, and3) determine whether general management
recommendations can be formulatedctimsere common habitat needs tifesethree

species.
2.2. METHODS
2.2.1.  Study area and focal species

The SNBR, a UNESCGQdesignated biosphere rege, coversl 546374 ha and includes

the five southernmost counti esUNBSCOROAN a Sco
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Figure 2.). Its forestsare located inhe south mountain, rossignol, lahave drumlins, and
western barrens ecodistricibthe westerrecoregionNova Scotia Department of Natural
Resources 2003Yhe area supports a predominantly coniferous forest with associations of
pine, spruce, and hemlogkleily et al. 2008) Areasof moist to wet soils disturbed by
hurricanesserve as the substrate forests dominated by red mapl&cer rubrun) and

black spruceRicea mariany On less wet sites, associations of eastern hemibslga
canadensi}y red spruceRicea rubeny and white pineRinus strobusoccur. The SNBR
includes several major towns and many small communities, as well as large land holdings
devoted to forest harviesg. It also includes extensive protected areas, the largest being

Kejimkujik National Park and the Tobeatic Wilderness Area.

The Rusty Blackbird breeds in swamps, wooded bogs, and along the borders of lakes and
streamqGreenberg & Droege 1999; Powell et al. 201 @itdcingnests predominantly in
conifers 13 m high (Matsuoka et al. 2010b; Powell et al. 201@a)ooth natural and
managed stand®owell 2008. Olive-sided Flycatchers predominantly occupy sites near
patches of early seral vegetati@itman & Sallabanks 2010)n Nova Scotia, thegccur

in treed wetlands, along natural and anthropogenic forest edges, and in open aomesemi
foreststhat are dominated by conifefsargher 2011)Nests are locatedalg the midto-
upper branches coniferous trees slightly shorter than the surrounding caidppn
1920) The Canada Warbler requires a wadlveloped shrub layéReitsma et al. 2010)
and can also be locally ahdant in regenerating forests (i.€.,36 years postisturbance)
following anthropogenic or natural disturban¢eambert & Faccio 2005)Though found

in a variety of forest type#, its eastern rangéhe Canada Warbler is most common in wet

mixed foresi{Reitsma et al. 2010)
2.2.2.  Site selection and bird surveys

As information on the target species at risk was limited in the SNBR, it was necessary to

increase thenventoryof detection sitesTo maximize the likelihood of locating birds when

surveying new locationg,constructed preliminary habitat suitability index (H8lodels

to guide ground survey® areas of potentially suitable habif@iirpak et al. 2008)

Suitability indices, derived from literature review and expert opinion, were assigned to
13



Geographic Informain Systems (GIS) layermescribing key environmental covarigtes

with analygs conducted using ArcGIS 10.2Bsri Inc. 2014)Polygons were calculated

with HSI values rangindpetween 0.0 (habitat not suitable) and 1.0 (habitat of maximum
suitability; detailed methods available\Westwood2012). Final models were divided into
aeas of high, medi um, and | ow suwragedskai | ity

composite.

Detection surveys (pnt counts and playbasksurveys were conducted from Apdilly
2012 and 2013 in randomly selected polygons of high suitabtléminimum of 10 han
the composite HSktratified by ecodistrict and management type {harvest for matrix
versus areas in a harvest matrir)eachpolygon | establishedhree survey plots at least
250 m apart an dor6theddscontinuity alsmsurmeyatbzaiahswith
previous detections made byher observers, anthadeopportunistic playback surveys
(not accompanied by point counts) locationswhen mtentially suitable habitat was
encountereckn routeto designated surveyolygons(e.g. roadside, border of naarget

wetland).

Surveyswere conducted between sunrise and 1130h in fair weather conditions (no rain and
wind <30 km/h). Each survey considtef a 5min unlimitedradius point count followed

by a30-s playback for each specjasterspersed bg-min listening periodsif the target
species wa detectedits listening period was extended to 5 mibBistanceand direction

was noted to adjust UTMoordinates to reflect actual bird location. In total, 337 surveys
were completed, with Rusty Blackbidetectedat 25 locations (19 novel detectiong)ere

the birdwasnot previously found), Oliwsided Flycatcher at 68 locations (42 novel), and
CanadanVarbler at 32 locations (15 noveAll field personnel and survey methods were
certified under the Dalhousie University Animal Use Protd@031Mandatory Training

for Wildlife.

My detectiorlocations were combined withosefrom other sources since @8 including
the Maritimes Breeding Bird Atlas, labatoryof Dr. Cindy Staicer (Dalhousie University),

and other naturalists and ornithologists. Observations were filtered to remove spatial
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overlap(observations of the same species in the same locadiadentify uniqueknown
bird locations.

2.2.3. Habitat surveys

A subset of bird detection locations was selected for vegetation surwesed aandom

stratified design to seletcations digibuted across ecodistriend two treatment types:
occupancy antharvest conditonFor occupancy, sites were ei
orunogcupied f or a gi ven s pe onlydheRustyeBlagkbirdwass i t e

|l ocated would be O0o0cc¢upinedd 66 unmyo cRwopti v dBI| d ©
specied All sites surveyed were occupied by one of the three $faR/est conditionvas
assigned based on 20@913s at el | i t e i magery, with o&édharve
harvesting distur banhcaer vweistthimatX i kK&, saneés o6
harvesting activity within 1 kmThis was done to capture sites where a harvested condition

may occur within the territory of the bird (or larger use area for conspecifics, in the case of
Canada Warbler)Due to higher numbers diird locationsin sometreatnentconditions

than others, equal sample sizes were not possible in each Yemegiation surveys were

carried out at 98ites chosen frorbird locationsin July and August 2012 and 201&t

each site, a vare-radius forest inventorglot was establised using a prism (basal area

factor 2,as specifiedn Nova Scotia forest practices guidelinglsGrath 2013at the GPS
coordinates ofthe detection(or the most likely nesting habitat within 50 m of the
coordinatesf detailedlocationinformation was unavailable). Trees within the pridiot p

were classified according to canopy position (dominartjarinant, intermediate, or
suppressed)lree pecies status (alive or dead), diameter at breast height, height of stem,

heightof bottom of the canopy, and an index of health were also retorde

From eachinventory plot, two 50m transects were sampled to capture variation across
site. Transects were orientatla minimum 90°anglefrom one another, ia randomized
directionin potentially usable habitat for the target spe(eg., not diredy into the centre
of an open wetland or open clearcuigstablished &getation plots a0-m intervals along

each transect, including the centre poiat a total of 11 plots pesite
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At each vegetation plot, foeoncavelensiometer measurements ev&aken in each of the
cardinal directions andveragedo provide a measure of canopy coy&ennings et al.
1999; Parker 2014)o capture structural complexity in the lower strata, peloenteaf
coverwas estimatedor the shrub layer (shrubs and regenerating trees,.2% m),
herbaceous layer (plants <0.25 m), and ground layer (byyeg, lichens, litter, and
substrate)Fern measurements were included in the herbaceous Fayehe shrub layer,

species, height and percent cover of all plants occupyB@g of a 4m? quadrat (2m x 2

m) was recorded. AEQGdkfioeusg hii wNboovday Sschortui basé sa n d

trees usually lessthan@ hei ght , but @elgea ali2z0ld)hdsédya t al
larger margin to capture regenerating trees suitable for Rusty Blackbird nesting in the shrub
layer. For the herbaceous layer, the species artkpt cover of all plants occupying at
least 5% of a In? quadrat was recorded. Finally, all items occupying >5% of the ground
layer of the 1m? plot were recorded (e.qg. litter, coarse woody debris, mud). Plants were
identified to species where possibtepugh sphagnum, some sedges, some asters, and

some graminoids were only identified to genus or family.
2.2.4. Statistical analyses

Measurementfor the 11 plotsper sitewere averagedo calculate site meanStandard
deviation of the 11 plots was calculatezlam indicator of withirsite heterogeneity, or
habitat patchinegSorenson 20025tandardleviation was usedther than theaefficient
of variation whichonly characterizes relative heterogeneaitydmay not capture structural

differences important to passerir{@eho 2009)

| collected information orthe mean and standard deviatioh 188 habitat variables
(including composite variablesuch as ALLFERNS totd fern covej ateach siteThe
188 variables were included in two datasets: one including site means, and the other
standard deviations for each sitecdmpleteddata reductionn three iterative steps:
exploratoryanalysis, multrariatetesting and betweengroups hypothesis testing. In the
exploratory analysis phadeeducel the 188 initial variables teliminate highly correlated
variables| usedindicatorSpeciesAnalysis (ISA;Dufrene & Legendre 1997) determine
which ofthe188 initial variables weragnificantly associated with a particulaird species
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or treatmengroup(occupied vsunoccupiedharvest matrix vanon-harvest matrix)ISA
generates an index of association with a particular group, termed an indicator value (V).
A perfect indicator for a given treatment would be faithful (always present) and exclusive
(not present irother treatments). ISA evaluates variables by the standards of a perfect
indicator, assigns an IV, and tests theskiesfor significance by comparing them to IVs
generated from randomized subsets of the @dtZCune & Grace 2002\ ariables that

did not emerge asgiificant from the ISA, or were not deemed biolodicamportant

from review of thditerature and expert opinion, were removed from analysis or combined
into compositeclasseskor example, percent cover of individual bryophyte species that did
not emerg as important (e.gPleuroziumschreber; Dicranum polysetuinwere re
classified into the summary variable MOSS, and the original variables for each individual
species discarded from analyg®enaining variables were assesseing factor analysis,

and Ifurther removed or reclassifiedriables with high correlations low explanatory

power.

| retainedvariables that emerged as statistically important, along with thb&aown
biological importance for the species from review of the literature aedviatvs with
experts The mears and standard deviations od Habitat variables were retained for
multivariatetesting(Table2.1).

With a reduced suite ofbvariables,| examinedmultivariate differences betwearoups
usingmulti-response permutation procedures (MRB&yy & Mielke 1984) MRPP is a
nonparametric test for multivariate group differenc@dcCune & Grace 2002)I
relativized the data by column total, ensuring both standard units between variables and to
maximize the influene of proportions rather than absolute numbers (relative rates of
change being more appropriate than absolute rates of change when some variables are
observedin much higher abundance than othekdcCune & Grace 2002)Using a
Sorenson distance measure on relativized @eteSorason distancés less sensitive to
outliers and peforms more evenly acros$atasets with different levelsf underlying
diversity, McCune & Grace 20021 comparednears and standard deviations lwdbitat

cover and structuneariablesacross treatments (occupied wsoccupieditesfor each bird
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species;harvest matrix vsnortharvest matrix for each birdpecies;and pairwise

comparison betwedhethree bird species).

| usedISA onthereducedrariable set (BvariablesTable2.1) to identifyhabitatvariables
whose abundance and frequency were associated with a patiictifgrecies otreatment
ISAs were conducted usitp99 randomized Monte Cartans.To comparanears and
standard deviati@of relativizedvegetatiorcover anchabitatstructurevariablesfor each
treatment | computed nometric multrdimensional (NDMS) &ling (Kruskal 1964;
Mather 1976)using Sorensen distance measuf(®cCune & Grace 2002)A random
starting configuration was provided, with 250 runs of real data and 200frtarsdomized
data. Ordination output was inspected for visual clustering between labelled groups

(species).

Finally, the variable set was further reduced to two final datasets for betragrs
analysis (1) 21 variables for cover and stand densépd(2) 9 tree and shrub heights
(Table2.1, fields marked with an asteriswith shrub layer variable cover being used in
the first dataset, and heights in the sedohdetained variables thahet any of the
following criteria: easilymeasurable composites (e.g. total moss covedentified as
significant indicators obccupied siteby ISA, or of known biological importance fone

or more bird specieJhe final variabledata setvas intendedior usein timber cruises and

other forest management planning activities.

To develop measurabtguidelines for classifying potential habitat on the grounased
classificationand regressiotrees(CART), which partition treatments by the predominant
features of their group$:or each species, the target group was occupied siteshand
independat variables were recursively partitioned using the Gini method to determine the
best explanatory treeMcCune & Grace 2002)Crossvalidation was applied with 25
sample folds per analysis. Cregdidation was used rather than bootstrapping due to the
relatively low sample sizeFor all three species, model growth was completed with a
minimum parent group size of 30 and a minimum child group size of 6. The tree was limited

to 4 levels and not pruned. Finalindividual habitatvariables were compared between
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occupiedandunoccupiedsites for each species, as well as between sites occupied by the
three species using MaiWhitneyU-tess.

For CART and ManAWhitneyU-tests | usedin SPSS 21.Q0IBM Corporation 2012)For
ISA and NMDS | usedPC-ORD 5(McCune & Mefford 2005)Due to the high number of
variables and tests usddset the gnificance leve t U temirimize the likelihood
of Type lerror.

2.3. RESULTS

In 2012 and 2013 assessed the vegetatiof©®9 wet forest sitespanning 5 ecodistricts,
occupied by one or more of three landbird species at 3iglsifes @cupied by Rusty
Blackbird, 45 by Olivesided Flycatcher, and 38 by CanadarkVer; Table 2.2. Although
overall comparisons between ecodistricts of badlbitat variablemears and standard
deviations showed significant differenqed) = T#&bleD3), only 4 out of 20 pairwise
comparisons revealed significant differen¢esodistrict 720 vs740 and 740 vs760;
Table2.4). As a result of small sample sizes ack ecodistrict] judged thatcodistricts

were similar enough to be assessed together.

MRPP showed significant differences for botlears and standard deviations ludbitat
variablesfor all three birdspeciesvhen comparingites occupie@nd those nabccupied

by a givenbird specis (Table2.5). When sites were comparbg harvest condition, both
mears and standard deviations of vegetation responses were significantly diffeeamt (

A = 0.005Q P = 0.006;SD: A = 0.0063 P = 0.002). However, when comparing sites
occupied by each individlh species by harvest condition, no differences emerged
(Table2.5).

2.3.1.  Species-specific habitat associations

ISA was used to examine tii@thfulness and exclusivitgf habitatcover and structure
variables to occupied anohoccyiedtreatmentgor each species. Sites occupied by Rusty
Blackbirds were indicated by highrelative frequency and abundancenoéancover of

MUD and WATER, whereas higmeancover of DECSHR and SHRTOT was associated
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with unoccupiedsites(Table 2.6). Occupied sites were also indicated by hstgindard
deviation of MUD, WATER, and AQUVEG. Whenhabitat variables Figure 2.2;
Figure 2.3) were compared neparametrically, the oglvariable exhibiting a significant
difference for Risty Blackbirdwas WATER U = 887.5,P = 0.01), which was higher on

occupied sites.

ISA showed tha®live-sided Flycatcheoccupied sites wenadicated by TREES<5 m and
SNAGS<5 m, whileunoccupiedsiteswereindicated byneanCANOPY and ILEVER, as
well as standard deviation of MAICABNd ILEVER(Table 2.6). K-W testing of means
showed thaOlive-sided Flycatcheoccupied sites were associated with lower CANOPY
(U=735,P=0.002), higher SBAY = 811,P = 0.005), and lowemeanDECSHR height

(U =828,P =0.009).

Finally, variablemears that were ghificantly indicative of occupied sites for Canada
Warbleroccupiedwere OSMCIN, ALNINC, CANOPY, ILEMUC, and SPHAGNUM.
Standard deviations significantly associated with occupied sites included OSMCIN,
ALNINC, TOXRAD, andILEMUC. Unoccupiedsites were asstated withhighermean

and SD of DRYFER, andSD of CANOPY. Canada Warblarccupied sites had
significantly more CANOPY covelJ = 679,P < 0.01), highermeancover of OSMCIN

(U =684,P <0.01), highemeancover of ALNINC U = 641,P < 0.01), and highemean
DECSHRHT (U = 634,P<001).

CART analysis was used to identify site conditions association with occupancy by each
species. The model predictedoccupiedsites well for the Rusty Blackbir®@%% correct),

but only correctlypredicted occupied sites #1% of cases, for an overall success rate of
75%. Rusty Blackbird occupancy was primarily explained with water cover, as all sites
with >11%meancover of WATER were occupied. For sites with a lowerancover of
water, a higher proportion of remainingcopied sites were associated with a lower cover

of PICTOT (40% of sites with <5.5%eancover of PICTOT were occupied, as compared

to 6% with >5.5%meancover of PICTOT).
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Occupancy of Olivesided Flycatcher was associated with site havingganSBA <= 13

m?2, with 70% of sites exhibiting this feature being occupied. For sites that had a higher
stand basal area than this threshold, all sites with >5.2 TREES<5 m were occupied.
Unoccupiedsites were correctly predicted in 76% of cases, and occupied sitestlorr

predicted in 78% of cases, with overalbdel classification success @%.

Canada Warbleoccupied sites were associated with OSMCIN cover, as 66% of sites with
>7.5% OSMCIN cover were occupied (as compared to only 20% of sites below this
threshotl). For sites with >7.5% OSMCIN cover, likelihoofloccupancy increased with
number of deciduous trees >5 m. Of sites with >7.5% and >0.9 DECTREE>5, 80% were
occupied by Canada Warbler. The model classifiedccupiedsites correctly in 90% of

cases, andccupied sites correctly in 63% of cases, for an overall success rate of 80%.
2.3.2.  Comparisons between harvest treatments and species

When testing harvest treatmeriits significant associations using ISA, there wére
habitatcovermears significantly indiative of harvest condition for arbjrd species. The
exceptions were KALANGmeanand standard deviation being significant for Rusty
Blackbird-occupied sites in harvest matrices, and SHRTOT and TREES<5 being

significant for Canada Warblerccupied sites iharvest matricesT@ble2.7).

In general, when comparing all siteg harvest treatmenising ISA thosein harvest
matrices were significantly indicated bygears of KALANG, ACERUB, debris, and
CONK<5, as well as standard dewstti of KALANG, DEBRIS, SHROT, ACERUB,
DECSHR, TREES<5, CON<5, VIBNUD. No particular variables emegagedignificant
indicators of sites inon-harvest matrice$Vhen sites occupied by each of the three species
were compared to each othesing MrPPR significant differences emerged overall for
mears and standard deviationEaple 2.8; Table 2.9). When compared pairwisajears
between @nada Warbleand the other two species significantly differedrisanhabitat
cover, with Ginada Warblediffering from both Rusty Blackbird and Olive-sided
Flycatcherin standard deviation ohabitat cover. Qive-sided Flycatchemnd Rusty

Blackbirddid not significantly differ.
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When sites occupied by three species were compared to one another using ISA, Rusty
Blackbird sites were associated with a suite of forest steistariablesywhereagOlive-

sided Flycatcher ws were significantly indicated bymean cover of GAYBAC

(Table 2.10). Canada Warblenccupied sites were significantly indicated by cover and
standard deviation of VIBNUD.

NMDS converged on a-@mensional solution, and ordinatishowedno clear grouping
between sites occupied by each of the spedigguie 2.4). The final solution was
significantly different than that which could have been obtained by chance for both
dimensions (axis 1: data mean = 48.1, randomized mean?4.Q,01; axis 2, data mean

= 27.0, randomizethean 33.8P < 0.01).

2.4. DiscussionN

In general, relative abundances of breeding forest birds are better predicted by forest
structure than cover type or size class of trees (e.g. birds in New England oe€ataaf

et al. 1998) However, inmy study, habitat variables reflecting both vegetation and
structure emerged amportant, including particular plarspecies as well as structural

featuressuchas stad basal area ar@hnopy cover.

Differencesemerged between occupied and unoccupied sitahdse thre&SAR in wet
forest habitatdMud and water were important iness occupied by Rusty Blackbjr@hich

has been documented in otlhegions(Matsuoka et al. 2010a; Powell et al. 2010a; Avery
2013a) Unlike other studies, oiferous trees in the shrub layer and small conifers in the
tree layer did not emerge as significant, and sites with lowerftetplencyand cover of
spruce trees were more likely to be occupiHtk latter may have been a productof
forest inventorymethod (variable radius prism plot), which includes fewer smesist if
they are at low density, as well as the effect of sampling across a larger transect rather than
focusing only on nest sitekligh deciduoustsrub cover was associated with unoccupied
sites for both Rusty Blackbirds and Olisgled Flycatchersresults consistent with
coniferous forest habitat associasarported in other parts of tinerange (Altman &
Sallabanks 2010; Avery 2013b)
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Sallabanks et al. (2006pund canopy cover to be an important proximate structural
mechanism drivinghedistribution and abundancé Olive-sided Flycatchersn my study,
canopy cover was importaftdr both Olivesided Flycatcheand Canada Warbler, with the
former being associated withoreopen canopieanda higher stand basal area, indicating

a patchy, open condition tdrgertrees while Canada Warbleoccupied sitesdd higher
canopy coverage. Capturing structural complexity in the lower strata is particularly
important for Canada Warblefsambert & Faccio 2005; Hallworth et al. 2008b; Reitsma
et al. 2013) High shrub stem density is critical for breeding Canada War{ftwskhart

& Range 2007; Hallworth et al. 2008#hough in Nova Scotia cinnamon fd@smunda
cinnamomep in conjunction with dense shrubs may provide a similar role, like
rhododendrons in the southern extent of their breeding r@gjesma et al. 2010Hunt

et al. 015)found higher shrub density in observed locations as compared to unused
locations, which was consistent withy results.My results also indicated a mixedwood
condition based on the presence of deciduous shrubs and trees.

As my habitatmeasurementdid not differ significantly between occupied sites in harvest
vS. nonharvestmatrices structural and vegetation features important for habitatiese
retained in the context of forest managemsites occupied by focal species in haredst
landscapesncluded leave patches and buffers around clearcuts, containing remnant
wetland edges anghharvestedvet forest habitastripsadjacent to disturbed are&@ther
studies have documented the use of both managed and unmanaged areas fuediesse s
(Powell et al. 2010b; Hunt et al. 201Rusty Blackbirds may eglly prefer to nest in
managed and unmanaged landscdpesvell et al. 2010b)Canada Warblers have been
documented tdoe equally abundant in both shelterwood and clearcuts, particulady in
matrix including mature fores({King & DeGraaf 2000) They have also been fourmul
higher densities in postarvest areas than postfire areas, presumably due to affinity for
a dense shrub lay@dobson & Schieck 1999)

To maintain occupancy in managed landscapes, harvesting practices need to ensure
maintenance and/or creation of favourable structural habitat conditiantbert & Faccio

(2005ps extensive stewardship guidelines for
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retaining areas of high shrub density, understaslfage (including ferns)and a
structurally complex forest floor. However, for all three species, habitat associations
change across theranges (for regionspecific habitat descriptions, sedtman &
Sallabanks 2010; Reitsma et al. 2010; Avery 2043) as sucmanagement prescriptions
need to be regionalized.

On a landscape scalervested landscan support a broad array of bird spedBecker et

al. 2011) As Olivesided Flycatchers forage from the edges of older stands into open
wetlands or cleacuts, this species may persist fragmented landscapavheremature
forest is juxtapose with early seral stagedDéGraaf & Yamasaki 2003)n natural
conditions,where Rusty Blackbirds us muddy open areas adjacent to wet forest for
foraging,identifying and managing the necessary degrd®bfitat heterogeneityay be

an important component of retaining these species on the land&tapabers 1999)

In the Nova Scotian context, maintenance of wet forest areas may be prateceddging
early seral stage habitat. In the SNBR, all three species areaasdogith wet areas and
wet habitat featuresWhen habitat variables were considered together, the combined
habitat responsdid not significantly differbetween Olivesided Flycatcher and Rusty
Blackbird, and both species use wet conifersitess Consening these species in tandem
may be possiblaslong askeyindividual habitat need®.g. areas of mud and open water
for Rusty Blackbirgd mature coniferougdgesfor Olive-sided Flycatchej are metand

prioritized in themanagemerapproach

Horizontal \ariation in habitat featuse as measured by theitasdarddeviation was
frequently important for Canada Warbler, and significantly different from that of the other
two speciesThis suggests more heterogeneous structure across th&hsitas likely
related ¢ the differenterritory sizes: Canada Warbler territory sizesagproximately 1
ha, with size depending on habitat qua{Reitsma et al. 2008; Hunt et al. 20,1&hd the
100-m transectlistance acroghe landscap@herel measuedhabitatcharacteristicenay
haveexceeded an individual territgrguggesting morbeterogeneougatches across the
site in areas adjacent to the territddn the other hand, Oliveided Flycatchers and Rusty
Blackbirdshaveterritoriesor home range$0-20 ha in size(Altman & Sallabanks 2010;
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Powell et al. 2010aAs their teritories greatlyextend beyond a 5@ radius they will be
patchy, and may include smallerixedwood wet forest components suitable for Canada
Warbler.

At present, cutting regulations in Nova Scotia mandate retaining small leave patches (10
trees per hectare cut), clustd near the edge of the cut, and riparian buff&0-60 m
depending on the width of the watercouiBeovince of Nova Scotia 2002)o encompass
nesting habitat of all three species akri recommend riparian and wetland buffers be
extended taminimum of100 m around cutshough 250m would be preferable to include

one or more completerritories, minimize crowding, protect from upland predators, and
limit edge effectsRPowell et al. 2010b)Vet forest areas are not currently protected by law,
but are often poor operating environments for harvestitapitat features identified as
important for thesdrusty Blackbird and Canada Warb(erg. mud puddles, open water,
cinnamon fern,complex ground structure) could be compromised by the impact of
harvesting machinery on soils. Under current buffer regulations, trees and snags identified
as inportant for the Olivesided Flycatcher would be removed from the landscape in and
around wet areagxisting leave patches would likely not be large enough to retain habitat
for these species, particularly the Olisided Flycatcher and Rusty Blackbird, avare

using predominantly treed areas with openings wighi@rger forest matrix

For Canada Warblersn Alberta preserving riparian buffers is thought to bere
importart than mainaining residual patches for mitigating effects of forest harvesting
(Hunt et al. 2015)Given the similarities in wet forest habitat near claats for the other
two species, this seems likely true for Ofsided Flycatchers and Rusty Blackbirds in the
SNBR. Conserving or managing for ttwo species with larger territories may some
landscapesapture Canada Warbler habitats within, though ground verificatiotdvioeu

needed to assefw habitat features specifically associated with Canada Warbler

Althoughmy study suggests that occupied sites in managed and protected forest landscapes
have fewvegetatiordifferenceghat are finportant for the three specjehis does not mean
the habitat isequally suital#. Habitats in managedlandscapes mape functionaly
differert in waysthat reducefitness. In New England, Rusty Blackbird nekisnd in
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harvested sites<R0 yearssince cutting were concentrated in morapland terrain and
contained less standing water, which is known to be an important source of invertebrates
for feeding(Powell et al. 2010b)RustyBlackbird nests in harvested areas are more than
twice as likelyto fail, predominantly due tpredation(Powell et al. 2010b)ncreased nest
predation, as a result of forestry practices, may be a significant factor for bird populations,
particularly wha it facilitates access by generalist preda(Drarveau et al. 1997)

The ecological trap hypothesgosits that organisms experiencing lower sucaesme
habitat type will not perceive differences in success at the time of selection, and
preferentially choose the poorer habpilard et al. 2007) A equatpreference version of

this hypothesis has been suggestedofiih Rusty Blackbirdand Qive-sided Flycatcher
(Powell et al2010b; Robertson & Hutto 201,3uggest that nestin proximity to timber
harvestareboth less productive andss successfubuch effects have been documented in
otherbird species: forest harvesting can result in higher nest predatior{Hat@ger et al.
1995) and increased competition for resources. It can also reduce availability of atthropo
(Duguay et al. 2000)n nearbyNew Brunswick, harvesting has been implicated in longe
breeding dispersal distances for Bldbkoated Blue Warblerendroica caerulescehs

and Blackburnian WarblerDendroica fuscha (Betts et al. 2006b)When aforestry
mediatedecological trap hypothesigas explicitly tested fanterior specief this region,

it was disproveas there were no reductions in productivity for populations in managed
areas(Villard et al. 2012) However,the problem may still be salient for the Rusty
Blackbird and Olivesided Flycatcher given their use of edge habi@gnada Warblers

use interiors and edges, and may also experience an ecological trap eflestnbtng

in postharvest stands have larger range sizes than those in unharvested areas, suggesting
they required a larger area to meet foraging requirenfelotst et al. 2015)However,in
Alberta, fledging succesdid not differ between managed and protected aftdast et al.
2015)

The present study assessed habitat cerigl did not locate nests aronitor breeding
success. As such,camot draw any conclusions abauatlividual fitness in managedr

unmanaged habitatBinally, field study of nestis needed to assess reproductive success
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in managed and unmanaged habitats in the SNBR, as well as assess the impact of retaining
forestbuffers on populations on these spedsther study should bevgn to the effects

of habitat fragmentatiorn(Villard & Metzger 2014) as patch size effects are most
pronounced for interior species and least pronouncestifge specieBender et al. 1998)

Future work should also include population modelingluding sources and sink&sed

on field-collected demographic dat® determine if modified habitats serve as ecological

traps (Donovan & Thompson 2001)
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2.5.

TABLES AND FIGURES

Table2.1 Reduced set ofdbitatvariables measuredt sites occupied bgne or more
of the target specief(sty Blackbird, Olivesided Flycatcherpr Canada
Warble) in harvested areas and Rbarvested areas the Southwest Nav
Biosphere Reserve, Nova Scotia
Vertical
Layer Mnemonic Description
Canopy CANOPY* Cover in the overstory canopyeasuredby a densiometer
% Cover
Ground DEBRIS* Total of downed woody material, including fine and coarse
% Cover woody debris
MUD* Mud, or damp soil/bare ground that would become muddy in
conditions
ROCK Exposed bare rock, including boulders and talus
LICHEN All lichen species
WATER* Open water or puddle
Herbs MOSS All moss species except HYLSPL, HYPNUM, aBBHAG
(<0.25m) HYLSPL Stairstep mossHylocomium splendens)
% Cover HypNUM Hypnumspp.mosses
SPHAGN* Sphagnunspp. mosses
AQUVEG Aquatic vegetation growing in open water
OSMCIN* Cinnamon fern@smunda cinnamomea)
PTEAQU Bracken fernRteridium aquilinum)
WOOVIR Virginia chain fern (Woodwardia virginica)
DRYFER Ferns associated with mesic to dry habitats, excluding PTEA
WETFER All ferns of wet habitats, excluding OSMCIN and WOOVIR
GRASS Grasses (species in famMpaceae)
HERBAC* All herbaceous spés, summed
MAICAN Wild lily -of-the-valley (Mainthemum canadense)
TOXRAD Poison ivy Toxicodendron radicans)
VACTOT Blueberry spp. (esp/accinium angustifoliuip summed
VIOLSP Violets (Viola spp.), summed
JUNEFF Common rushJuncus effuses)
CARTRI Threeseeded sedg€arex trisperma)
SEDRUS Sedge and rush species, summed
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Vertical

Layer Mnemonic Description

Shrub CONSHR* Coniferous trees in the shrub layer, totalled

Layer ABIBAL Balsam fir @bies balsamifera)

0.25

f;m) % PICMAR Black spruceRicea mariang

and PICRUB Red spruceRicea rubens)

Height PICTOT* All spruce Piceaspp.), summed
DECSHR* Broadleaved plants in the shrub layer, summed
ACERUB* Red mapleAcer rubrum)
ALNINC* Speckled alderAlnus incana rugosa)
CHACAL Leatherleaf Chamaedaphne catylata)
GAYBAC Black huckleberryGaylussacia baccata)
ILEMUC* False holly lex mucronata)
ILEVER Canada hollyl{ex verticellata)
KALANG Lambkill (Kalmia angustifolia)
RHOCAN Rhodora Rhododendron canadense)
RHOGRO Bog Labrador teaRhododentbn groenlandicum)
VIBNUD* Wild raisin (Viburnum nudum var. cassinoides)
SHRTOT* All shrub layer plants, summed

Stand TREEHT* Mean height of all trees in forest inventory plot

Density  sBA* Basal area calculated from all prism plots
CONTREE<5* Number of softwood trees <6m tall in all prism plots
CONTREE>5* Number of softwood trees >5m tall in all prism plots
DECTREE<5* Number of hardwood trees <5m tall in all prism plots
DECTREE>5* Number of hardwood trees >5m tall in all prism plots
SNAG<5 Number of standing dead trees <5m tall in all prism plots
SNAG>5* Number of standing dead trees >5m tall in all prism plots

*Variables retained for Kruskalallis and Classification and Regression Tree tests
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Table2.2. Number of sampled sites occupied by Rusty Blackbird (RUBL), ©live
sided Flycatcher (OSFL) and Canada Warbler (CAWA) in each ecodistrict
and treatment class.

Sites Ecodistrict
Species Treatment sampled 720 730 740 750 760
RUBL Total 37 15 3 13 5 1
Harvest Matrix 21 12 2 6 1 0
Non-Harvest Matrix 16 3 1 7 4 1
OSFL Total 45 17 4 15 3 6
Harvest Matrix 26 15 2 5
Non-Harvest Matrix 19 2 2 10
CAWA Total 38 12 5 12
Harvest Matrix 18 3 2 11
Non-Harvest Mattix 20 9 3 1 2 5
Total  Total 99 34 11 33 10 11
Harvest Matrix 54 28 7 9 3 7
Non-Harvest Matrix 45 6 4 24 7 4

Table2.3: Results of multresponse permutation procedure testing for mean and
standarddeviation of 53 vegetation response variables across ecodistricts
A = Chancecorrect withinrgroup agreement.

Variable Number of samples in ecodistrict

Type 720 730 740 750 760 A P
Mean 34 33 11 10 11 0.0157 <0.001
SD 34 33 11 10 11 0.0199 <0.001
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Table2.4: Results of pairwise comparisons from muésponse permutation
procedure testing fameanandstandard deviationf 53 habitatvariables
across ecodistrict®\ = Chancecorrect withingroup agreement.

Ecodidrict Holm-

Pairwise Bonferroni

Responses Comparisons A P adjusted P
Mean 720 vs. 740 0.0120 <0.00 0.003
740 vs. 760 0.0206  0.001 0.005

750 vs. 760 0.0266  0.006 0.048

730 vs. 760 0.0218 0.011 0.074

720 vs. 760 0.0095 0.017 0.101

720 vs. 750 0.0088 0.018 0.101

740 vs. 730 0.0036  0.180 0.718

720 vs. 730 0.0003  0.429 1.000

740 vs. 750 -0.0011 0.548 1.000

730 vs. 750 -0.0035  0.627 1.000

SD 720 vs. 740 0.0141 <0.00L <0.0(L
740 vs. 760 0.0250 <0.00L <0.001

750 vs. 760 0.0309 0.003 0.027

720 vs. 760 0.0123  0.005 0.032

730 vs. 760 0.0233 0.007 0.042

720 vs. 750 0.0107 0.009 0.044

740 vs. 730 0.0045 0.141 0.563

740 vs. 750 0.0025  0.255 0.766

730 vs. 750 0.0040 0.295 0.766

720 vs. 730 0.0004 0.415 0.766
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Table2.5: Results of multresponse permutation procedure testing rfegan and
standard deviatiof 53 habitatvariables forRusty Blackbird (RUBL),
Olive-sided Flycatcher (OSFL), and Canada Warbler (CAYWAmpared
across siteconditions of occupancy and harvest matrolumn title
abbreviations: O = Occupied, UO = Unoccupied, A = Chammceact
within-ground agreement, H = Harvesatrix, NH = Norrharvestmatrix.

_n _n

Species Type O UO A P H NH A P
RUBL Mean 37 62 0.009 <0.001 21 16 0.0027 0.235
SD 37 62 0.0075 <0.001 21 16 0.0040 0.159

CAWA Mean 38 61 0.0131 <0.001 20 18 0.0077 0.054
SD 38 61 0.0124 <0.001 20 18 0.0084 0.037

OSFL Mean 45 54 0.0083 <0.001 19 26 -0.0009 0.555
SD 45 54 0.0067 0.001 19 26 0.0004 0.413

Table2.6: Indicator values (IV) from indicator species analysis (ISA) using the mean
and SD of habitat variables measured for sites occumethe Rusty
Blackbird (RUBL;n = 37, occupied, and = 62, unoccupied), OlivSided
Flycatcher (OSFLn = 45, occupied, and = 54, unoccupied), and Canada
Warbler (CAWA; n = 38, occupied, anch = 61, unoccupied) in the
Southwest Nova Biosphere Reserve. Group identifies whether sites that
were occupied®) or unoccupied (UQhad the maximum indicator value
(IV). Only significant ISA results are shown.

Observed Randomized

Grou
of P v Groups IV
Max Mean

Species Type Variable v O UoO \Y% SD P
RUBL Mean SHRTOT% UO 36 64 53.2 2.46 <0.001

DECSHR% UO 33 64 52.4 3.01 0.002

WATER @] 24 1 10 291 0.001
MUD O] 46 13 31.3 451 0.009
SD MUD O 50 13 329 4.12 0.001
WATER @] 25 1 11.2 3.01 0.001
AQUVEG O 14 O 5.1 2.09 0.006

32



Group
of
Max

Species Type Variable v

Observed Randomized
v Groups IV

Mean
O UuUo v SD

OSFL

CAWA

Mean Canopy uo
ILEVER% uo
SNAG<5 @]

TREES<5 O

SD MAICAN uo
ILEVER% uo

Mean DRYFER
OSMCIN

uo
@)
ALNINC% @)
Canopy @]
ILEMUC% @)
SPHAGN @)

SD CANOPY uo
DRYFER uo

OSMCIN
ALNINC%
TOXRAD
ILEMUC%

56 44 513 1.21
23 0 12.1 3.33
26 61 47.4 4.17
34 60 51 3.15

32 4 19.4 3.47
26 1 14.3 3.53

56 15 39.7 4.25
12 64 36 4.25

7 54 285 43
45 55 51.3 1.24
5 36 21.8 4.13
37 59 50.9 2.69

60 40 52.4 1.99
54 22 42.5 3.67

17 58 37.5 3.77
9 52 29.1 3.95
5 30 18 3.58
9 39 24.7 4.02

<0.001
0.009
0.005
0.007

0.006
0.006

0.004
<0.001

<0.001
0.003
0.004
0.007

0.002
0.007

<0.001
<0.001
0.005
0.006
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Table2.7: Indicator values (IV) from indicator species analysis (ISA) using the mean
and SD of habitat variables measured for sites occupied by Rusty Blackbird
(n= 21, harvest, and= 16, nonharvest), Canada Warbler£ 20, larvest,
andn = 18, nonharvest), and Olivsided Flycatchem(= 26, harvest, and
n = 19, nonharvest) in the Southwest Nova Biosphere Reserve. Group
identifies whether harvesteH) or nonharvestedH) landscapes had the
maximum indicator value (1V). Ay significant ISA results are shown.

Observed Randomized
\Y% Groups IV
Group of

Species Type Variable Max IV H NH Mean SD P
RUBL Mean KALANG% H 70 9 42.2 6.89 0.001
SD KALANG% H 70 9 42.3 6.69 0.001
CAWA SD SHRTOT% H 39 61 53.1 2.41 0.001
TREES<5 H 31 69 55.1 3.89 0.002
ALL Mean KALANG% H 62 12 39.3 4,36 <0.001
ACERUB% H 64 14 42.7 4.82 <0.001
Debris H 63 32 51.2 3.32 0.003
CON<5 H 56 19 40.7 3.91 0.004
SD KALANG% H 64 12 38.8 3.95 <0.001
DEBRIS H 63 34 51.7 2.93 0.001
SHRTOT% H 59 41 52.2 1.82 0.001
ACERUB% H 58 13 38.1 458 0.002
DECSHR% H 60 38 51.9 2.32 0.003
TREES<5 H 60 33 50.1 2.86 0.003
CON<5 H 54 21 40.5 3.71 0.004
VIBNUD% H 36 5 23.3 4,14 0.007
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Table2.8:

Results of multresponse permutation procedtgsts comparingneanand
standard deviatiorof vegetation variables for sites occupied Rysty
Blackbird RUBL), Olive-sided Flycatcher@SFL), and Canada Warbler
(CAWA).

n Chancecorrect
within -group
Variable Type RUBL OSFL CAWA  agreement (A) P

Mean 37 45 38 0.0108 <0.001
SD 37 45 38 0.0134 <0.001

Table2.9:

Results of pairwise comparisomsmulti-resporse permudtion procedure
testscomparingmeanandstandard deviatioof habitatvariables for sites
occupied byRusty Blackbird RUBL), Olive-sided Flycatcher@SFL), and
Canada Warbler (CAWA)

Holm-
Pairwise Variable Bonferroni
Comparisons Type A P adjusted P
RUBL vs CAWA  Mean 0.0133 <0.0L <0.001
RUBL vs OSFL Mean 0.0070 0.006 0.012
OSFL vs CAWA  Mean 0.0050 0.05 0.024
RUBL vs CAWA SD 0.0159 <0.00L <0.001
OSFL vs CAWA SD 0.0090 0.004 0.008
RUBL vs OSFL SD 0.0062 0.027 0.027
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Table2.10: Indicator values (IV) and significant results of indicator species analysis for
mears and standard deviations ledibitatvariableswhen comparing sites
occupied by Rusty BlackbirdRUBL, n = 37), Olivesided Flycatcher
(OSFL; n = 45,)and Canada WarbleCAWA,; n = 38) in the Southwest
Nova Biosphere Reserve.

Species Randomized
of Max Observed IV Groups IV
Type Variable [\ RUBL OSFL CAWA MEAN SD P
Mean TREES>5 RUBL 46 30 23 36.6 1.94 <0.001
SBA RUBL 41 34 24 35.3 1.32 0.001
SNAG<5 RUBL 51 18 18 34.6 3.76 0.001
SNAG>5 RUBL 49 22 12 33.8 3.77 0.001
CON>5 RUBL 43 29 24 35.6 2.01 0.002
TREES<5 RUBL 44 29 22 36.2 2.62 0.004
GAYBAC  OSFL 2 29 7 16.6 3.73 0.006
VIBNUD CAWA 4 1 35 14.6 3.63 <0.001
SD SNAG<5 RUBL 45 20 22 334 3.01 0.004
VIBNUD CAWA S 2 40 17.3 3.65 <0.0aL
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Figure2.1:

The five counties of the Southwest Nova Biosphere Reserve (outlined in
black), with protected areas shaded in greedichted by symbols are sites
sampled for vegetation composition and structure in known locations of
Rusty Blackbird (RUBL;red squars), Olive-sided Flycatcher (OSFL;
greentriangles), and Canada Warbler (CAWAellow circles).
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Figure2.2:  Boxplots showing distribution aheancanopy cover (CANOPY, top row) anteanstand basal area (SBA, bmtt row)
in 99 sites unoccupied (group = 0) and occupied by (grougheRusty Blackbird (RUBLred), Olive-sided Flycatcher
(OSFL; greern, and Canada Warbler (CAWAellow) in the Southwest Nova Biosphere Reserve.
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Figure2.3:  Boxplots showing distribution omeancover of Osmunda cinnamome@SMCIN, top rowy and meanheight of
deciduous shrubs (DECSHR, bottom row) in 99 sitesccupied (group = 0) and occupied by (group th&)Rusty
Blackbird (RUBL, red, Olive-sided Flycatcher (OSFElgreen, and Canada Warbler (CAWAellow) in the Southwest
Nova Biosphee Reserve

39



u Species
= & m RUBL
. 4 OSFL
. . . * CAWA
A H .
B
. A [
s B [ s
1: » 1.
& & & & ‘. l. [ ] *
m N
» im g a |
g & [ ] .A‘l . & ) i " s
o . : * Ai o *e
0 i L] F Y
:é & ’ m %A
= xm A
]
A ]
® e ¢
n wii
L
Fy
& |
Fy
&
&
Axis 1
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(n= 45, green trianglgsand Canada Warblen € 38 yellow cirdes) in the
Southwest Nova Biosphere ReserBnlution generatedy nonmetric
multidimensional scaling using 250 runs from random seed
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CHAPTER 3 GIS AND FOREST ECOSYSTEM
CLASSIFICATION FOR MANAGEMENT
PLANNING

3.1. INTRODUCTION

Forest managersften strive to conseve for wildlife values as part of sustainableest
managemenf(This is particularly true foSAR, whose habitats or breeding sites may be
legally protectedTypically, timbercuttingoperations are planned at using information at
the scale of individudrest stand§1-10 hg, characterized bforest cover contiguous in
species and age, subject to the storest processeasf growth, mortality, and competition
(Neily et al. 2011; Wang et al. 2014)sing GIS layersdescribing forest cover and
disturbancelt is common for stand type to field-verified before cuttingwhichtypically
includesonthe-ground timber cruises and forest ecosystem classific@BR). Forest
management plans that seek to mitigate impacts on SAR typically use GIS modeling of
habitat or direct field surveyassuming that SAR habitat can be adequately identified by

classificationtools used for stardgcale management.

In Nova Scotia, Cartla, conservation planning is ongoing fdéinree federallylisted
landbirdSAR that rely on wet forest habitat during the breeding se@Rosty Blackbirg
Olive-Sided Flycatcherand Canada Warble€OSEWIC 2006, 2007, 2008; Government
of Canada 2011)These species occupy ardhat are protected as well as managed,
including landsin and adjacent toecent forest harvesting. In thiMaritimes, all three
species commonly nest in or neaet foreststo meet their insectivorous foraging
requirementgAltman & Sallabanks 2010; Reitsma et al. 2010; Avery 2013).

Commonly employed iboth forest maagement planning armbnservation ecologyIS

analyses are used for assessing land cfeugrRooney et al. 2012predictingspecies

distributions(e.g. Cumming et al. 2010; Barker et al. 20,ldhddesigning management
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plans for species at rigk.g.Akcakaya 2001; Beazley et al. 2006)S layerghatclassify
forest characteristics can be used to describe habitat preferences for species, which are one
the best ways to predict preserared abundance of bird speci@ffell et al. 2006) In
Nova Scotia, GIS layers describing forest cauail Ecological Land Classification (ELC)
have been used f@AR conservation plannin{Beazley et al. 2005; Cameron & Neily
2008) includingfor these thre&AR (Ferrari 2014 Westwood et al. 2013Bale et alin
prep). However, before engaging in conservation activities based om&l%ed models,

it is important to understand potential sources of error govethigigpredictive inputs
(Rooney et al. 2012pnd how well they can descrilb@bitatfeaturesfor species under
considerationFurthermore, as different taxa interact with their environments at different
spatial extentgAddicott et al. 1987)predictive relationships may be scdiependent.
Suitable GIS layers may not be avhllg or lack sufficient accuracyo capture habitat

featuresat the required scale.

3.1.1.  Sources of error in GIS data for forest management

Despite their common use, GIS dat@ vulnerable to unreliability due to high levels of
error (Bruce et al. 1997)When using these tools for managementarservation, it is
important to know if available spatial data layers are accurate at capturing habitat features
for SAR. At large scalesgcosystemmapping and classifation oftenrely on remote
sensing or phototerpretation However,the best methods alassification only yield an
average accuracy of approximateé®®% (Johansen et al. 20Q7tommonly due to

interpreter error or lack of definition in the images.

For the Rusty Blackbird, Oliveided Flycatcher, and Canada Warbie particular,
characterizingvet forest types accurately is importafheseare ofterpoorly represented

in GIS datgKlemas 2011; Kreakie et al. 201&)d theiraccuracy can fluctuate widely due

to the ephemeral nature of many typésvetland(GémezRodriguez et al. 2008; Skagen

et al. 2008) Identifying wet forested areas using remote sensing is challenging because
they tend to be small and patdfiflemas 2011)and difficult to differentiate fronapland

forest(Riffell et al. 2006) Particularly for species using wet forest habitats, it is important
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to verify the accuracy of relevant spatial data layers before using models or mapped
conservation products based on these layers.

3.1.2. Afield-based verification and conservation tool

FEC is a tool originally developed for use by woodlot owners and forest managers to
describe forest conditions, lield based stantbvel categorization of forest ecosystems

into coherent groups N o v a FBEQ system ase@sdichotomous keys to allow atoser
classify vegetation type and soil type fofied site, which is then useaks a proxy for

nutrient and moisture regim@eily et al. 2011) These groups are used to inform
harvesting and silvicultural manageméatg. Keefe & Mcgrath 2006; McGrath 2011)

FEC has been applied to other ecological uses, such as forest fire and disease management
(McRae 1996; Wiensczyk et al. 1996yt rarely to wildlife management (but &@wvman

et al. 1996Malcom et al. 2004Aldridge & Boyce 2007)

Nova Scotiabés FEC is unique compared to tF
broad forest commuties, including understory vegetation, cryptograms, and wildlife, as

wel |l as integr at €cological LadccQlaksiicatiom(tCpfrariesvorka d a 6 s
ELC categorizes ecosystems based on climate and vegetation at a variety of scales, ranging
from the regional extent (ecozones) down to the stand level (ecosections and ecosites;
Ecological Stratification Working Group 1995At the stand scalemanagement
applications include forest planning, wood supply modeling, and silviculturalipann

among othergNeily etal. 200)Nova Scoti abés FEC, as part of
in forest management prescriptions on both public and private (&telwart & Neily

2009; McGrath 2011However, the capacity of FEC to characterize and manage wildlife
habitat has not been formally investigated.

Additionall vy, as part of t h ebe &s€d @ cdlects t e m,
reference data on forest cover and soil characteristics. This information can be used as
reference data to grounebrify GIS layers for ELC and forest cover (derived from the

provincial Forestnventory Database; FIDELC has been mapgen Nova Scotiadown
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to the level of ecosectioiNeily et al. 2003) which includes soil texture and drainadfe
FEC categories can be directly correlated to habitats for species at nys&oti@ also be
used as an etheground conservation tool by managers already engaging in FEC

classification for forestry purposes.

My objectives were t¢l) determine if habitat occupied by three landbird species at risk

was associated with particuldE€ forest groups, vegetation types, soil types, and ecosites;

(2) investigate theaccuracy rate of spatial datasets commonly used for forestry and
conservation planning in habitats occupied by these species at risk through comparison of
GIS datasets to fie-collected FEC information; an(8) evaluate the potential of Nova
Scotiabs FEC system as a desassesspanagemendtf hab

implications in a context of spatially inaccurate GIS layers.

3.2. METHODS

Field data were collecteith the SNBR {,546374ha,6 5 A2 ¥ 7 & 4 AN).3Tbe5 8
SNBR is in the western ecoregion of Nova Scotia, characterized by a Maritime climate,
andpredominantly coniferous forest with associations of pine, spruce, and hemlock (Neily
et al. 2008).The distubance regime is characterized by small gaps created through
windthrow, often due to the influence of hurricanes. On drier, richer soils, forest cover is
characterized by sugar maplkecer saccharum and yellow birch Betula alleghensj)sin
combination withother tolerant hardwood&owe 1972)Foreston mast sites across the
SNBR aredominated by red maplé¢er rubrum and black spruceP{cea mariang On
mesic, poorer sitegssociations of eastern hemlogkijgacanadensiy red spruceRicea
rubeng, and white pineFinus strobuspccur(Neily et al. 2008) Timber harvesting and

land clearing has been occurring in this region for-800 yeardMosseler et al. 2003)

and at present, large public and private land holdings devoted to forest harvesting exist in
this area, as do small private woodloits.addition, there are large protected areas under

federal and provincial control.
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In 20122013, | conducted FEC survey&tocationsin the SNBRknown to be occupied

by one or more ofhethree species of SAEFigure3.1). At each location, | establishsde
centreat theGPS coordinates of known sighting (or the most likely nesting habitat within
50 m of the coordinates when detailed sighting information was unavail@btep FEC

plots were captured at each site: one ate the centre (centre plot), and at the ends-of two 50
m transects (end plots)ransects were oriented a minimum of 90° from one another, in
directions of potentially usableestinghabitat for the target speciés.g.if a centre plot

was at a cleacut edge, transects were not directed across the middle of theufeakt

each of the three FEC plots, | recorded the location in UTM coordinates with a handheld
GPS unit, and classified the site into one of 14 forestggdFgroups), 88 vegetation
types (\types), 19 soil typeS-types) and 16 ecosite types (Ecosites) using the Nova
Scotia Department of Natural Resources FEC Syskayg et al. 2011a, 2011b; Neily et

al. 2011) FEC information was recorded at centre plots in both ZDAB, bubnly atend

plots at sites sampled in 2013. Where possible, sites sanmp012 were revisited to
gather FEC engblot information In total,end plot FEC inforration was collected for 70

of 98sites.Twelve of 98centre plots and0 o 140 end plotseceived no Wype or Ecosite
classification, due to being in an open coiodi (e.g. wetlands, clearcutglso surveyed
forest and understory vegetation at plessablished at tfh intervals along each transect

for investigation of the habitat associations of these three landbird speci€siREER

2).

V-type, Stype and ecositenformation was assesséal each birdspecies as frequencies

and proportions of each category. Frequencies were-tabskated to ssess ifspecies

used FEQunitsin proportion to their availabilityl tested forstrength ofassociatiorusing

Phi (achi-squarebased measuy@and contingency coefficients (cc; indicapgsportional

reduction in error when values of one variable are used to predict val@e®tbir)

Analyses were only completed ffarestgroup anl ecosite type, as expected frequencies

per category were too small fortype and Sype. Statistical analyses were completed in

SPSS 2XI1BM Corporation 2012) and t he significabamlel evel
sizes varied by test as a site occdgdy more than one species could be included in the

test more than once.
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3.1.1. Error validation of spatial datasets

| used my fieldcollected vegetation and wetness data to verify two GIS landcover layers
commonly used in provincial management planning fdustry as well as species at risk
conservationthe Forestinventory Databasé@-ID), and theELC (Table 3.1). Based on
orthorectified aerial photography, the FID layer classifies all provincial lands into one or
more of 21 forest types and 18 nfmmest types in polygonfonforest types include
catergories such as barrens, agricultural lands, M@QNR 2006) Forested areas are
delineated into stands based on species, crown closure, and height, with a maximum
coverage of four tree species recorded. ELC classifies polygons based on infrared
photography into ecoregion, ecodistrict, and ecosection, and includes a description of soll

moisture and texture at the ecosection level (1:10 000 $¢aily;et al. 2003)

FEC field data were integrated into a digital format to be compared to GIS data. | mapped
the locations of the FEC plots as point data, andedeatcular buffers around each point

at radii of 50 m and 100 m to assess sbalged differences in classification accuracy. FEC
V-type and Sype were compared against FID cover type and ELC soil moisture and
texture using a confusion matrix (also knoasan error matrix or misclassification
matrix). This generic method to assess the accuracy of nominal GIS défasejalton &

Mead 1983; Cihlar et al. 2003; Skirvin et al. 200g¢)commonly usedo compare
categorical datasets based on remote sensing imagery with reference data collected on the
ground to determine the level of erdaesset 1995; Foody 2005; Johansen et al. 2007,
Hart 2014)

| constructed nine confusion matrices, one at each buffer size for three variables: soil
texture, soil moisture, and forest cov&able3.2). To complete the confusion matrices, |
re-classified FEC Fgroup, \ftype and Sype into congruent categories, and only included
categories that were observed in the fidldkle3.3; Table3.4; Neily et al. 2011)For V-

types with two equally dominant species, | referred to foeltiectedhabitat survey data
(Chapter 2) to determine which species occurred more frequently at the plot in question

and reclassified thelot accordingly.
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FEC points and buffer polygons were intersected with the FID and ELC layers, and
corresponding FID categories for primary and secondary species recorded, as well as ELC
soil texture and soil moisture. | used ArcGIS 10(E8&ri Inc.2014) with all map layers
projected in NAD1983 UTM Zone 20NI crosstabulated reference data (field
observations, columns) with classified data (mapped information, rows) in confusion
matrices for each buffer size for each GIS layerived variableFor all three matrices, it

was possible for more than one mapped class to be assigned to each plot, given multiple
intersecting polygons within the buffer. In these cases, the category that was considered a
O6matchd for that FEC FR®pointtwasvassigneccas Bddegln (i . €
maple, and the corresponding mapped categories were red maple and black spruce, the
value was entered as RM in the confusion matrix). Both primary and secondary species
were intersected from the FID layer. If no intetseg categories were a match, the buffer

was assigned the category of the primary species of the polygon with highest percent cover.
This was done to reflect accuracy relevant to a user searching for a desired category (for
example, a user searching RM valocate all stands with a significant proportion of the

species, rather than only where it was dominant).

For all matrices, the level of congruence between classified and reference data was
guantified by calculating accuracy. For each variable categpryo ducer 6s and
accuracy was calculated by dividing the number of correctly classified samples by the total
number of samples in that mapped class or field cate(f@iory & Congalton 1986;

Naesset 1995Accuracy was the percent of samples that were correctly classified.

Co henos (Céhanpl®eO)coefficient k) is a commonly used tool for testing
correctness in photointerpretatiofCongalton & Mead 1983)and measures the
relationship of expected disagreement to agreementndegioance, incorporating both
accuracy for individual categories and overall map accukagypa is calculated using the
formula

Qzn

LzZn
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whered is therelative observed agreemeftn the diagonal of the matrix}y is the
proportion @ values that are in agreement due to chgtiee sum of the proportion of
observed values in each clasa)d N is the total number of objects recorded in the matrix
(Cohen 1960) Although K was calculated for all variablespefficients for soil variables
should be interpreted with cauticas categories were not necessarily exclusive (some soil
types could have membership in more than one catgdemynple size differebetween

variables due to inability to classify some plots.

3.3. RESULTS

In 2012 and 2013l sampled 238 FEC plots at @&ations in the SNBRincluding 37
occupied by Rusty Blackbisd45 by Olivesided Flycatchey and 38 by Canada Warbder
Complete FEGnformation (including Vtype, Stype, and ecosite) was gathered at 86
centre plots and 120 end plots.

3.2.1.  Species-specific FEC associations

Eightof 14 possible forest groups were observed at sites occupied by these landbird at risk
species. When consideg all FEC plots, for all three specidsrestgroup was most
commonly classified as either wet deciduous (Rusty Blackbird = 28%, -Steel
Flycatcher = 20%, Canada Warbler = 40%), spipice (Rusty Blackbird = 25%, Olive

sided Flycatcher = 36%, @ada Warbler = 13%), or wet coniferous (Rusty Blackbird =
21%, Olivesided Flycatcher = 34%, Canada Warbler = 36%). For centre plots only,
proportions of the three categories used by Rusty Blackbird were similar, whereas Olive
sided Flycatchers and Canadarblers were concentrated more strongly into both the we
coniferous and wet deciduofeestgroups (70% of Olivesided Flycatcher centre plots in
these two types, and 83% of Canada Warbler centre pigise3.2). When looking at all

centre and edge plots for individualtypes, Rusty Blackbirds and Olrggded Flycatchers

had< 13% of samples in a single category, whereas Canada Warblers showed much higher

frequency in two categories than any others: 24%sitds were classified aRed
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Maple/Cinnamon Fern/Sphagnum (WD2=r20) and 21% aBlack Spuce/Cinnamon
Fern/Sphagnum (WCh = 21). Overall distribution offores group for all plots
significantly differed from that expected by chance (n = 2417PBi73, cc = 0.35( =
0.002). However, when looking at centre plots ontgréup proportion did not differ from
chance (n 401, Phi =.373, cc = 0.42#&,= 0.002).

Soil type was characterized asganic at the largest proportion of all plots forsgecies
(ST14, 50% of Rusty Blackbird sites, 51% of Olsided Flycatcher sites, and 73% of
Canada Warbler sitegjgure3.3). Other frequently observed soil types included Fiesh
Medium to Coarse Texturd&T2 Rusty Blackbird= 11.4%, Olivesided Flycatcher = 2%,
Canada Warbler = 3%) and MoisMedium to Coarse Texturd®T3 Rusty Blackbird =
5%, Olivesided Flycatcher = 11%, Canada Warbler = 6%).

For all species, observed ecosites were prominently categorized as hatwmgosture

and poor nutrient contenfigure 3.4). When all plots were considered, the highest
proportion of plots for all species fell into two classifications: eitheriWry Poor/Black
sprucei TamarackAC4; Rusty Blackbird = 12%, Olivsided Flycatcher = 21%Canada
Warbler = 32%) oWeti Poor/Sprucé Firi Red Maple(ACS8; Rusty Blackbird = 17%,
Olive-sided Flycatcher = 25%, Canada Warbler = 26%). Observed ecosite categories
measured at centygots only did not differ from expected (n =1L®hi = .481, cc = 0.396,

P = 0.280), however, significant difference was found when all plots were included (n =
241, Phi = .397, cc = 0.36B,= 0.019).

3.2.2. Classification error for GIS layers

When fieldverified using the Mype and Sype component of FEC information, accuracy
of GIS layers was poooverall. Total accuracy of soil drainage at FEC points when
compared to ELC classification ranged from38% (Table 3.5). When corrected for
chance agreement using psewdtegories, Kappa was reported as in the range of slight
agreement at all buffer size$aple 3.6). Similar results were observed for soil texture

(Table 3.7). Organic soils in particular were poorly captured by the GIS layer, and
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classified with only 17% acracy at the FEC point, increasing to only 26% at theriO0

buffer. Removing organic soil categories from the analysis yielded a dramatic increase in
accuracy and agreement, increasing Kappa agreement-toddérate for soil drainage,

and to fairsubstatial for soil texture Table3.8) . Few samples were cl
soils by FEC or ELC, resulting in a very low sample size for that category. Other than
organic soils, drainage of FEC soil types frequently associated with the three target species

at risk were generally wellaptured (ST3, 8300% accuracy; ST2, 100%; ST15/G; 57

100%; ST16/G, 695%). Texture was weltaptured for ST2, ST15, and ST16 {B30%

accuracy for all types across all buffers), but poorly for ST34&5%).

Forest cover accuracy, measured by comparomgiiant species classified by FID and
FEC, was relatively high overall éble3.8). At the Bm range, overall accuracy was 40%

with a fair level of agreement (n = 209~ 0.29). This increased to 55% at therb@ange

(n =209,K = 0.45, moderate agreement) and 62% at theni®@@nge (n = 20K = 0.53,
substantial agreement). @i/-groups most commonly associated with sites occupied by
Rusty Blackbirds, Olivesided Flycatchers, and Canada Warblers were dominated by Black
spruce, Red spruce, Balsam fir, Tamarack, and Red maple. Black spruce (n = 75) was
identified by the FID in 4% of cases at 0 m, extending to 73% of cases at 100 m. Red
spruce (n = 24) accuracy was 50% at all buffer sizes, while Red maple ranged from 37

60% accuracy (n = 63).

3.4. DiscussioN

Nov a SEHECstysteamowas a useful descriptor of habitat relationsfipshese three
landbird speciesas it characterized occupied sites into existing vegetation, soil, and ecosite
classificationsThe Rusty Blackbird, Olivsided Flycatcher, and Canada Warbler showed
fidelity to a small proportion of the total availablegfoups, Stypes, and ecosites, with all
species predominantly occupying habitat described by wet, poor conditions. Sites were
characterized by organic soils and overstory species such as black spruce and red maple.
Particularly since all three species smtently occurred in ecosites 4, 8, and 12 with high

frequency, it may be possible to manage for all three species in concert in forested
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landscapes. Furthermore, they could potentially be uséxtalsspeciegLambeck 1997)
to conserve fobroaderecological characteristics captured within these ecosite types.

Although habitat requirements of the three species overlap ia Bostia (Chapter 2), the
territory size of the Rusty Blackbird and Ols&led Flycatcher is mudargerthan that of

the Canada Warble€Canada Warbler sites were concentrated into fewgpEps, Stypes,

and ecosites than the other species, suggegtaaierhomogeneityof habitat, which was
corroborated by findings for vegetation variables measured in Chapkar Zoththe
Rusty Blackbird and Olivsided Flycatcherexamining centre plots only reduced the
diversity of FEC categories observed, andyrba useful for identifying potentiareas
used for the species for nesting, perching, or foraging. When end plots were taken into
consideration, thigrovided insight tosome of thesite conditions occurringvithin
territories although it should be caaned that true independence of end plots cannot be
assumed due to the likelihood of spatial autocorrelation.

As evidenced by generally low classification accuracy overall, habitat types for these
species are poorly captured at the stand level by Nova 5@ 6 s  cusadGi®laydrsy

for forestry and conservation planning. However, reference ohatay(case, FEC poinks

are generally considered 100% accu(&tehman 196). This may not have been true due

to difficulties classifyingthe V-type offorestwetland transitions, open wetlands or open
clearcuts, andiorestswith co-dominant overstory species. Most of this error affected V
type classification, but would be ukely to affect results for ecositewhich are more
dependent on accuracy ofgfoup and Sype

In my study, | relaxed the rules of correspondence and added greater search distances to
maximize the possibility of assigning a match between classifiedrefedence data.
Although accuracy did increase with larger buffer sizegjiffierence in accuradyetween

point level and a 180 search distance was only large for forest cover (a 20% difference,
compared with 6.0% for soil classification)rror wadlikely attributional in nature, from
outdated imagery used for classification.

51



ELC did not capture organic soils well, and modificationsit® classification method
should be considered tetter represent these features. ELC classifications woulditbenef
from incorporating classification by hyperspectral imageviich is a commonhused
method for estimating organic content in soils alows for more accuratelineation of

organic soil typegLagacherie et al. 2006; Anne et al. 2014)

There is much interest in using remote sensing products as a surrogate for ecological
system assessment, rather than more intensive metratdequiresite visits(Rooney et

al. 2012) Bergeron et al(2012)have asserted thhtodiversity conservatiom generais

only feasible with the se of such surrogates. Vegetation cover is often used as the main
explanatory covariate fostand andregionaiscale species distribution modeling (e.g.
Bustamante & Seoane 2004; Atamian et al. 2Q1t8lieve therés a need to verify spatial
products in individual jurisdictions before engaging in conservation planrtmg
appropriatey assess the amount of uncertgim modelled and mapped produdts some
jurisdictions, using spatial layers as sgrates for biodiversity informatiomas produced
relatively little error(Rooney et al. 2012though this was scale dependent, with bird
diversity best predicted ats90-m scale, and plant diversity best predicte@iGFm scale

(which can be above staisdale, which is as low as 1 ha resolutibickinson 2014) In
Manitoba, verification oFID layers with FEGield datashowed extremely poor agreement
(Van de Vooren 2002NovasS c¢ o tFiDdayes only showed gooévels of agreement at

the largesbuffer size(100 m 3.1 hd, which is larger than the territory size of thanada
Warbler.Given the variety of GIS products available from region to regierifying the
accuracy of spatial layers with respect to habitat requirements of the wildlife species under
consideration will allow for betteinformed managemenin souhwestern Nova Scotia,

FEC ecosites are a promising tool for characterizing habitat for these SAR, whereas GIS
layers used to capture these habitat features suffer from relatively poor acespsxyally

at smaller buffer sizes

The potential for FEC tbe used in disciplines beyond forest management is drastically
understudiedMcRae 1996)Once ecosite can be successfully and accurately mapped by

GIS, or existing=IDs and ELC layers improve in accuracy, there is great potential to use
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FEC associations for habitat management planning. Given that FEC is in daily use by
forester professoinals it also offers a simple tool that can immediately be used
incorporatehabitat forSAR into integrated forest management systefAssthe quality of
spatial data improves with tools such as LiDARulder et al. 2014)it may be possible in
future to accurately map ecosite dher FEC components. Until that time, @&sed
management planning for treesSAR should be augmented with FB&sed habitat
assessmer the field to identify potential breeding habitat and prevent its destruction by

forest operations.
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3.5. TABLES AND FIGURES

Table3.1: Geographic Information System layers classifying forest vegetation cover and soil texture and .moisture
Mne- Data
GIS Layer monic Description Year Scale Rights Citations
Forest Ecosystem FEC Field-collected forest ecosystem 2012 N/A Lab of Dr. Cindy N/A
Classfication Plots classification information, including 2013 Staicer, Dalhousie
vegetation type, soil type, and ecosite University
type. Georeferenced with handheld GI
unit.
Ecological Land ELC Land systems mapped from infrared 1982 1:50 Nova Scotia NSDNR
Classification aerial photography. Data used include 1999 000 Department of Natural 2003
soil texture and moisture content. Resources Forestry
Division
Nova Scotidnventory FID Forest cover mapped from aerial 198+ 1:50 Nova Scotia NSDNR
Database photography. Data used includes 2006 000 Department of Natural 2007
primary and secondary overstory tree Resources Forestry
species. Division
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Table3.2:

Variables compared between fieddllected reference data and classified data to determine accuracy of GIS data layers

GIS Data Data Origin
Variable Mnemonic Layer Classified (Mapped) Reference (Verification)
Saoll SOILMOIS Ecological Land Soil moisture category FEC Stype field classified using
moisture Classification classified according to dichotomous key, moisture
ecosection delineation from categorized by the presence of
aerial photography saturation features (oxidation and
redudion)
Saoll SOILTEXT Ecological Land Soil texture category classified FEC Stype field-classified using
texture Classification according to ecosection dichotomous key, texture
delineation from aerial categorized according to particle
photography size classs
Tree TREECOV Nova Scotia Tree species cover classified FEC V-type classified using
species Forestinventory according to photointerpretatio dichotomous key based on domina
cover Database overstory species; dominant

overstory species indicated foath
V-type
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Table3.3: Equivalency table for soil drainage and soil texture categories classified by the Nova Scotia Forest Ecosystem
Classification (FEC) and Nova Scotia Ecological Land Classificatio€JEL

Soil Drainage Soil Texture
Equivalent FEC Equivalent FEC
Code Description  Soil Types Code Description Soil Types
P Poorly ST4, ST7, ST10, C Coarse textured ST1, ST2, STE,
drained ST13, ST14 sands and loamy ST9C, ST10,
sands ST15, ST16, ST17,
ST18
I Imperfectly  ST3, ST6, ST9, M Medium textured ST2, ST3, ST4,
drained ST12, ST16, sandy loams, ST5, ST6, ST7,
ST18 loams, and silt ST8, ST9, ST10,
loams ST11, ST12, ST15,
ST16, ST17, ST18
W Well drained ST1, ST2ST5, F Fine textured ST5, ST6, ST7,
ST8, ST11, sandy clay loams, ST11, ST12, ST13
ST15, ST17 clay loams, and
clay

X Variable ST19 X Organic ST14, ST19




Table3.4:  Equivalency table for forest cover classd by the Nova Scotia Fate
Ecosystem Classification (FEC) and Nova Scotia Fémgshtory Database
(FID) in sites occupied by three landbird species at risk
FEC V-Type Species FID Species
Mean Cover of Primary

Code Name & Secondary Code Name

CE1l Eastern white cedar/Speckled Eastern white cedar (50% EC Eastern white ceda
alder/Cinnamon fern/Sphagnui Red maple (10%)

IH1 Largetooth Largetooth aspen (66%) TA Aspen (large
aspen/Lambkill/Bracken Red mapl€14%) toothed, trembling)

IH2 Red oak Red maple/Witch Red oak 83%) RO/RM  Red maple/Redak
hazel Red maple (33%)

IH7 Red maple/Haycented fern Red maple (6%) RM Red maple
Wood sorrel Sugar maple (18%)

MW2  Red spruce Red maple White Red spruce (32) RS/RM  Red spruce/Red
Birch/Goldthread Red maple (24%) maple

MW2a Red spruce Red maple White Red spruce (34%) RS/TA Red spruce/Aspen
Birch/Goldthread, Aspen Largetoothed aspen
variant (33%)

MW4  Balsam fir- Red maple/Wood Red maple (30% RM/BF  Red maple/Balsam
sorrel- Goldthread Balsam fir (36%) fir

SH1 HemlockPin cushion Hemlock (74%) EH Eastern hemlock
moss/Needle carpet Red spruce (9%)

SH2 Hemlock/White Hemlock (44%) EH Eastern hemlock
pine/Sarsaparilla White pine (26%)

SH3 Red spruce Hemlock/Wild Red spruce (35%) RS/EH Red spruce/Eastern
lily -of-the-valley Hemlock (31%) hemlock

SH4a Red spruce White Red spruce (52%) RS Red spruce
pine/Lambkill/Bracken, Red Black spruce (23%)
spruce variant

SH5 Red spruce Balsam Red spruce (63%) RS Red spruce
fir'Schreber's moss Balsam fir (13%)

SH6 Red spruce Balsam fir/Staif Red spruce (54%) RS Red spruce

step moss Sphagnum

Balsam fir (17%)
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FEC V-Type Species FID Species
Mean Cover of Primary
Code Name & Secondary Code Name
SP3a Red pine- White pine/Bracken Black spruce (31%) BS Black spruce
- Mayflower, Black spruce Red pine (15%)
variant
SP4  White pine/Blueberry/Bracken White pine (59%) WP White pine
Balsam fir (14%)
SP4a  White pine/Blueberry/Bracken, Black spruce (36%) BS Black spruce
Black spruce variant Red spruce (19%)
SP4b  White pine/Blueberry/Bracken, White pine (37%) WP White pine
Huckleberry variant Balsam fir (15%)
SP5 Black spuce/Lambkill/Bracken Black spruce (51%) BS Black spruce
Balsam fir (16%)
SP6 Black spruce Red Black spruce (34%) BS/RM  Black spruce/Red
maple/Bracken Sarsaparilla ~ Red maple (20%) maple
SP7 Black spruce/False Black sprue (52%) BS Black spruce
holly/Ladies' tresses sphagnur Balsam fir (11%)
SP9 Red oak White pine/Teaberry White pine (24%) WP/RO  White pine/Red oak
Red oak (24%)
TH5 Beech/Sarsaparilla/Leaf litter Beech (58%) BE Beech
Yellow birch (14%)
WC1 Black spruce/Cinnamon Black gruce (44%) BS Black spruce
fern/Sphagnum Balsam fir (9%)
WC2  Black spruce/Lambkilt Black/hybrid spruce (42 BS Black spruce
Labrador tea/Sphagnum 65%)
Balsam fir (6%)
WC2a Black spruce/Lambkilt Black/hybrid sprue (28  BS Black spruce
Labrador tea/Sphagnum, 40%)
Huckleberrylnkberry variant ~ Red maple (13%)
WC5 Red spruce Balsam Red spruce (49% RS Red spruce
fir’Cinnamon fern/Sphagnum  Balsam fir (19%)
WC6  Balsam fir/Cinnamon fern Balsam fir (42% BF Balsam fir

Three seeded sedge/Sphagnu Black spruce (12%)
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FEC V-Type Species

FID Species

Mean Cover of Primary

Code Name & Secondary Code Name

WC7  Tamarack Black Tamarack (41%) TL Tamarack
spruce/Lambkill/Sphagnum Black spruce (20%)

WC7a Tamarack Black Tamarack (32%) TL/BS Tamarack/Black
spruce/Lambkill/Sphagnum,  Black spruce (22%) spruce
Huckleberryinkberry variant

WD2 Red maple/Cinnamon Red maple (49%) RM Red maple
ferry'Sphagnum White birch (20%)

WD3 Red maple/Sensitive fern Red maple (50%) RM Red maple
Lady fern/Sphagnum Red spruce (14%)

WD4  Red maple/Poison Red maple (42%) RM Red maple
ivy/Sphagnum Black spruce (13%)

WD4a Red maple/Pagion Red maple (42%) RM Red maple
ivy/Sphagnum, Huckleberry ~ White ash (16%)
inkberry variant

WD6 Red maple Balsam firlWood Red maple (37%) RM/BF  Red maple/Balsam
aster/Sphagnum Balsam fir (27%) fir

WD7  Balsam fir- White Balsam fir (19%) BF/RM Balsam fir/Red
ash/Cinnamon feraNew York White ash (11%) maple
fern/Sphagnum

WD8 Red spruce Red maple/Wood Red spruce (38%) RS/RM  Red spruce/Red

sorrel- Sensitive
fern/Sphagnum

Red maple (17%)

maple
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Table3.5: Classification accuracy and Kappa coefficients for soil texture and drainage fromdiigicted data as compared
to data classified by the Nova Scotia Ecological Land Classification digital layer

Soil Drainage Soil Texture

Mineral Mineral

All soils only All soils only
(n=246) | (n=100) (n=246) | (n=102)

Buffersize Acc K | Acc K Acc K | Acc K
Om 28% 0.11| 62% 0.36 39% 0.20| 79% 0.60
50m/0.8 ha 30% 0.12| 66% 0.41 46% 0.27| 80% 0.61
100m/3.1 ha 34% 0.16]| 75% 0.57 49% 0.32| 81% 0.85

*Interpretation of Kappa coefficien{f€ohen 196Q)< 0.0 = less than chance agreement,-0.@0 = slight
agreement, 0.20.40 = fair agreement,41-0.60 = moderate agreement, GBR0 = substantial agreement,
0.81-0.99 = almost perfect agreement.
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Table3.6: Confusion matrices comparing soil drainage classified at 235 plots using Forest Ecosystem Classification (FEC) in the
Southwest Nova Biosphere Reserve with soil drainage classified from photointerpretation in thedtfi@vBEcdlogical
Land ClassificatioELC) digital layer. FEC classifications were grouped into three pseatbgories for calculating
Kappa statistics: Poorly Drained £ 152), Imperfectly Drainedh(= 60), and Well Drainedh(= 23).

Drainage Class Sal Type
Row User
No buffer ST4 ST7 ST10 ST13 ST14 ST3 ST6 ST12 ST16 ST2 ST1 ST5 ST8 STI15 Total Accuracy Kappa
Poorly drained 3 2 5 1.00| d= 65
Imperfectly drained 2 1 66 15 1 11 10 3 1 6 116 0.32| gq= 44
Well drained 9 1 2 1 65 3 1 2 4 10 2 1 2 8 111 0.21| n= 235
Not applicate 1 1 1 3
Total
Column Total 11 1 2 3 135 20 2 2 16 20 5 1 3 14 235 Accuracy
Producer Accuracy | 0.00 0.00 0.00 0.00 0.02 085 050 0.00 0.69 1.00 0.40 1.00 0.67 0.57 0.28| K= 0.11
Row User
50m buffer ST4 ST7 ST10 ST13 ST14 ST3 ST6 ST12 ST16 ST2 ST1 ST5 ST8 ST15 Total Accuracy Kappa
Poorly drained 4 2 6 1.00| d= 70
Imperfectly drained 4 1 83 16 1 12 10 3 1 4 135 0.29| q= 48
Well drained 7 1 2 2 48 2 1 2 4 10 2 1 2 10 94 0.27| n= 235
Not applicable 0
Total
Column Total 11 1 2 3 135 20 2 2 16 20 5 1 3 14 235 Accuracy
Producer Accuracy | 0.00 0.00 0.00 0.00 0.03 090 050 0.00 0.75 1.00 0.40 1.00 0.67 0.71 0.30| K= 0.12
Row User
100m buffer ST4 ST7 ST10 ST13 ST14 ST3 ST6 ST12 ST16 ST2 ST1 ST5 ST8 ST15 Total Accuracy Kappa
Poorly drained 4 2 6 1.00( d= 79
Imperfectly drained 5 2 1 100 18 1 12 10 1 150 0.27| q= 50
Well drained 6 1 2 31 1 2 4 10 5 1 2 14 79 041| n= 235
Not applicable 0
Total
Column Total 11 1 2 3 135 20 2 2 16 20 5 1 3 14 235 Accuracy
Producer Accuracy | 0.00 0.00 0.00 0.00 0.03 1.00 050 0.00 0.75 1.00 1.00 1.00 0.67 1.00 0.34| K= 0.16
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Table3.7: Confusion matrices comparing stektureclassified at 246 field locations using Forest Ecosystem Classification (FEC)
in the Southwest Nova Biosphere Reserve with soil drainage classified from photointerpretat®riNova Scotia
Ecological Land Classification digital layer. FEC classifications were grouped into three {uséegories for
calculating Kappa statistics: Fine£ 3), Medium ( = 37), Coarsen= 62), and Organian(= 144).

Soil Texture Row
No buffer ST13 ST5 ST6 ST7 ST12 ST3 ST4 ST1 ST2 ST8 ST10 ST15 ST16 STi4 Total User Accuracy| Kappa
fine (F) 0 d= 97
med (M) 1 1 2 1 2 8 2 1 8 2 4 3 11 83 129 035| g= 60
coarse (C) 12 5 3 11 9 5 36 81 0.35| n= 246
organic (1) 1 4 1 1 1 2 24 34 0.71
Not applicable (X) 1 1 2
Total
Column Total 3 1 2 1 2 20 11 5 20 3 4 14 16 144 246 Accuracy
Producer Accuracy 0.33 1.00 1.00 1.00 1.00 0.60 0.45 0.80 0.60 0.33 0.00 0.79 0.31 0.01 0.39| K= 0.20
Row
50m buffer ST13 ST5 ST6 ST7 ST12 ST3 ST4 ST1 ST2 ST8 ST10 ST15 ST16 STi4 Total User Accuracy Kappa
fine (F) 0 d= 113
med (M) 2 1 2 1 2 8 4 1 7 2 4 8 11 76 124 037| q= 64
coarse (C) 12 5 3 13 9 5 31 78 0.38| n= 246
organic (T) 1 2 1 1 2 37 44 0.84
Total
Column Total 3 1 2 1 2 20 11 5 20 3 4 14 16 144 246 Accuracy
Producer Accuracy 0.00 1.00 1.00 1.00 1.00 0.40 0.36 0.80 1.00 0.67 1.00 0.86 1.00 0.26 0.39| K= 0.27
Row
100m buffer ST13 ST5 ST6 ST7 ST12 ST3 ST4 ST1 ST2 ST8 ST10 ST15 ST16 STi4 Total User Accuracy Kappa
fine (F) 0 d= 120
med (M) 3 1 2 1 2 9 6 2 9 3 4 6 11 76 135 041| gq= 61
coarse (C) 11 5 3 11 8 5 31 74 0.36| n= 246
organic (T) 37 37 1.00
Total
Column Total 3 1 2 1 2 20 11 5 20 3 4 14 16 144 246 Accuracy
Producer Accuracy 0.00 1.00 1.00 1.00 1.00 0.45 055 1.00 1.00 1.00 1.00 1.00 1.00 0.26 0.42| K= 0.32
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Table3.8: Confusion matrices comparing species of dominant forest cover classified at 209 field locations in the Southwest Nova
Biosphere Reserve with species of dominant forest cover classified from photointerpretation in the Novi®sbtia
Inventory Databaseigital layer. Se@ able3.4 for description of species codes.

Row User
No Buffer BE BF BS EC EH RM RO RS TA TL WP Other Total Accuracy Kappa
BE 0 1.00 d= 81
BF 1 1 2 0.50 q= 30
BS 35 10 3 1 49 0.71 n= 209
EC 3 3 1.00
EH 2 2 4 0.50
RM 4 23 2 29 0.79
RO 1 1 2 0.00
RS 4 10 1 15 0.67
TA 1 1 1.00
TL 3 3 1.00
WP 2 4 5 1 3 15 0.20
Other 1 1 30 3 22 1 8 1 9 10 86 1.00
Column Total
Total 1 2 75 3 9 63 1 24 2 13 16 0 209 | Accuracy
Producer
Accuracy 000 050 047 100 022 037 000 042 050 0.23 0.19 1.00 0.39 K= 0.29
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Figure3.2:  Percentageof forest groups classified at plots occupied by the Rusty
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CHAPTER 4 CHOOSING A SPECIES
DISTRIBUTION MODEL FOR CONSERVATION

4.1. INTRODUCTION

Correlative models are widely used to describe patterns and make quantitative predictions
about species distributions and the environment. Species distribution models)(SDMs
include a suite of empirical and mechanistic models, encompassing numerous techniques
that make a spatial prediction about species distribution, abundance, or occurrence. The
function of all SDMs is twofold: to provide ecological explanations for obsespatial
patterns, and to predict conditions or distributions in unsampled locations or times.

SDMs have become commonplace in many disciplines, including conservation biology,
ecology, biogeography, and wildlife manageméot Kkey summaries of SDM teniques

and applications, sgBuisan & Zimmermann 2000; Segurado & Araujo 2004; Guisan &
Thuiller 2005; Pearson 2007; Franklin 2009, 2018PMs have been used to tackle
conservation problemsnd to support decisiemaking about wildlife and resource
management, such as identifying areas of tviglne habitat, estimating poptitan size,

and projecting shiften species distributions in relation to climate change, among many
others(e.g. Larson et al. 20Q081acdonald & Rushton 2003; Cumming et al. 2013)

SDMs can be divided into two broad categories of models: empirical (or correlative) and
mechanistic(Kearney & Porter 2009)The former uses known distributions to predict
habtat suitability or likelihood of species occurrence, abundance, or occupancy, whereas
the latter uses information about species physiology and demography to predict functional
connectivity, breeding success, and other respdiMephy & Evans 2011)Models in

each category use different types of information, and predict distributions according to
different metricsForthemosp ar t, aut hor s t hat aregrpfémngi t | vy

to empirical models onlwhen they do so, as mechanistic models are much less commonly
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used.However, both kinds of models are important: each is grounded in different aspects

of ecological tleory, and is only suitable for making certain kinds of predictions.

Depending on the expertise of the modeler and the size of the gatasmtssfully
assembling one or more SDMs to guide conservation decisions can be a complicated
process. SDM constrioh can require a great deal of time and intensive use of
computational resources. Choosing an SDM should be done strategically, with thought
given to how the model can inform a chosen conservation objective. This entails taking
into account available datéhe experience of the user, and possible prediction metrics,

among other concerns.

A number of excellent reviews are available to help users compare SDM(s) based on data
type and model performan¢see Guisan & Zimmermann 2000; Pearson 2007; Elith &
Leathwick 2009a, 2009b; Franklin 2B0Guisan et al. 2013However, these reviews make

few clear connections with conservation applications, and either ignore mechanistic SDMs
or give them only passing mentioBuisan& Zimmermann (2000yecognized that it is
essential to select a model based on the goal of the study, yet no guides exist to help a user
select a SDM specifically foconservation objectives.

Managers typically use SDMs to meet objectives of speciesecaation or recovery, such

as designing protected areas, identifying critical habitat, or anticipating the effects of
climate change. Rather thaaoildinga model and then attempting to apfiig outcome to
theobjective,consideration of the final intéat the outses neededBy selecting a model

with the conservation objective in minitlwill be possible the refine the model oeet

scientific and practical needs.

An easilyinterpretable framework is needed to aid managers and researchelecing
amodel that isuitablefor their conservation objectives. In this ckap | develop such a
frameworkusing previously published documentation of best practices from experts in the
field, and survey existing SDMs that have been constructed for ispeociiservation

objectives.
70



Objectives of this chapter include (1) contextualizing SDM in ecological theory to
determine which prediction metrics are ecologically appropriate for empirical and
mechanistic SDMs, (2) evaluating recently published academdigeay literature SDMs

for landbirds to determine firediction metrics weresported with the correct measure and
amount of uncertaintfor model and data type, and (3) use lessons learned to develop a
framework for selecting an appropriate SDM basedlata type, conservation objective,

data quality, and model performance.

4.2. CONTEXTUALIZING SPECIES DISTRIBUTION MODELING IN ECOLOGICAL

THEORY

Increasing availabhty of GIS data products ancbmputer packages for model algorithms,

as well as opesource modling software, has enabled proliferation of many different

types of SDMs in recent years. Over time, various names in modeling lexicon have become
synonymous with SDM, such as O0species nict
and O segxgiditineabliltyat model s 6. For the purpose
preferred term, in accordance wihanklin (2009) Furthermore, | will consider SDMs to

include only spatiallyexplicit models, which are models that make a distributional

prediction in geographic space (as opposed to, for example, niche space).

The main two categories of SDM consideredhis chapter are: (1) Empirical models,
which generallyuse known species locations and environmental covariates to predict
species occurrence, abundance, or occupancy, and (2) mechanistic models which use
biophysical constraints and demographic infation for the organism along with
environmental factors to predict occupancy, fitness, breeding success, or other life history
traits. Models can either be static (prediction in one time frame) or dynamic (predictions
changing through time). Empirical SDMsII be given a more detailed treatmdigicause

they are more commonly used, tend to be designed to provide a spatial output, are suited
to a variety of spatial scales, and have relatively easy application to conservation planning.
Mechanistic SDMs requer intensive data acquisition that is not possible in many

conservation and management scenarios, typicaltyined to local or subegional aregs
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and can be much more difficult to project as spatial maps. An overview and
recommendations for use will bévgn for mechanistic SDMs as well as empirical ones,

but specific algorithms for mechanistic models will not be examined in depth. At present,
there are no known comprehensive reviews of mechanistic models, and each model type

must be assessed for use araseby-case basis.

4.2.1. Ecological theory and model limitations

Ecological models involve taking ecological concefstam niche theory or how an
organism responds to resources and competaacsembedding them into an algorithmic
framework (Brown et al. 1996; Franklin 2@). Organisms are limited regarding what
environments they can occupy, and the factors driving these limits are many: e.g.
physidogical limitations (such as thermal toleranc¢djiotic interactions, or competitive
exclusion SDMs can be used for interptta (predicting values in unsampled sites within

a region that contains samples) or extrapolation (predicting values in unsampled

geographic domains, agell as past or future climateislith & Leathwick 2009c)

All SDMs have limitations, based on model assumptions and covariates. They also are
generally limited by issues related to sample distribution and variable uncertainty. In many
cases, the SDMs that are employed are not based on sound ecological theory, limiting the
realism of their predictionéElith & Leathwick 2009c) Different SDMs have different
explanatoy abilities, however, all haveomelevel of model uncertaintythat mustbe

accepted. fie consequence of theoretical limitations differs for each individual SDM. For

certain models in certain situations, the amount of uncertainty or the scientific limitations

may outweigh the wuseful ness oafassongptoasimay ut p ut
make it unsuitable for the desired objeciieew et al. 2011; Guillerérroita et al. 2015)

Thus, it is important to navigate model selection beinly falvare of the strengths and

limitations of model algorithms.
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4.2.1.1. Empirical algorithms

Empirical SDMs relate georeferenced data about species locatitmsformation on the
environmentalcharacteristics of those locationElith & Leathwick 2009b) In their
simplestforms, empirical SDMscan be constructed even without georeferenced location
data: expert opinion is used to generate hypotheses about occurrence based on
environmental covariates known or thought to be relevant to the organisniedgte
sophisticatecempirical SDMs that use geeferenced organistocationdata are purely
geographic in nature (e.g. kernel density estimators, range Bafsnan et al. 2013)
However, most evidence suggests that the inclusion of both spatialhefgeenced
speciedata and environmental informationtaéselocations is essential for good model
performancdElith & Leathwick 2009c)

Modern empirial SDMs, which relate georeferenced species and environment data, grew
from generalized linear modeling (GLM) techniques, becommrmgge commonin the
1990s. GLM structural features are still part of many current me{Rbdsips et al. 2006)
whereby a prediction metri(the response variahler the aspect of species distribution
being estimateds related to a series of environmental covariates. The developnt&i& of
hasallowed forincreasinglycomplex digital models of environmental data, and megh

to relate thee to species locatiatatahave subsequently been develog@dMs are now
commonly used for prediction of distributiorspurred in part by demands for mapped
products for conservation and land manager(igiith & Leathwick 2009c)

At present, there are dozens of empirical SDM algorithms in Eigh. & Leathwick
(2009a) and Franklin (200%ummarizeSDMs into model types and algorithm families
and n this chapter, adaptthese family groups to classify differdgpes ofSDMs.| have

not endeavored to include an exhaustive review of all empirical SDMs in past or present
use, but many common methods within each algorithm family are inclUddsde 4.1
describes algorithm families and lists common algorithm types. For lists and descriptions
of many of these individual model algorithms, Bdi¢gh & Leathwick (2009a) and Franklin

(2009)
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| separate models by general methodological approach, into five families: (1) lexpedt

where expd-defined rules are used to determine relationships between covariates and
species occurrences, (2) envelope and similarity, which quantify ranges, means, and other
desciptors of covariates in boundwound species locations, (3) statistical, which use
statistical methods in ecology to derive covariate distributions, (4) machine learning, which
apply iterative ruldbased processes to achieve model parsimony, and (5) occupancy
algorithms, which use information about detectability from repeated measue=siict
probability of habitat occupancy

The overarching limitation of most empirical SDMs is that they are imperfect in their
ability to explain the occupied conditions (i.e. the realized niche) versus the potential
distribution (i.e. the fundamental afie) of the specie€Guisan & Zimmermann 2000;
Pearson 2007 Empirical SDMs can only explain the fundamental niche from covariates
(predictor variables or dimensions) that are entered by the user, whiclpiaedyybased

on known distributions. Factors that determine the realized niche, such as predation and

competition, are rarely explicitly modeled by empirical SDMs.

The prediction is limited by what can possibly be modeled from available covariates. There

will be unknown contributing factoré:k nown unknownsé (such as e
that are known to be influential but cannot be modeled from available data, e.g. competitive
interaction by another species for whom occurrence records are not leyadab
information about understory plant coverage that is not captured in GIS layers), or
ounknown unknowns6é (i mportant covariates t
e.g. an anthropogenic disturbance that is not anticipated). Due to these usikih@naiso

important to be skeptical about which components of the fundamental niche are represented

by SDM predictions, as noted Bjith & Leathwick (2009b)In an empiical SDM, only a

limited numberof covariates are included, and they are related to occurrence samples that

do not completelyepresent a given population. Depending on the amount and importance

of these unknowns, the ability to realistically predict the fundamental niche can be limited.
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Wh e n applying empirical S DMs t o conser ve
considerationsoul d be whet her darhaecompbst tbdir bosserpatiomd i ct i
objective. Model predictions, or the parameter they are able to estimate, are dependent on
data type Table 4.1). Empirical SDMs use five types of specigata (adapted from
Guillera-Arroita et al. 2015)species biology (SB), presenrarly (PO), preenceabsence

(PA), abundancebsence (AA), and occupandgtection (DET). SB data include
information about a species@riorbbyetpertgto and
determine suitable habitat features. PO data use spatially georeferenceddoghéoma

species has been documented to occur. Depending on the modeling method used, PO data
can be converted to presermackground (PB) data, by pseudbsence data from
unsampled sites thatr e pr e s u me d . ROcanddP8 madals/havie Inaelddn e 6
popularity, as they can use telemetry data, museum records, and citizen scienceifA data
ameasuref occurrence, with both species presence and absence docufoeptath site

AA data are similar to PAlatg but include numerical counts at pease sites, and AA

data can be used to derive population densdgtéctabilityis taken into accounFinally,

DET dataestimate the detectability of an organism or population and can be measured with
repeat visits, markecapture techniques, or estimgising statistical offse{MacKenzie

et al. 2006; Solymos et al. 2013)

Where a specidsreeds successfullwhere itoccupieswhereit canoccur, or where it is

likely to be observedire all very different predictions. Empirical SDMs can only
accomplish some of these, amthich are sacrificedlepends on the type of data input.
Generally, SB data in empirical models can only rank aivelgrobability of species
occurrence in a given habitat (though they can serve other functions in mechanistic
algorithms). SBbased model outputs typically give an index of habitat suitability, whereby
some habitats can be ranked as relatively hightvegr than othersBarry et al.(2006)
cautioned that expehktd models should not be used as representations of species or
community presence, but rather, only for their ability to measure changes in habitats over
time. Models using PO data can only rank likelihood of occurreAtgorithms that
convert PO data to a PB condition can predict relative likelihood of occurrence under

certain conditions, whereas PA can predict relative likelihood of occurrence. Models using
75



PA data are advantageous because they yield more accurate predBtaions et al.
2004) contain valuable information about survey locations that can be used to dnatyze
and can give a measure of prevalence for calibration when calculating probability of
occurrence(Franklin 2013) AA data can predict expected abundance. If AA data
corrected for detectability (s&ayne et al. 2011; S6lymos et al. 201tBpycan be used

to calculate expected population digm (e.g.(Stralberg et al. 2014Whenpredictions of
abwndance or occurrenege constrainedsingdetection probabilityDET data can be used

to predict likelihood of occupandiMacKenzie et al. 2006)

Though often overlooketly users predictions are linked to survey methodologye
methods that were used in the collection of the data must be taken into account when
applying the outcome of the model to the real wofldke, br example, a model genézd

with PA datafrom point couns surveying forlOmins with a 100-m detection radiusThe
resulting map will be theelative likelihoodof observing during the species during a 10

min point count survey within a 188 radiu® not the absolute likelihood abserving it

in that location.

Despite these drawbacks, empirical SDMs have many advantages: they offer powerful
tools to assess the likelihood of spe@esurrenceand potentiallyabundanceFrom this,

one can infer habitat suitability on a landscdp®y can implicitly incorporate any process
associated with covariates, be tailored to fit commonly available data, have high precision
for local analysis, are less likely to overestimate range, and provide a relatively simple
output. They are good forrige spatial scales. They are particularly useful for peorly
studied taxas inferences can be made from relatively few observations (or purely from
expert knowledge)and tend to be highly generalizaffearney & Porter 2009Empirical
SDMscanpredict where a specieslikely to be observedr, where itcan occur and if

detectability information is includethcationsit is likely to occupy

However, empirical SDMs have some unavoidable theoretical limitations. Theyessum
equilibrium or pseudequilibrium between observed species patterns and the environment,

for example, assuming that abundance at a location can be reliably estimated from a given
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sample. However, for most species, assumptions of equilibrium are raflelyaga
environmental conditions, biotic interactions, and other factors are in constalfeix

1982; Vallecillo et al. 2009; Crawford & Hoagland 2018)Jost SDMs,with known
locationscorrected for detectability, can only predict spe@esurrenceand not which
habitats areoccupied It is important to note that although empirical SDMs can infer
relative suitability, they cannot identify which patches of habitat are truly suitable from a
fithess perspective without including physiological or demographic paramel&iag to

these different environments. Abundance data may be able to infer reproductive success
(Carl & Jones 2004)but AA data is much less commonly available than PO or PA
Absence or pseudabsence data do not necessarily indicate an unsuitable environment,
but simply one where the species is not known to occur. The capacity of empirical SDMs
to make accurate predictions in climate change scenarios has been ciificized et al.

2005) particularly given their lack of inclusion of mechanistic or evolutionary processes
(Dormann 2007) For these reasons, empirical SDMs are by nature less effective in
unsaturatd habitats, with organisms that are very difficult to detect, in a changing
environment(Guisan & Zimmermann 2000pr when samplings not accounted for
(Kearney & Porter 2009)

4.2.1.2. Mechanistic algorithms

Physiological limitations constrain the environments which organisms can inhabit, and
their abundance. In a mechanistic model, the organism is entered into the model not as
merely an observation, but a set of behavioral, morphological, and physiologital t
(Kearney & Porter 2009)This allows for the incorporation of biological responses that
limit the range of a species, which are important for assessing what habitat isepwssib
occupy. Mechanistic SDMs, depending on the data type, can predict where a species
occupies or where it carbreed successfulljor has success for some other life history
trait). Whereas empirical SDMs are best suited to predict distribution, msttb&@DMs

are suited to predicting o p u | aesporses $o&haimg conditions
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Mechanistic SDMs (al sbhakedonbapedpbygpsi cboyg
simul ati ond model sbasedwey iofthe fundanmentah nicperob ane s s
organism, and map this information on to the landscape to understand range constraints
(Kearney & Porter 2009)They do not begin by analyzing the known distribution of a
species (as empirical SDMs do), but rather, with the biotogl/ecology of the organism

itself (by characterizing physiological tolerance or demography, expressed as rates of
mortality, fecundity, carrying capacity, etc.). The output of mechanistic models varies
depending on the type of model. Typically, they gase spatial predictions of population
growth or tcudnity in different habitat conditions. The exceptions are metapopulation
models, which use information about population demographics as well as occupancy to
predict population density or probability of i@ occupancy (the likelihood that a given

patch of habitat will be occupied by a given spedigailjo 2009)

| group mechanistic models into three general tyJeble 4.2): (1) spatial population
viability analysis (SPVA), which uses population ecology and demography to predict
parameters likeetundity, colonization, and xinction (Akcakaya 200Q) (2) spatially

explicit mechanistic niche modelshich model traits governing the fundamental niche,
such as thermal tolerance (for fundamental literatureRee€l1988 for an example using

trees, see Morin et al. 2007and (3) occupancy models that incorporate mechanistic
processes. The list of models providedTable 4.2 is certainly norexhaustive. Within

these broad types, | have sorted models into categories based on the type of information

they use to generate a prediction.

Data inputs for mechanistic SDMs models vary, but typically involve some kind of
populatbon viability (PV) data such as genetic markers, physiological tolerance, fecundity,

or survival. Physiological limits can be derived from laboratory testing. Mar#pture

studies can be used to gattetectability data from repeat measures (DET), wisiciseful

for occupancy models and 8R analysis. Model estimation parameters depend on the

type of data inpu{Table4.2). Estimation parameters include probability of occurrence,
probability of occupancy, and viability (

parameters like etundity, colonization, breeding success, survival, carrying capacity,
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population growh rates, dispersal, and others). As with any model, the data used as input

determine what the model is capable of estimating.

Mechanistic models are advantageous over empirical models in that they function in non
equilibrium conditions or novel circumsizes, and have high transferabil{tgearney &
Porter 2009) Increasingly widespread availability of genetic information has allowed for
powerful new tools to model landscape genefMsrphy & Evans 2011)Mechanistic
models are explicitly biologically grounded, and thusir assumptions aredependent of

the specific occurrence or abundance datkeddo the model to aid in spatial prediction.

Mechanistic modeling requires detailed knowledge of the species being m(&eisah

& Zimmermann 200Q) such as genetic information, thermal tolerance, dispersal,
fecundity, and manwgther types of demographic or biological knowledBateman eal.

2013) SPVA often lacks in spatial detéarroll et al. 2003)and takes more time, effort,
resources, and data to construct and validétarney & Porter 2009Mechanistic models

using collected biological data from specific populations are typically confined to small
geographical areas, due to the fine resolution of these data. On the other hand, mechanistic
models using thermal talence, dispersal distance, or other traits modeled at a large scale
will be restricted to extremely coarfitier projectionge.g Saracco et al. 2008) general,

though mechanistic models provide outputs that are ecologically interpretable, they require
considerable effort and combiran with GIS techniques to generate mapped outputs. In
contrast, many empirical SDMs lend themselves relatively simply to projection in a GIS
environment, whereas representing mechanistic SDMs outputs spatially can be challenging

for some algorithméKearney & Porter 2009)

There have been attempts at convergence in recent years, where empirical SDMs include
covariates or constraints based on mechanistic principles. Though rarely employed, these
techniques varyfor examplejntegratingestimates of dispersal from previous field studies

into empirical projection§Zozaya et al. 2011¢onstraining prediction by minimum viable
population requiremen{sarson & Sengupta 2004and including thermal tolerance limits

into distribution projections for climate change scengffidsnahan 2009)
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4.3. CONSERVATION OBJECTIV ES AND APPROPRIATE U SE

The mapped outputs of SDMs, whether empirical or mechanistic, aid in choosing locations
to apply cmservation measures or evaluating threats, and can be integrated with other kinds
of management planning. Some conservation objectives are aspatial (e.g. reducing a
generalized threat), but most can be represented spatially (e.g. by localizing ardassdf hig
threat). It is up to the practitioner to choose an objestivés cannot be determined by an
SDM (for assistance with objecthsetting, seeTear et al. 2005)All conservation
objectives can be informed by metrics specifically selected togbitheéi most ecologically

relevant information for decisiemaking.

For every conservation objective, there will be predicted metrics of species response that
are ideal (metrics weljrounded in ecological theoryr metricsthat could be used as
plausibke surrogates for ecological responses if there is a paucity of inform2gtailed
consideration of appropriate prediction metrics for a given objective should precede
modeling. For example, if the goal is to identify critical habitas essential t&know not

only if habitat is suitable, but whether it can support a viable population. The ultimate goal
of species recovery is typically to maintain or increase population levels towards seme pre
decline benchmarKSanderson 2006; Westwood et al. 201%p achieve this, it is
necessary to haveetailed life history and population status information, which is not
incorporated in most empirical SDMs. Typically, conservation planning methods forgo
explicit measures of population viability for surrogates such as amount of habitat,
population sizepr other metrics. This does not always have a sound basis in ecological

theory(Nicholson & Ovaskainen 200ut may be the only option given available data.

SDMs, if applied without adequate consideration of the us¢éh® metric they are
predicting, result in poor inference and syitimal management outcoméSuillera
Arroita et al. 2015)Where a speciageproduces successfyliwhere itoccupieswhere it
can occur, or where it islikely to be observeare all very different predictions. It is

important to distinguish between these metrics when trying to meet conservation
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objectives. It is critical that, prior to model selecti users be aware of what metrics a

given model is capable of estimatif@uilleraArroita et al. 2015)

4.3.1. Surveying appropriateness of existing SDMs for conservation
applications
4.3.1.1. Methods

Given the increasingly common application of SDMs to conservation objectives, | assessed
how users have applied their models, and whether they reported the response metric
correctly for the type of data and model used. To dolssyrveyed peereviewed
publications as well as gray literature from NGOs and government departments worldwide.

| limited the evaluative portion of the review to SDMs for landbird species, to reduce the

scope to broadly similar ecological contexts.

| used the Dalhousie University NovaNet database to search the entire catalogue from
20042015 wusing the terms fibird + species dis
model o, Abird + occupancy model 06 and f#Abird
Google search with the terms fAspecies dist
whi ch S not i ncluded in NovaNet 6s catal
reports). | also sent out an email request for gray literature amongst listssougmtesl

with bird research in North America and worldwide. When | found relevant titles, |
examined their references for additional titles to investigate. Only papers and reports in
English and French were considered. To be included in my analysiss pagpanrts, and

documents needed to fulfill all of the following criteria:

a) Develop a spatialkexplicit species distribution model, whereby the model
output was mapped onto the land surface;

b) Predict species occurrence, abundance, population demstypancy, or a
parameter of viability in a continuous or categorical manner; and

¢) Include at least one landbird species in the model.
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Articles chosen for further analysis presented original research that developed and applied
at least one spatialgxplicit predictive distribution model to one or more landbird species
anywhere in the world. | evaluated 128 unique SDM algorithms from 20 reports and 56
academic papers, as many authors used more than one model algorithm. Effort was put into
locating as mch gray literature as possible (21 models in 20 reports, comprising 16% of

models and 28% of literature surveyed).

Each paper used one or more models, with a single model being defined as the output
produced by a given modeling algorithm. When final magpuats were constructed from
6stackedd or O6ensemblebd methods (aggregat.i
counted uniquely as a model. For each model, | recorded the authors, year, paper type,
algorithm family, specific algorithm used, data tygeediction metric (reported}he

correct prediction meanddorsenatomaint hat paper os

| compared prediction metrics reported by authors to the prediction metric appropriate for

that data typeTable 4.3) . The reported prediction metr
reportedo, 6partially correctly reported©d,
correctly when the metric was correct for the data type with the appropriate amount of

uncertainty exp e s s e d . A o6partially <correctly repo
correct type of prediction, but di d not
occurrenced6 reported for PO data, which sh
occurec e ) . Finally, an incorrectly reported

data type (e.g. O6occupancyd reported for A/

| also assigned a binary value for each model to each of four conservationd agpatial
conservation prioritization; 2) predicting species assemblages or richness; 3) mapping
current range; 4) predicting responses to climate change, and 5) predicting population
viability. | also recorded when an express aim of the paper wast tortesprove SDM

model ing theory. For each model , conserva
objectives or discussion section. Models could be assigned a value for more than one

conservation aim.
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4.3.1.2. Results and discussion

Of the 128 models evaluated, 1kre empirical, 4 mechanistic, and 13 used mixed
empiricatmechanistic approaches. The most common algorithm families were regression
based (45 models), followed by decision trees (22 models) and maximum entropy (15
models;Table4.4). This is consistent withViersma (2011jvho examined the proportion

of model types used from 192807 and found that, overwhelmingly, regresdiaised
methods were most common. As modelling has evolved, newer methods such as machine
learning and maximum entrofave come to be favoured over regresfiased in some
cases. Visualization of publication by yedigure 4.1) indicates that some algorithm
families, such as envelope and niche models and ebgaenodels, were more popular in

the earlier portion of the last decade, with maximum entropy and decision trees gaining in

recent years.

The prediction metric for models was reported corrdetith an appropriate expression of
uncertainty) 10 cases (7.8%), partially correfwithout an appropriate expression of
uncertainty)n 88 cases (68.8%), and incorredtigported prediction metric incompatible
with data type used)n 30 cases(23.4%). Entirely correct reporting only occurred for
models using regressidrmased, neural networks, Riamum entropy, or decisiotree
algorithms. Regressidbased algorithms, decision trees, spread models, and 4egbert
models were most likely to report an incorrect prediction metric for the type of data used
(Figure 4.2). Accuracy of reporting did not vary greatly by the aim of the model
(Figure4.3). Of the 107 models algorithms analyzed in academic publications, prediction
metrics were reportedorrectly in 23.4% of mode, partially corredy in 70.1%, and
incorrectly in 6.5%. The gray literature model algorithms (21) reported prediction metrics
correctly in 23.8% of cases, partially correct in 62% of cases, and incorrectly in 14.3%.
Models from the gray literature wecenfined to six algorithm families: decision tree (3),
expertled (6), genetic (1), maximum entropy (5), neural networks (1), and regression
based (5). Only one paper from gray literature used more than one model algorithm in their
report, and none used samble methods, mechanistic models, or mixed methods

(mechanistic components in empirical algorithms).
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Though these 128 model algorithms represent esgstematic sample, tiggh proportion

of model results that reported prediction metrics without @prapriate description of
uncertainty is concerning. Much of the incorrect reporting seemed to arise from
misinterpretation by the authors regarding the limitations of their input species data. These
mistakes are extremely common: in a literature sur¥@yver 100 academic papers that
used Maxentyackulic et al. (2013jound that over half incorrectly interpreted the output

as actual probability of occurrence, rather than relative probability of occurrence (being
relative to bias, detectability, anther sampling constraints). Such misreporting could lead
both investigators and managers to be @afident in the capacity of their models to
make accurate predictions, or not adequately consider their constraints. This is particularly
true for modelsronmechanistigrojecting into the future arnsampleddcations which

may overestimate species presefMerow et al. 2011)

This may be particularly relevant outside of academic spheres, as it may be difficult for
manayers to stay abreast of-tip-date modeling theory, especially given how quickly the
discipline changes. Managers may also lack the training to select models appropriately, or
be unaware of alternative methods. Although much caution has been raisechgetierdi

use of HSI model¢Brooks 1997) the gray literature here and personal communication
with government scientists and environmental consultants suggestghitaolder
technique is still in widespread use, and is the preferred technique for many. The lack of
mechanistic, ensemble, or mixed methods modeling in the gray literature surveyed here

may be symptomatic of a divide between model developers and caiisemanagers.

4.4. SELECTING AN SDM STRATEGY BASED ON CO NSERVATION OBJECTIVE

4.4.1. A new guide for model selection

An obvious need exists for managers to use SDMs, particularly robust ones, in conservation
planning. Prospective users must be able to simplygaizkly evaluate what modeling
methods are appropriate for their data and conservation objectives. Based on prior review

of ecological limitations and use of existing SDMs in the literature, | propose a framework
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to assist in the selection of a modelitigagegy based on conservation objective, which is
intended to produce mapped outputs of species distribution to inform management
decisions. This framework includes four steps:
1. Consider the data available in your study area. Fdflmw Chart 1 Figure4.4) to
determine which prediction metric(s) can be modeled from your data.
2. Select a conservation objective from those listefiable4.5. Follow the indicated
flow chart(s) to select thappropriate SDM methodology based on data type and
availability (Flow Charts 4-24.5).
3. Independentlyesearctihe selected modeling approach(es) to determine if they are
a) suitable for the objective and b) feasible for the data and experience of the user.

4. Build the selected SDM(s) according to best practices (see next section).

Although this framework is intended to guide selection of one or more modeling
approaches, it is, of course, the responsibility of users to ensure they independently assess
modelirg options, understand their function and limitations, and have data that meets
requirementskElith & Leathwick (2009b)s well aslakeman et al. (200@yovide lists of

key steps in good modeling practice.

Users should familiarize themselves with the limitations of their prediction metrics based
on data typeTable 4.3) to ensure they correctly report uncertainty. For example, users
should notethat calculation of population density requires detection probability to be
accounted for, which can include a measure of temporary emigration, or use standardized
indices(Bayne et al. 2011; Chandler et al. 2011; S6lymos et al. 28@T3pr PB data can

only predict relative likelihood of presencgaple4.1), and this prediction is relative to
bias, survey effort, and detability. Some PO or PB model types can account for survey
effort or bias, making predictions more realistic. At present, empirical SDMs based on PO
or PB data can only predict relative occurrence (and thus relative habitat suitability) on the
landscape. Mre information may soon be available from new methods that are able to
incorporate measures of detectabil{yjorazio 2014) and indeed, has begun in some
spheregSolymos et al. 2013)The user should keep these considerations in mind when
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navigating this framework to generate a prediction appropriate for their conservation

objective.

4.4.2. Examples of use
4.42.1. Scenariol

A district manager for a nature conservancy group is tasked with purchasing a new land
holding to conserve the habitat of Sageuse Centrocercus urophasianiBonaparte) in

a small portion of southern Alberta, Canada. She examines the data she has available:
literature on sage grouse biology, as well as location data and a measure of detectability
from a markrecapture study on ga grouse in her province. She consklsy Chart 1

(Figure 4.4) to identify which prediction metric she can calculate. She reads the first
question, Mo you have spatially gemferenced extinction, colonization, survival,
fecundity, genetic similar, and/or other demographic and physiological parameters for
popuations in your study are@? She does not, so she answer s
if she has estimates of detectability from repeated measures, to which she answers yes. She

can calculate occupancy.

Next, she visitable5and chooses a conservation objec
for i nclusion in reserve system (single spe¢
modeling, she follows directions to visitow Chart 3 Figure4.6). Starting from the top

of the chart, she follows the instructions and concludes that she will model occupancy and

abundance, using Unmarked Populations for the algorithm family.

She researches unmarked occupancy mddetke & Chandler 2011)and builds her

model using the statistical packagemarkedFiske & Chandler 2011)ased on the data

from the detectability study. She proje the output using environmental covariates in GIS

to generate a spatial prediction of Sage Grouse occupancy on the landscape. After this
point, she can decide to employ other methods, such as cost a(atysioilanen et al.
2009)to prioritize which land to pursue purchasing.
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4.42.2. Scenario 2

A government biologist has beessggned to the recovery team for the Canada Warbler
(Cardellina canadensit.) and tasked with identifying critical habitat for conservation
nationwide. His data include point counts from breeding bird atlas surveys, but he also has
opportunistic observains captured by citizen science as well as museum records. He has

a total of 200 location records in his study area. He has abundance information from the
atlas surveys, but not the other data, so when followlogs Chart 1 Figure4.4) he is
forced to answer O6no6 to fADoes your dat ase

counts? (AA)O, and chooses occurrence as h

At this stage he also evaluates his potential environmental covariates, and a literature
survey on the biology and habitat requirements of Canada Warblers, he identifies four
covariates for whicthave GIS layers.He visitsTable45and at first sel e
critical habitato as hrjihedoesmatsagerthe datatopradico b | e «
occupancy or population viability, so inst

number s o FlonHGhart\2 Figure4.5 to select an algorithm family.

Beginning at thedp of the flow chart, he determines he has enough presence observations
to proceed. He has not controlled for autocorrelation Bsse practices so he filters his

data to ensure each presence point is a minimum distance apart. His species data is PO.
The flow chart then asks if he can generate a mapped estimate of sampling bias. He creates
a GIS mask that incorporates an index of survey effort available from breeding bird atlas
data, as well as a measure of the spatial clustering around towns andraitiethe
occurrence data contributed by citizen scientists. The flow chart directs him to use a type
of machine learning model: maximum entropy. He uses the program M#&telips &

Dudik 2008; Elith et al. 2011p construct a model using the Canada Warbler occurrence
data, tle sampling bias mask, and his environmental covariates. The output is a colour
coded map of relative probability of occurrence of Canada Warblers on the landscape. He
includes the output in his report, but is careful to note that critical hdbgatly speaking,
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could not be modelled. Identifying critical habitat would require predicting occupancy or

population viability, which was not possible with the available data.

4.42.3. Scenario3

A sophisticated research team is engaged in continecade project tadentify potential
climate refugia for dozens of vertebrate species. For avifauna, they have count data from
large longterm monitoring projects. They also have a series of standardized indices to
correct their abundance information for detectability (AADET). UsingFlow Chart 1

(Figure4.4), they determine that they can calculate population density.

When examining conservation objecti@able45), t hey deci de t o choo
effects of cimat e changed6 and O06Sel ect habitat for
species)o6. As #owChatd Eiglred.7), Whecly instruesthenetowisit

Flow Chart 2 Figure4.5). They dewe to construct an SDM to predict population density

for each species, and stack their outputs. However, they do not have data on interspecies
interactions, so they cannot include this information as a model covahategh they are
instructed tovisit Flow Chart 2, as they also wish make a dynamic model, they first consult
Flow Chart 5 Figure4.8). After reviewing the charthey research mechanistic hféstory
information for all of their species, and conclude they can include dispersal distance
constraints as a model covaridinally, theyvisit Flow Chart 2 Figure4.5) to select an

algorithm family.

Based on their presenabsence data and their advanced modeling knowledge, they
conclude that they will develop the models using artificial neural networks. However, they

wish to compare projections calculatgddifferent methods, and thus also choose to apply

an ensemble method that O0Ostacksd the outco
methods, such as boosted regression trees, Bayesian methods, and random forests. Using
their detectability correctedata, they produce aggregated climate refugia models for many

| andbird species based on multiple algorit!H

to identify general priority conservation areas.
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4.5, BEST PRACTICES

A number of best practices as welrakes of thumb have emerged out of general consensus
in the SDM literature, and these should be followed during modeling. In order to construct
an SDM using occurrence data, there must be
for each covariateused (Harrell 2001) Too many covariates (or too few species
occurrences) will lead to model overfitting, where the covariates are fit natioothly data,

but the noise as well, increasing explanation power for training data but greatly reducing
the ability to make realistic predictio(¥écGill 2013). Regardlss of model type, modeling
shouldalwaysinclude a validation procedure, which is commonly done using statistical
model selection criterigGuisan & Zimmermann 2000; Johnson & Omland 2004)
general, it may be best to choose more conservative models to avoid oved#ging
inaccurate estimates of suitablegdable, or occupied habitat may mislead conservation
planners(Crawford & Hoagland 2010)Overfitting also reduces model transferability to

new locations or time@Venger & Olden 2012)

Ensemble modeling is a relatively recent technique of combining predictions of species
distributions that are prodad using multiple algorithms to hone prediction accuracy
(Brotons et al. 2004)Ensemble modeling hasroe to be recognized as a best practice
among SDM expert@Araujo & New 2007; Marmion et al. 2009; Meller et al. 20X3iven

that each SDM technique has its own uncertainties antations, combining outcomes

from multiple models is thought to reduce a major source of variability, or, at the very least,
give estimates of important sources of uncertafMgller et al. 2014)In an ensemble,
models can be combined through an averaging, ordination, or other synthetic technique, or
weighted according to model fit using, for example, Bayesian algoritrasklin 2009;
Coetzee et al. 2009)

Spatial autocorrelation violates an assumption of independence amorigssammpodels,

and is rarely addressed by modelgnsanklin 2009) Spatial autocorrelation is the degree

of clustering or dispersion, byhich neighbouring samples tend to be more similar than
those far apart. The effects of spatial autocorrelation may be more problematic when trying

to capture the influence of covariates than when making spatial predi¢Eoarsklin
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2009) Best practices requires spatial autocorrelation to be addressed either before
modeling using spatial filtering, during modeling by using an autoregressatdologistic
algorithm, or after modeling by comparing a spatial method with aspatal onéCarroll

& Johnson 2008; Franklin 20Q9 is important dung this phase to consider factors of
conspecific attraction that could be incorporated as mechanistic processes in models.

Ultimately, users must choose models for which they have (or can gather) data, but must
keep in mind error arising from overlookiragpects of population dynami¢Bearson

2007) Although habitat suitability and fithess parameters are correlated, users should be
careful not to mistake a prediction of habitat suitability as bemg@esentative surrogate

for physiological parameters such as fecungity. Brambilla & Ficetola 2012Jor this

resson, many modele(®ormann2007; Araudjo 2009; Fordham et al. 2012; Bateman et al.
2013) suggest that it may almost never be appropriate to ignore the importance of
ecological processes such as biotic interactions, dispersal, and movement when projecting
future distributions. Prediions of species distribution are powerful tools, but no substitute

for long-term datasets on abundance that can be analyzed for trend information.

Extrapolation remains a challenge for empirical SDM=nklin (2010, 2013juggests

three approaches for creating more realistic extrapolations: (1) Incorporating information
about species biologynd ecological limitations during the conceptual formulation of
empirical models; (2) Using the output from a mechanistic SDM as an input to an empirical
SDM, or vice versa (termed o6linked6é model
mechanistic predictiongew investigations have been done into model transferability, and
accuracy of extrapolation can vary by model algorifsee Wenger & Olden 2012 for an
assessment of traferability of four common algorithms)rhese methods do not only
apply to extrapolation. Arguably, many (if not all) conservation objectives could benefit
by the increased realism of prediction that arises from having a spatial representation of
habitat suitability that is informed by mechanisticaterived information about
population dynamics, rather than just correlative relationships with environmental
covariates. In reality, this information is difficult and expensive to capture, although it is

increasingly available.
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Mechanistic models offer the capacity to include measurementscohdity and
demography into estimations of species niche, allowing for much more realistic and
powerful predictions. For example, a combination of habitat suitabilitycandectivity

can potentially be used as a surrogate for probability of persisi@ficholson &
Ovaskainen 20095PVA can be used to assess habitat occupancy based on age and stage
of the organism, as well as includengtic factors(McCarthy 2009) and enables
optimizing selection of reserve area and estimating extinctiorifrggnetic differentiation

is observable on thecsale being studied, samples of gen@tiormation from different
populations offers new ways of estimating dispersal aadnélity with effort that is

constantly decreasirdpeto technological advancemeri&unnucks 2011)

However, empirical SDMs are often used in place of mechanistic SDMs and generalized
to make population predictions, because data on dahecompetitive effects,
connectivity, and other assessments of constraints on population are |é€kihg
Leathwick 2009b)especially at large scales. Although it is recommended that outputs of
empirical andmechanistic SDM be compared to better understand the ecology of the
species and refine predictioftéearney & Porter 2009}his is often impossible. At larger
scales, the theoretical drawbacks of empirical SDMs (being oftdytalmodel realized
niche) may not be as pronoundgtirzel & Lay 2008) especially if dispersal limitations

and habitat heterogeneity are accounted(Rulliam 2000)

Finally, most singlespecies models do not include the possibility of species interactions
and community levetffects (e.g. predation, competition) due to lack of data and increased
model complexity. Singlspecies empirical SDMs are generally biased to-puedict the
amount of used and available habi(aaurent et al. 2011)Thus, interactions at the
communitylevel should be included where possible,uijio this is largely dependent on
spatial scale and available data. Particularly if conservation objectives are aimed at more
than one species, mukpecies modeling should be considered. Multispecies SDMs are
becoming more accessible to produce mappedutsitfor assemblages of species, and

some allow for explicit modeling of interactions between spd#issling et al. 2012)
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4.6. RECOMMENDATIONS AND FUTURE DIRECTIONS

Species distribution modeling has advanced quickly in recent decades, and the pace of
improvement and proliferation of new techniques will almost certainly continue. The
framework presented here is intended to help lead prospective users theoagirdaks of

the many different SDMs to select an appropriate modeling approach. Although many of
the modeling methods mentioned in this review have been directly compared to one another
to evaluate performance, many have Wotuljo & Guisan (2006)dentified the need to
investigate conceptual and algorithmic uncertainties in models, and thmm@ughly
evaluate the strengths and limitations of each of the (many) current apprdashesld

be noted, though, that the differences in performance between model types are typically

smaller than differences among species being modéitaaklin 2009)

Overall, it is imperative that users understand the limitations of model prediction to avoid
misuse (Araldjo & Peterson 2012)An ongoing challenge for SDMs, particularly
extrapolative ones, is including biotic interactions such as competitionalisaty and
others(Elith & Leathwick 2009c) Many of these issues have been pointeddutaiseum
throughout the development of SDMs, with many authors calling for integrated empirical
mechanistic modeléLarson et al. 2004; Guisan & Thuiller 2005; Phillips et al. 2009;
Huntley et al. 2010; Higgins et al. 201&)d greater collaboration between theoretical and

functional ecologist§Guisan et al. 2006)

These soughkafter integrated models have yet to appear, but the beginnings of a
convergence are evident: empirical models incorporating detectability estimates and
survey biagSolymos et al. 2013; Dorazio 2014nd models combining empirical and
dynamic elementgPeterman et al. 2013; Merow et al. 2Q1Kpwever, these early
attemps are computationally and theoretically intensive, lack consensus, and are not yet
O6packagedd6 for wider adoption. Given that
modeling algorithms incorporated mechanistic elements, thareasd for cleamethals,

grounded in ecological theory, to integrate mechanistic and empirical SDMs.

92



Ultimately, a greater dialogue is needed between consenmtetitiones and modelers

to meet conservation needs more effectiy@yisan et al. 20135DMs provide powerful

tools for conservation planning, but more attention must be paid to designing SDMs for
direct use and interpretation by conservation managers. All modeling approaches need
clear documentation and to be available in customizable packages (suchias t&dd
common statistical programs or sta@dnegraphical useinterfacegGUI)). Robust user

groups need to be available to help develop user guides and support through
troubl eshooting. This may require a O6parin
focus on developing eadg-use packages for algorithms that perform well, as well as a
specific focus on integrating mechanistic SDMs with empirical ones. Until such
approaches are widely available, the framework presented here can help guide the user
through selection of both empirical and mechanistic models. By following the steps
outlined in thisreview (Table 4.5), the user can use best practices to select the most
appropriate and powerful tools to manage for the conservation objectives at hand.
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4.7.

TABLES AND FIGURES

Table4.1: Empirical species distribution models in common use, organized by model type and algorithm family
Model

Model Algorithm Data estimation
Family Type Description Type* Common Models Advantages Drawbacks parameter
Envelope Envelope Bounds species PO BIOCLIM,; Works in datgpoor Typically Ranks likelihooc
and andNiche presencgpredicts Environmental situations; can be outperformed by othe of occurrence
Similarity habitat suitability Niche Factor modified to include methods

based on meeting Analysis (ENFA)  mechanistic processes

habitat profiles within

the bounded area(s)
Envelope Kernel Infersspecies range PO Kernel Estimation Useful for basic rage  Not appropriate for Ranks likelihooc
and spatially, often with delineation prediction of occurrence
Similarity telemetry data. Does

not typically include

environmental

covariates
Envelope Distance Assess multivariate PO DOMAIN; Genagal Works in relatively Not ideal when data i Ranks likelihooc
and and distance measures to Dissimilarity simple situations with limited/ habitat of occurrence
Similarity Similarity describe mean vector Modeling; Distance few interactions variables are

of covariats with Measures dynamic.Linear

relation to the (Mahlanobis, relationshipsonly,

response variable

Euclidean, etc.)

requires continuous
covariatesLess
robust compared to
machine learning
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Model

Model Algorithm Data estimation
Family Type Description Type* Common Models Advantages Drawbacks parameter
Expert Expertled Expert knowledge of SB Convex or alpha  Can be used in Typically Ranks relative
based species biology and hulls; GIS overlays; situations with little or outperformed by othe probability of
ecology is used to Habitat Suiability no PO or PA data. methods wen PO or occurrence
select parameters Index (HSI) PA data are available
thought to be of high Modeling
value
Machine Decision Decision trees classif PA/AA Boosted Regressio Works with categorical Not ideal when Predicts
Learning Tree responses according - Trees (BRT); and nonlinear species response is probability of
monothetic Classification and covariatesCopeswith  expected to be linear occurrence (if
hierarchies. Typically, Regression trees  unknown covariate or smooth. Rare detection bias is
many decision trees (CART); interactions, missing classes need to be controlled for,
will be generated and Classificaton Tree data, angoorly-known sufficiently otherwise
thenaveragear Analysis (CTA); species ecology. represented, though relative
combined according t Mixture Typically better than this is corrected foin likelihood)
model specifications Discriminant single classitation boaosting methods like
Analysis (MDA); trees or parametric BRT/RF
Random Forest (RF methodsNo need for
prior data
transformation or
elimination of outliers.
Machine  Genetic Classification rules PO Genetic Algorithm Can be used to predict Performs poorly Ranks ikelihood
Learning Algorithm “evolve", based on for Ruleset species distribution or comparedo of occurrence

random mutations ant
"fitness", until an
optimal lution is
reached

Production (GARP) to select between regressiorbased,
models in an ensemble machine learning, an
neural network
methods
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Model

Model Algorithm Data estimation
Family Type Description Type* Common Models Advantages Drawbacks parameter
Machine Maximum Estimates the most PB MaxEnt Good for datgpoor Requires measures ¢ Predicts relative
Learning Entropy uniform distribution situations. Relatiely  survey bias to be likelihood of
(or maximum entropy. easy to implement. robust. Often occurrence (if
of sampling points considered sampling bias is
compared to inappropriate for controlled for,
background locations forecasting otherwise ranks
using constraints likelihood)
derived from data
Machine Neural Derives nonlinear PA/AA  Artificial Neural Have outperformed  Extremely complex. Predicts
Learning Netwoks composite variables Networks (ANN)  other methods in probability of
and models response comparative studies. occurrence (if
as a function of these detectiorbias is
features controlled or
relative
likelihood)
Occu Unmarked Model spatial variatior DET N-Mixture; Can provide a more  Requires multiple Probability of
pancy Popula- in density by PRESENCE; accurate picture of visit estimates of occupancy;
tions incorporating unmarkedR; organism distribution. detectability, usually probability of
measures of detectior Hierarchical small scale. population
probability across Bayesian; single density;
repeated measures of season; muki probability of
organisms season abundance
Statistical Ordination Orients species PA/AA Canonical Useful for community Few compasons Predicts relative
distributions in Correspondence  modeling. exist with other likelihood of
environmental space. Analysis (CCA); methodsMore occurrence
Redundancy difficult to generate

Analysis (RDA)

mappedspatialmap.
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Model

Model Algorithm Data estimation
Family Type Description Type* Common Models Advantages Drawbacks parameter
Statistical Regression Predictsesponse PB/PA/ Generalized MARS can account for Not ideal with non  Predicts
based variable from AA Additive Models  local variable binary categorical  probability of
covariates based on (GAM); General interactions (varying variables. Covariate occurrenceif
their observed Estimating across distribution).  interactions must detection bias is
importance. Variation: Equations (GEE); Locally-weighted generally be known i1 controlled for,
extend linear models Generalized Linear approaches, such as advance. GAMs are otherwise
that can accommodat Mixed Models GWR and GLMMs, car not well suited for  relative
nonnormal response (GLMMs); be used to identify sca extrapolation. GEEs likelihood)
variables. Geographically dependency and can are not robust for
Weighted outperform other spatial prediction.
Regression (GWR) methods in some case RSFs are useful for
Logistic/aute highly mobile species
logistic models;
Multivariate
Adaptive

Regression Splines
(MARS); Resource
SelectionFunctions
(RSF)

*Data Types: SB information about species biology and ecology deriagutiori; POT presence only, with georeferenced locations of species
occurrence; PB presence background, withageferenced locations of species occurrenceandpseldde e nce data from si

PAT presencabsence, with georeferenced locations of occurrence or abundance data at sites where species are documented to be present anc

tes

absent. AAI similar to PA, but includes numerl counts at presence sites, aad be used to derive population density if abundance is corrected
for detectability;and DET i derived from sampling where detectability is measured using repeat visitsrenapture teatiques, or estimated

using statistical offsets.

P
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Table4.2: Mechanistic species distribution models in common use, organized by model type and input data category
Data Common Model or
Model Type Category  Description Type* Model Suites Model estimation parameters**
Occupancy Marked Models viability and/or spatial PVIDET DISTANCE; CAPTURE; Probability of occupancy; population
Populations variation in density by marking and MARK density; abundance; viability
recapturing/resighting organisms
Mechanistic Models trais governing the PV Custom; PHENOFIT Probability of occurrence; viability
Niche Model fundamental niche, such as therma (trees)
tolerance
Spatial Evolu- Uses information on the evolutionar PV Phylogenetic Generalize« Probability of occurrence; viability
Population  tionary relationships of organisno fpredict Least Squares (PGLS)
Viability Trait traits. Can be applied to empirical
Analysis Models SDMs to assess habitat constraints
Spatial Landscape Evaluates functional connegity PV Isolationby-resistance;  Probability of occurrence; viability
Population  Genetics using all possible paths through a Least cost path; Genetic
Viability landscape distance; Graph theory;
Analysis Circuit theory
Spatial Meta Assumes a patchy digiution of PVIDET Structured Patch Probability of occupancy; population
Population  population species across habitats, and uses Occupancy density; abundance; viability
Viability unique information from Metapopulation Models
Analysis populations/subpopulations to modt (SPOM); Structured

features of the metapopulation.

metapopulation models;
Spatial simulation
models; Population
matrix models; RAMAS
GIS
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Data Common Model or

Model Type Category Description Type* Model Suites Model estimation parameters**
Spatial Spread Includes speciespecific constraints PV MigCLIM; SHIFT; grid-  Probability of occurrence; viability
Population  models related to dispersal. Can be applied based models

Viability projections of epirical SDMs

Analysis

*Data Types: SB information about species biology and ecology deravgdiori; DET 1 derived from sampling where detectability is measured
using repeat visits or miarecapture techniques, or estimated using statistical offsets.

**The parameter O6vi abi | ifacundty,dolgnizationcbreedmg suceess) darryimgcapadite gopulkaton dgroivtk mtes, and
others.
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Table4.3: Prediction metrics for species distribution models based on data type

Model
Type Data Type Acronym  Prediction metric
Empirical  Species biologyd priori) SB Rank relative probability of
occurrence/habitat suitabiit
Presencenly PO Rank likelihood of occurrence
Presencéackground PB Relative likelihood of occurrence
constrained by condition
Presenca&bsence PA Relative likelihood of occurrence
Abundanceonly AO Rank likelihood of abundance
Abundanceabsece AA Relative abundance
Detectabilitycorrected abundance AA + DET Predicted abundance/Population
absence density
Detectabilitycorrected presenee PA + DET Likelihood of occupancy
absence
Mechanistic Viability PV Viability (e.g. breeding success,
survival, fecundity, etc.)
Viability (Physiological tolerance) PV + SB Predicted range
Detectioncorrected viability PV + DET Likelihood of occupancy
Mixed Presencenly and viability PO + PV  Rank likelihood of occupancy/viability
Presencabsence andiability PA + PV Likelihood of occupancy/viability

100
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Table4.4:

Reported prediction metrics of 100 evaluated species distribution models by algorith@atiyjpen headers: M = model
type, AF = Algorithm family, n = number of models evaluated, SCP = Spatial conservation prionti&#ie Species
assemblages/richness, RM = range mapping, CC = Responses to climate change, PV = Population viability, SDM =

Theoretical contribution to SDM development.

SC C
M AF n P SA RM C PV SDM Included publications
Empr Envelope 7 4 1 1 5 Atamian et al. 2010; Brotons et al. 2004, Elith et al. 2006; Levinsky et
-ical and Niche 2013; Titeux et al. 2007; Wisz et al. 2008

Models

Kernel 2 2 Auer 2008; Hamel & Ozdenerol 2009

Distance& 6 2 2 2 4 Elith et al. 2006; Levinsky et &2013; Wisz et al. 2008

Similarity

Expertled 11 11 1 1 Beaudry et al. 2010; Beazley et al. 2005; Glennon 2009; Government
Victoria 2013; Holmes et al. 2008; Jetz et al. 2007; Jobin et al. 2005;
McCorkle et al. 2006; Rittenhouse et al. 2008; Tirpak et &920
Westwood 2012

Decision 22 8 7 10 2 5 BarbetMassin et al. 2012; Barket et al. 2014; Coetzee et al. 2009;

Tree Cumming et al. 2013; Distler et al. 2015; Elith et al. 2006; Goetz et al.
2010; Haché et al. 2014; Kreakie et al. 2012; Liu et al. 201 tthslas et
al. 2004; Schuetz et al. Shirley et al. 2013; Vallecillo et al. 2009; Wisz
al. 2008

Genetic 4 2 1 1 2 Duffe et al. 2008; Elith et al. 2006; Levinsky et al. 2013; Wisz et al. 2C

Maximum 15 8 2 1 3 4 Buermann et al. 2008; Burnatt al. 2008; Cardador et al. 2015; Duffe e

Entropy al. 2008; Elith et al. 2006; Ferrari 2014; Geupal et al. 2007; Kreakie e
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SC C
M AF n P SA RM C PV SDM Included publications

2012; Levinsky et al. 2013; Randall 2013; Sohl 2014; Velasqu=ta et
al 2013; Wisz et al. 2008; Yost et al. 2008

Neural 4 1 3 2 1 BarbetMassin et al. 2012; Coetzee et al. 2009; Cumming et al. 2013;

Networks Foody 2005

Unmarked 5 3 1 1 Collier et al. 2012; De wan et al. 2009; Kéry and Royl 2008; Royle et

Population 2008; Vierling et al. 2013

S

Regression 45 20 14 12 20 Alridge & Boyce 2007; Bacaro et al. 2011; Barbssin et al. 2012;

-based Bellis et al. 2008; Betts et al. 2006; Brotons et al. 2004; Bustamante ¢
Seoane 2004; Carroll & Johnson 2008; Carroll et al. 2006; Coetzee e
2009; Elith et al. 2006; Fidgielli et al. 2012; Foody 2005; Gibson et al.
2004; Giordano et al. 2010; Heikkinen et al. 2007; Huntley et al. 2006
Sorte & Thompson 2007; McPherson & Jetz 2007; Mitchell et al. 200¢
Nielsen 2007; Parons et al. 2009; Stralberg & Gardali 2007; Siyadtber
al. 2006; Vallecillo et al. 2009; van Riper et al. 2014; Vernier et al. 20(
Voegeler et al. 2011; Wisz et a. 2011

Mech  Evolution 1 1 Bradshaw et al. 2014
anistic ary Trait

Meta 1 Aldridge and Boyce 2007

population

Spread 4 3 2 Larson and Sengupta 2013; Merow et al. 2018n8han and Possinghal

models 2009; Zozga et al. 2011
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Table4.5: Steps for selecting a species distribution modelling method to inform
management decisionsrfeommon conservation objectives

Example Conservation
Objective Stepsto follow

Assess biodiversity metrics Flow Chart 4: Approaches for developin
communitylevel distribution model§Figure4.7)

Assess effdas of climate change Flow Chart 5: Approaches for developing clime
projection modelgFigure4.8)

Estimate historical distribution Flow Chart 5: Approaches for developing clime
projection model¢Figure4.8)

Identify critical habitat Flow Chart 3: Selecting a model for predicti
occupancy and/or population viabilififigure4.6)

Increase or stabilize population Flow Chart 2: Selecting a model for predictil
numbers occurrence, abundance, and/or population der
(Figure4.5)

OR

Flow Chart 3: Selecting a model for predicti
occupancy and/or population viabilififigure4.6)

Reintroduction/Translocation  Flow Chart 3: Selecting a model for predicti
occupancy and/or population viabilifiFigure4.6)

Select habitat for inclusionin  Flow Chart 2: Selecting a model for predicti
reserve systergsingle species) occurrence, abundance, and/or population der
(Figure4.5)

OR

Flow Chart 3: Selecting a model for predicti
occupacy and/or population viabili (Figure4.6)

Select habitat for inclusionin ~ Flow Chart 4: Approaches for developil
reserve system (mulsipecies)  communitylevel distribution modelgFigure4.7)

Predicting spread of invasive  Flow Chart 3: Selecting a model for predicti
species occupancy and/or population viabilififigure4.6)
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Figure4.1l:  Boxplots showing year of publication for 128 landbird species distribution
models categorized by algorithm family, with error bars showing 95%
confidence interval.
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SELECTING PREDICTION
METRICS BASED ON DATA

Do you have spatially geo-referenced extinction, colonization, survival,
fecundity, genetic similarity, and/or other demographic and
physiological parameters for all populations in your study area? (PV)

NO YES

Do you have estimates of POPULATION VIABILITY
detectability of populations in AND/OR
your study area from repeated OCCUPANCY

measures? (DET)

NO

l

Does your dataset include
abundance information in the
form of counts? (AA)

NO YES

Can you correct abundance for
detectability using
standardizations? (AA + DET)

NO YES

POPULATION

ABUNDANCE DENSITY

Figure4.4:  Flow Chart 1, Stpsto identify possible prediction metrics based on
available data for species in a given study area.

106



Do you have adequate sampled location data for
the species in question? (minimum 10 presence
observations per environmental covariate)

NO YES

Can you collect these
data?

COLLECT
DATA

., Haveyou controlled for spatial

autocorrelation?

NOTE: EXPERT-BASED METHODS
CAN BE USED FOR RELATIVE

RANKING OF PROBABILITY OF

OCCURRENCE

NO YES

Apply auto-
regressive/auto-logistic Is your species data
or spatial filtering presence-only?

procedures A

HABITAT SUITABILITY INDEX
MODELS

_—
NO,ﬂmESENCE-

_— ABSENCE

— NOTE: PO/PB METHODS
DO you expect species response to GENERATE MODELS OF
behave differently based on RELATIVE PROBABILITY OF

subregion OR are you looking for
scale-dependent effects?

e ‘

OCCURRENCE

Make global SDM and

N
How would you define your SDM with data Do you have repeated measures (in Do you have the ability to generate a

modeling knowledge, skillset, < o . time or space)? mapped estimate of sample bias? (ie:
and experience? partitioned into survey effort)
subregions and compare \ N
\ N\
\ NO
VERY | YES /
NOVICE \
ADVANCED ADVANCED \

Is your eceurrence data
very accurate (few
locational errors that
cannot be corrected)?

ARTIFICIAL s your occurrence data
NEURAL very accurate (few

locational errors that
NEEWEIS cannot be corrected)?

REGRESSION-BASED
GWR
GLMMs

REGRESSION-BASED
GEE

BEST PRACTICE: COMPARE
WITH GLOBAL REGRESSION-
BASED MODEL

unreduceable
multicollinearity among

/ covariates?

NO. YES

ENSEMBLE MACHINE Are interactions
LEARNING between variables
known?
BRTs
Bayesian Methods
Random Forests
GARP selection

/ Do you have a high degree of

Are your covariates
continuous, and
likely to have a linear
relationship with the
response?

<

Are your covariates all continuous
AND the ecology of your species is.
well known?

BEST PRACTICE:
APPLY
ENSEMBLE
METHODS

MACHINE LEARNING
Maximum Entropy

DISTANCE
MEASURES

MACHINE LEARNING
Classification and
Regression Trees

Do you suspect interactions with local ||
variation (interaction effect differs

along a covariate’s distribution) AND
are all your variables continuous?

REGRESSION-BASED
MARS

REGRESSION-BASED
MARS
GAMs
GLMs
RSFs

BEST PRACTICE: COMPARE
MULTIPLE MODEL TYPES AS
REGRESSION ENSEMBLE

Figure4.5:  Flow Chart 2, 8lecting a model for predicting occurrence, abundance,
and/or populatio density
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Do you have spatially geo-referenced extinction, colonization, survival,
fecundity, genetic similarity, and/or other demographic parameters for
populations?

YES

Have you already
developed an empirical
SDM for your species?

Do you have estimates of
detectability from
repeated measures?

NO YES
CANNOT PREDICT OCCUPANCY AND Is this information from D OUR PV DATA A
THIS PARAMETER ABUNDANCE mark-recapture studies? ST e
Unmarked Populations DMV O
DATA 0
0 RR AR DA
NO YES POPULATION D
Is it a reasonable assumption
for your species to divide the OCCUPANCY A 0
- D RICA

landscape dichotomously into Mark-recapture

suitable and unsuitable habitat?

NO YES

SPVA SPVA
SPOM

Spatial Simulation
Structured

Metapopulation
Models

Flow Chart 3, 8lecting a model for predicting occupancy and/or

Figure4.6:
population viability.
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Do you have sufficient occurrence data for every
species of interest to generate individual SDMs (at
least 10 present observations per environmental

covariate)?
NO YES
Can you calculate an index of species richness or Do you have data on interspecies
biodiversity for raster grid squares? interactions?
YES
NO D 0 ATIO
oD OVARIA

CANNOT DIRECTLY VISIT FLOW CHART 2
TARGET OBJECTIVE FOR OCCURRENCE,
ABUNDANCE, AND
POPULATION DENSITY, Can you predict occupancy or
USING INDEX VALUE "G population viability? (Flow chart 1)
PLACE OF SPECIES DATA

VISIT FLOW CHART 2 VISIT FLOW CHART 3
FOR OCCURRENCE, FOR OCCUPANCY AND
ABUNDANCE, AND POPULATION VIABILITY

POPULATION DENSITY

“STACK” YOUR SDM
OUTPUTS, USING
ORDINATION, AVERAGING,
AGGREGATION, OR
CLASSIFICATION

Figure4.7.  Flow Chart 4, Aproachs for developing communithevel distribution
models
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Do you have spatially geo-referenced
viability information for all populations
within your study area?

NO

Do you have life-history
information concerning
mechanistic processes?
(e.g. dispersal distances,
thermal tolerance)

Can you account for
detectability (using DET data or
algorithms)?

NOTE: DYNAMIC
EMPIRICAL SDM NOT
RECOMMENDED
WITHOUT INCLUDING

MECHANISTIC
ELEMENTS AND/OR
CONTROLLING FOR

DETECTABILITY

COLLECT
DATA

Figure4.8:

INCLUDE
INFORMATION AS A
MODEL COVARIATE

VISIT FLOW CHART 2 FOR
OCCURRENCE,
ABUNDANCE, AND
DEVELOP MODELS FOR
SCENARIOS ACROSS
TWO OR MORE TIME
STEPS
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VISIT FLOW CHART 3 FOR
OCCUPANCY AND
POPULATION VIABILITY,
AND DEVELOP MODELS FOR
SCENARIOS ACROSS TWO

OR MORE TIME STEPS

BEST PRACTICE:
Compare output with
detectability-controlled

empirical SDM

Flow Chart 5,Approaches for developing climate projection models



CHAPTER 5 SPECIES DISTRIBUTION
MODELING IN MARITIME NATIONAL
PARKS

Westvood, A., Solymos, P., Fontaine, T., Bayne, E. 2@%imating population density of the
Rusty Blackbird Euphagus carolings Olive-Sided FlycatcherGontopus coopeyi and
Canada WarblerGardellina canadens)sin national parks in New Brunswick and Nov
Scotia.Report pepared for Parks Canada on behalf of the Boreal Avian Modelling Project,
University of Alberta: Edmonton. 63pp.

5.1. INTRODUCTION

The Rusty Blackbird, OliwSided Flycatchermand Canada Warbler have experienced steep
population declinefCOSEWIC 2006, 2007, 200&nd are federaliisted species at risk
(SAR; Government of Canada 2011particularly for Rusty Blackbirdand Canada
Warbler, annual rates of decline have been among the highest in the eastern portion of their
Canadian breeding rang&nvironment Canada 2014a) unique subspecies &usty
Blackbird E. c. nigrans breeds in Nova Scoti&oth nationally and irMaritimes,these

SAR occupy federally, provincially, and privately protected laodsside of which forest

and wetlandareas are undergoirttarvesting, resource extraction, recreation, and other

managed uses.

Protected areas are a tool used to achieve biodiversity conservation by limiting human
intervention in an arealn Canada,Par ks Canadads mandhat e i n
ecological integrity of its land@arks Canada 201, 2Whichincludes the stewardship of

species at risk within its lands. Under the National Accord for the Protection of Species at

Risk, Parks Canada is involved witie development and support of recovery strategies

and implementation of recovery actiongnd alsoenga@s in other monitoring and

management activities.

Protected areas contribute to biodiversity and community -lveatig, but their

effectiveness canary depending on regional and management objedfives&rington et
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al. 2010) Forested areas of New Brunswick have undergone substantial fragmentation in
recent year¢Betts et al. 2008 The total proportion of forest dominated by mixedwood

stands in New Brunswick has decreased over the pastdrdliry because of altered
disturbance regimes and forest harves(fgmos-Binks et al. 201Q)In Nova Scotiapnly

325%0oft he prdwmanceédb | andscape typeso were coc
within the protected areas syst@am1994(NSDNR 1994) More recent estimates suggest

that 48%umodél Ahandscape typeso arsatisfacmyr esen:
level in Nova Scotia (David MacKinngmpers. comn). Though protected areas holdings

continue to expan@Province of Nova Scotia 201,3xpansions were not completed in a

fashion that prioritized protection gliitable habitafor Olive-sided FlycatcherCanada

Warbler, and Rusty Blackbird or the wet forest ecosystems they occupy available

forest outside of park boundaries continues to be developedimportant to know the

potential for existing protected areas to protect suitable habitat, and to assess if birds are
more or less likely to be found in protected areas than aife&s in theame region
Additionally, estimates of population size in local areas can allow for evaluation of

population viability.

In national parks in New Brunswick and Nova Scdthia, status oRusty Blackbird Olive-

sided FlycatcherandCanada Warblgoopulatioxshas been assessed as unrankable due to

a lack of informatior{Parks Canada Agency 2011a, 2011b, 2Q1Acpresent, population

sizes for these species cannot be estimated from data collected within the parks themselves
due to low sample sizes. Conservation of ¢hgsecies within these areas requires detailed
information on habitat distribution and quality, which is presently not available at a scale
suitable for managementhe paucity of information requires that predictive modelbeg

usedto estimate populatio sizes based on regional knowledge about spéeieiat
relationships Despite potential sources of uncertainty in the estimation process, mapped
regional estimates of species distribution are essential to guide conservation planning
(Sanderson et al. 200For spatial conservation, datasets at a scale of bkgreater are

of limited value for land use planning at the watershed or municipal (&ta@bImer et al.

2008) To inform reserve design and land management, predictions are needed as close as

possible to those of the resolution of individual forest st@Bdts et al. 2006a)
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5.1.1. Modelling species associated with wet forest habitats

Recent reviews of the breeding ecology of all three species have been provided by the Birds
of North America OnlingAltman & Sallabank 2010; Reitsma et al. 2010; Avery 2013a)
Rusty Blackbirdpredominantly nest in small conifers near wet areas (Matsuoka et al.
2010. Olive-sided Flycatchepredominantly occupy coniferous forest sites near patches
of early seral vegetationncluding bah the edges of bogs and burns in natural habitats,
and clearcut edges in disturbed aréadman & Sallabanks 2010) Canada Warbler
require a weldeveloped shrub layand a complex forest flogReitsma et al. 2010and

can also be locally abundant in regenerating forests (i.8Q §ears postlisturbance)
following anthropogenic or natural disturbances (Lambert & Fa2@fib). Though found

in a variety of forest type€;anada Warbleis most common in wet mixed fore®usty
Blackbird and Olive-sided Flycatchethave large territorieg10-20 ha) with habitat
immediately around the nest site comprising only a small artkanwa heterogeneous
matrix. Canada Warblehave small territories, whose composition is more homogenous,
andin southwestern Nova Scotae almost exclusivelgonfined to wet forest habitat
(CHAPTER 2.

Depressional forest wetlands, determined by-ofinor groundwater processes, are
recognized as important breeding bird habitat for many sp@Riiésl| et al. 2006) though

they have not been studied foeflespecies in particular. In the U.S., foresteetlands

have been decreasing at faster rates than other types of (Atmstsathy & Turner 1987)
However high-quality spatiateference data for these ecosystems are scaateng them
difficult to representn species distribution models. Aerial delineation of wet forest areas
is difficult, as the canopy over wet areas is often continuous with canopy of upland forest
(Riffell et al. 2006)

Because of these issues, wetland habitat types can be poorlyeccand whereney are
recorded, accuracy can fluctuate widely due to the ephemeral nature of many types of
wetland(GémezRodriguez et al. 2008; Skagen et al. 20@)eciegistribution models
(SDMs) for species reliant on GIS layers describing wetlands halegsin some cases,
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performed poorlyKreakie et al. 2012)For these reasons, it is common to use proxy data
to predict the locations and typestlands in models, such as depth to water table or soll
wetness index. Particularly for species associated with wet forest areas, ibraimpo

test various approaches to modelling wet ardasuracy can be gauged by assessing

model fit, to help select the most effective representation of wet areas.

SDMs predicting species distribution across the landscape are particularly useful for
conservationCHAPTER 4, as they generate an easityerpretable mapped product that
can be used to assess critical areas for manage®i2Mis associate species observations
and environmental covariates to describe species distributions on the lan@seagén

2009; Elith& Leathwick 2009c) They give insight into both ecological relationships for
the species, as well as maps of halsfa¢cies occurrence, occupancy, abundance, or
population densityhat can be used to inform conservation strate@ibth & Leathwick
2009b; Franklin 2009; Moilanen et aD@). For species at risk, it is important to uncover
habitat preferences and develop spatialtplicit predictions of population distribution on

the landscape to inform conservation.

The Boreal Avian Modeling (BAM) project has generated natisoale species
distribution models foOlive-sided FlycatcheandCanada Warblemwith models based on
landcover (Hache et al. in prep) and climate sgaeéevre et al. n.d.; Cumming et al.
2013) Using count data for birds in models allows for prediction of population sizes and
distributions (Elith & Leathwick 2009c) However, national models based on coarse
resolution dat#1-10 kn? or greaterjare not designetb describe local variation in habitat
suitability, or to engage in starldvel planning Additionally, nationalscale models
develop their habitat based on habitat preferences determined from point counts across the
range. This is particularly relevant for these SAR, which exhibit different habitat
preferences across their rangsing regional abundance data combined viitar scale
covariates, constrained regionally to reflect the local ecology of the species, may improve
SDM estimatesThe resultingnformation about the availability, qualitynd distribution

of breeding habitat can be used fortbe-ground management, as well as to understand

ecological associations of these species at the easternmost extreme of their range.
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This chapter includefive main objectives(1l) Generate predictivenodels and maps of

bird density folRusty BlackbirgdOlive-sided FlycatchermndCanada Warbleand evaluate

the contribution of different covariatg®) Estimate population sizes in 4 national parks in
Nova Scotia and New Brunswick for these three g§%¢B) Map predicted density
estimates and their uncertainf¢) Compare model selection across subsets representing
wet habitat using three different methods (wetland delineation, depth to water table, and
the interaction of depth toater table with feest cover)(5) Compare estimates between
national parks anceplicateareas in corresponding ecoregions to evaluate the contribution

of national parks to species conservation.

| used théBAM point count dataset to develop higésolution predictive SDBIfor Olive-

sided FlycatcheiCanada WarblemandRusty Blackbirdn Maritime national parks, using

a library of highresolution ecological covariates selecgatiori based on known species
habitat relationships. The modeling method used was Poissdindag, with corrections

for detectability and variation in sampling effort across study protq&ii/mos et al.
2013) A branching forward stepwise variable selection process with bootstrapping was
used to miimize bias in cwariate selection. The denspyedictions allow for evaluation

and comparison of habitats within parks to guide SAR planning and management.

5.2. METHODS
5.2.1. Study area

The four national parks under consideration (Kouchibouguac, Fundy, Capen Bret
Highlands, Kejimkujik) are within the eastern Canadian provinces of New Brunswick (NB)
and Nova Scotia (NS). Prince Edward Island National Park was excluded as the geospatial
layers necessary for analysis were not available in the province. Kejirlaijdnal Park

and Historic Site is divided into a mainland park and seaside adjunct, the latter of which
was excluded from this analysis due to its small size and predominantly coastal ecosystem.
All parks in this analysis have a coastal component excejonKujik (Mainland), which

is located in the centre of southwest Nova ScQitastal areas of parks were also included

in analysisNew Brunswick encompasses 7.5 million ha, and borders Québec and Maine.
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NS is peninsular, and encompasses 5.8 milliorahd,is connected to the remainder of
North America through a 24 km wide isthmus. NS and NB represent the extreme eastern

extent of the breeding range for all three species.

Nova Scotia includes 9 distinct ecoregions, and its ecosites have been dividagoin

main groups: Acadian and Maritime Bord&leys et al. 2011b)NB is similar, with 7
unique ecoregions and high forest heterogeneity across the landsli&pRR 2007)

Much of both provinces are forested, though fragmented by forest harvesting operations.
Non-forested areas tend to comprise a patchwork adnigation and agriculture, as well

as coastal and highlands environments. In addition to the national parks, there are many
provincially protected areas, totaling 1.2 million ha. As of 2013, 9% of the total land base
consisted of protected areas, wheregttonal parks accounted for 1.4% of the total study
area.Sixteen ecoregions occur in New Brunswick and Nova Scotia, and of these, national
parks in the region capture seweithin their bordergEcological Stratification Working
Group 1995)

5.2.2. Avian dataset

BAM has compiled avian point count data in the boeeal hemiboreal region from
Canada and the U.8Cumming et al. 201Qkborealbirds.ca), including areasfofested

and nonforested habitat. It currently comprises over 1.5 million avian point count records
conducted between 1990 and 2014, from overQblocations in North America. This
dataset also includes long term projects such as provincial Breedihétises and the
Breeding Bird Survey, as well as contributions from universities, governments, and
industrial partners. Varying point count methodologies are harmonized, allowing for
guantitative density estimatigBarker et al. 20153nd the coverage of the datthkelps to
account for potential roadside survey bi@®nsity is corrected for detectability and
variable survey methodologies using the QPAD metf®alymos et al. 2013)Count
harmonization includes estimagirsinging rates and effective detection radius, while

controlling for effects of survey protocol and environmental and temporal covariates on

detection probability. of BAMG6s point cour
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(Figureb.1), with years ranging from 1996 to 2013. At least Bussty Blackbird Olive-
sided Flycatcherand Canada Warblewere observed at 77, 801, and 658 point count

locations, respectivelyTable5.2).

Songbirds have a locéreedingsite embedded in a much larger home range used for
foraging or extrgpair copulation(Taylor & Krawchuk 2005) Two buffer sizes wer
established around each poiAtsmall buffer was chosen to reflect the local area around
the bird location (termed local buffer), which was 508 ha)for Canada Warbleand

Rusty Blackbird and 100 m foOlive-sided Flycatchr. A 250 m(19.6 ha)ouffer (termed
territory buffer) was created to incorporate information about habitat attributes at the
territory size of an Olive-sided Flycatcherand Rusty Blackbird which have been
documented as ranging from-46 ha(COSEWIC 2006, 200Ayith ameanrange size of

15 ha forRusty Blackbird(Powell et al. 2010a)Canada Warblerhave much smaller
territories, ranging from 0.4 ha to 0.75(@OSEWIC 2006)As Canada Warblegerritories

often occur in clusters, potentialindicating conspecific attraction, the larger buffer
includes neighbouring habitat features that may be important for suitability (Dr. Leonard
Reitsma, Plymouth University, pers. comm.). These buffer sizes are consistent with other
studies of scal€Taylor & Krawchuk 2005)

5.2.3. Models

In accordance witliHaché et al. (2004 Poisson loginear models were generatasing a

branching hierarchy modé&luilding process (a forward stepwise variable selection
approach). Bootstrap smoothing procedures were applied to address model uncertainty.

The modeling method used a nesting hierarchy to evaluate the importanceraitesya
whichldi vi ded i nt o & priors dassummricngHigured.l).eSthges were
numbered 48, and variables associated with earlier stages thought to be more proximate

to the birdsd mec h alhe &stages incfudedh y Wwatness;t2) fsest] e c t
cover; 3) forest structure; 4) landscape complexity, 5) anthropogenic disturbance; 6)

distance from roads; 7) landscape connectivity; and 8) protection status.
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| evaluated three different ways of defining vatest habitat by running different model
subsets, and changing the geospatial layers used to describe wetness as well as the
presence/absence of an interaction term between forest cover and wetness. The variables
used to describe forest cover were coesisbetween subsets. The resulting three subsets
were WETLANDS, WETNESS, and WETNESS x Forest (hereafter WETXFOR). Each
model included the same candidate variables for model ste®yémiBdiffered in candidate
variables for stages 1 and 2. For the WETKRFIbset, stages 1 and 2 were merged into a
single step representing an interaction between the two variable types. To allow for direct
comparison against the WETXFOR subset, stages 1 and 2 were run as a single step in the

other subsets.

These steps wedesigned to approximate those used in the national SAR models b§ Hach
et al. (in prep), but were adapted based on availability of finer scale covariate data.
Furthermorel did not control for temporal variation or spatial variation given the relatively
limited extent of the study area and dataset. All R scripts for offsets and models are
available atttps://github.com/psolymos/bamanalytics

5.2.3.1. Extraction of spatial covariates

Spatial covariatewere extracted at all BAM point count locations in the study area. All
GIS layers were projected in NAD83 (CSRS), the official reference system for coordinates
in New Brunswick and recommended for Nova Sciitiew Brunswick 2011; Seely021).
Covariates were extracted from GIS layers using ESRI ArcGIS 1(E312 Inc. 2014)
PostGIS (Obe & Hsu 2011) R (R Core Team 2015)and/or Geospatial Modelling
Environment(Beyer 2012) In total, 61 covariatesTéble 5.4) were extracted from 19
source GIS layersT@ble5.5), with vector data having a minimum mapping unit of <50 m,

and raster data having a minimum resolution of 10 m and a maximum of 90 m.
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5.2.3.2. Wetness

The first model stage inatled covariates expressing the moisture regime of the bird
location and surrounding area. The WETLANDS subset used wetlands layers classified
from aerial photography were collected at the provincial level for NS and NB, and the
wetland classes harmonizeding vegetation cover equivalencies within the Canadian
Wetlands Classification SystefNational Wetland3Norking Group 1997 Table 5.6).
Coastal wetlands (e.g. salt marshes) were excluded from the analysis. The dominant
harmonized wetland vegetation class at each point count was determined within the local
buffer for each species (as the wetland class which occupied a greatetipnopbthe
buffer). Stream length and wet areas perimeter (including wetlands) within the territory
buffer was totaled, as well as the proportion of territory buffer classified as wetland. These
covariates were used in the WETLANDS model subeable5.3).

The remaining model subsets, DTW and DTWxFor, used measures of depth to water table
obtained from wet areas mappiffgprest Watershed Research Centre n.d.; Murphy et al.
2007) Wet areas mapping derived from LiDARsed point cloud data or a digital
elevation model datdlaws for delineation of flow channels, wet areas, and an estimate of
the depth to water table (DTW) from soil surfgééhite et al. 2012)DTW is more closely
related to soil and vegetation type than the commuosédterrain wetness indgMurphy

et al. 2009)DTW O1 m has been used to capture wet areas, has good correspondence with
field-mapped wetlands, and performs better than soil wetness (Nuleghy et al. 2007,

2009; White et al. 2012)or these two model subsets, the proportion of territory buffer
with DTW O1 m was extracted={gure5.2), as well as the standard deviation of DTW

across the territory buffer.

5.2.3.3. Forest cover and structure

Forest cover information was derived from the Common Attribute Schema for Forest
Resource Imentories (CASFRICumming et al. 2010a; Cosco 20MMhich combines
provincial forest esource inventory databases into a comprehensive classification of the
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most common attributes present across jurisdictions. CASFRI includes data regarding
stand species composition, canopy height, closure, and other characteristics. CASFRI data
was extractd within local and territory buffers, with many polygons occurring within a
single buffer area. Due to the proprietary nature of some of the data, CASFRI information
was not available across the entirety of the study region, limiting prediction abgibyne

areas of New Brunswick.

Forest cover and structure variables were used in all sulbse¢sspecies composition at

the stand levalas calculated by converting the percent cover of each tree species into area
coverage within both local and territdvyffers. As there were generally multiple polygons
within each buffer, areal coverages were summed to give theconpied by each tree
species within the buffeiMeanand standard deviation of canopy closure and height were

calculated for both buffer z&s.

5.2.3.4. Disturbance

Disturbance information was acquired from both the CASFRI and Human Footprint (HF)
mapping. The HF uses four types of data as proxies for human influence: population
density, land transformation, accessibility, and electrical infrastrei¢Banderson et al.

2002) Datasets representing these influences were standardized and scored according to
percent influence, then combined as an indfégolmer et al. (2008napped HF at 90 m
resolution for the Northern Appalachian/Acadian ecoregion of North America. Forest
specific disturbances were documented by the CASREluding burns, cuts, partial cuts,
slides, windfalls, and other unspecified disturbances. The proportion of territory buffer
disturbed was calculated by dividing CASFRI disturbance polygon areas within buffers by

the total area of the buffer. Disturizae was not coupled temporally with point counts.
5.2.3.5. Complexity, connectedness, and roads
Landscape complexity was characterized Anderson et al. (20123s the variety of

microclimates present in a site, measured as a function of topography, elevation range, and
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moisture gradients. They calculated the number of landforms in an area and modified this
total by elevation range drwetland density. Wetland density was used to give a measure
of micro-topographical variation in flat landscap@snderson et al. 2012).andscape
complexity was calcutad in units of 1000 ha hexagons across the landscape, and
categorized as belowmean mean or abovemeanfor the North Applachian/Acadian

ecoregion rigure5.3). | extractedneancomplexity class within each territory buffer.

Mean index of local connectedness was also extracted for each territory buffer. Local
connectedness measures the strength of structural connections between natural ecosystems
on a local landscapgAnderson & Clark 2012)Connectedness measures the outward
permeability of ecologicdlows, based on land cover and land use tyfres) one cell to

its neighbours as predicted using resistant kernel analysis.

Distance to roads was calculated as distance from the BAM point count location to the
nearest road feature from the National Rdéstwork (Government of Canada 2014;
Figure 5.4). Finally, all BAM point counts were intersected with layers of parks and
protected areas (includjrfederal, provincial, and municipal protected areas) and classified

as being either in unprotected or protected lands.

5.2.3.6. Pre-processing and modelling

The BAM data system consists of projects that were collected Umtarogeneous
protocols (Barker et aR015, and corrects for this heterogeneity through the application

of statistically calculated offsetéS6lymos et al. 2013)Avian abundance data were
corrected based on metrics that control for the effecssiviey protocols on detectability

of each species, based on time of day, time of year, and duration and radius of survey.
Speciesspecific offsets (including singing rate) are combined with satelétéred habitat
information to estimate densities of ritarial males. Offsets are applied to recorded

abundance for each species at each point, and the resulting estimates used in the models.
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All covariates were standardized, and CASFRI tree species wela&ssad into genus (see

https://github.com/psolymos/bamanalytics/blob/master/R/maritinfes fiAodel code and

standardization specifics). At each stage, covariates at varying scale were available for
selection A bootstrapprocedure was generated 240 times in an iterative approach using
consistent AIC (CAIC = 0.5 AIC + 0.5 BIC) to determine the frequency with which a
particular predictor variable was selec{@&lirnham & Anderson 200Zable5.3). This
reduced overfitting and variance in predictions. Between model subsets, selection
frequency was used to determine, out of the 240 iterations, how often a particular subset
was selected. Subsets which are selected more frequently are expehsac thigher
explanatory power. Within model subsets, selection frequency was used to estimate the
contribution of a given variable to explaining variance at each stage, which variables
having high selection frequency contributing more strongly to theemod

Variables were ranked by selection frequency at each stage, which theetecstd

variable receiving the top rank. At each stage, theaoged variable was selected, and
added to variables in the next asstbaeguent(t her
stage represented the top variables selected at the previous stages). This bootstrap
procedures and selection process also allows for measures of model validation and
prediction uncertaintyHaché et al. 2004 as determined by the distribution of variable
selection. For example, if many variables are selected in equal proportions at a given stage,

this is a more uncertain model than if a single variable is selected at a very high proportion.

5.2.3.7. Spatial predictions of density

To predict density of each species across the study area as well as estimate population sizes,
the surface of NB and NS was covered with a net of points, located at the centre of a grid
of 250 m by 250 m cells. The resulting 2.12 milliavirgs were buffered at the local and
territory sizes for the three species. At each point, all model covariates were extracted using

the same mmcess as the avian data layers
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| used the habitat models to generate density estimates at each point.i¢togitat

within national parks were calculated by summing converted density estimates from points
within national parks. Though available covariates made it possible to predict at finer
spatial resolution, computational limitations restricted predictionthe grid size used
here. For each specidsusedmeanpredicted density at prediction points to produce a
digital raster at 250 m for each national park, showing spatial resolution of density and

coefficient of variation.

5.2.4. Comparison of National Parks to other lands

Of the 2.1 million prediction points in NS and NB, 28 880 were within the area covered by
the four national parks: Cape Breton (15 447 points), Kouchibouguac (3 410 points), Fundy
(3 367 points), Kejimkujik Mainland (6 358 points), and iKejujik Seaside (298 points).

A 5 km x 5 km grid was superimposed over the study area, with each grid square numbered.
Grid squares were further divided by ecoregion. Within each National Park, the number of
grid squares falling into each ecoregion wagddllas well as the number of prediction
points within the grid square. Each grid square was considered a replicate, and prediction
point within that replicate considered a sample. Kejimkujik Seaside was excluded from
analysis due to the low number of gsduares containing samples. Replicates could
contain up to 400 samples, and only replicates with less than 30 samples were omitted from
analysis. The number of replicates per park, separated by ecoregion, ranged from 7 (Fundy,
ecoregion 123) to 38 (Capedton Highlands, ecoregion 1ZBable5.7).

For comparison between predictions of species density between national parks-and non
park lands in the same ecoregion, sampling was replicated in random grid squares. All non
park grid squares within the ecoregion were assigned random numbard fi@ 1000

using a python code, and arranged from smallest random number to largest. Grid squares
in an ecoregion were selected to be replicates sequentially until matching the number of
replicates for the corresponding national park in that ecoregiaa.rdhdomization and
selection process was repeated for samples within each replicate. For example, consider a
grid square that the park boundary passes through, and part of the square is contained within
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the park, and the remainder is outside. Out optissible 400 sample points in that square,

350 are within the park boundary and included for analysis. In the matching grid square for
that ecoregion (replicate), only 350 randomly selected samples were included out of the
potential maximum of 400. If a pécate did not contain enough prediction points to meet

the necessary samples (for example, the ecoregion boundary was placed such that only 200
of 400 prediction points fell within the ecoregion, although 350 samples were necessary),
that replicate wasxcluded and thaext random grid square choséntotal of 123 grid

squares were chosen as comparison replicates to match the 123 grid squares falling within

park boundariesHgure5.5).

For Olive-sided Flycatcheand Canada Vdrbler, predicted mean number of territorial
males/ha at the replicate level was compared between the protected areas and remainder of
the ecoregion usingtests.Rusty Blackbirdwas excluded from testing for not meeting

distributional assumptiorsf normality and homoscedacity

5.3. RESULTS

5.3.1. Variable selection

For each species,compared all of the models across all bootstrapped runs to determine
overall selection frequency between the subdetshe Rusty Blackbirdand Canada
Warbler models, WETNESS wathe mostselected subset at all stages.Qhive-sided
Flycatchemmodels, WETXFOR was the mestlected subset at all stages. At each stage,
up to 14 variables were selected at least once, though in all cases, the tveelewst
variables accounted fat least 62.5% of the totaklection at that stage, withn@eanof

83% of selection.

As only stages 1&2 differed amongst the three subsets, this stage was the point of
divergence for selection. At the first stage of selection (grouped between s€jes 1
Rusty Blackbirdwas somewhat divided, with WETNESS, WETLANDS, and WETXFOR
selected 56.6%, 37.8%, and 4.2% of the total, respectiValyle 5.10). For Olive-sided
Flycatcher at initial stages WETXFOR was selected in 91%cas$es, followed by
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WETLANDS and WETNESS at 7% and 2% of cases, respectiValy¢5.17,Table5.11).

The Canada Warblemodel selected WETNESS almost exclusively, at 99.2% of the total
selection Figure 5.20), and WETLANDS was not selected at all. Within each model
subset, the covariates with the highest selection frequency at each stage were chosen for
inclusion in the final modelsT@ble5.8). Variable selection paths show relative selection
frequency of each variable within each subset, allowing for a visual estimate of uncertainty
(Figure5.6).

5.3.1.1. Rusty Blackbird

For the Rusty Blackbird, out of the 240 bootstrapped rinesWETNESS model subset

had the most runs with the lowest AIC (136 runs), followed by WETLANDS (94 runs) and
WETXFOR (10runs). The spread of selection between models is indicative of poor
agreement. Variables consistently selected among model subsetsonsidered to be the
most important predictors of variation on density. In the first and second stages of the
WETNESS subset, DTW_STD and CASFRI territory were the most selected variables by
a large marginTable5.12). At the first stage in the WETLANDS subset, WET _VEG local
was the most selected as well as CASFRI territory in the second stage, though by a smaller
margin. For the remainder of the model, the best predictdrsistly Blackbirdabundance
included QANCL_AV territory, FOOTPRINT territory, and PROTECT local. The most
selected variable was consistent across subsets for most $tages %.13; Figure 5.6

Rusty Blackbirg.

In the first and secondaies of the WETNESS subset, DTW_STD and CASFRI territory
were the most selected variabl@alfle5.12). At the first stage in the WETLANDS subset,
WET_VEG local was most selected as well as CASFRI ter in the second stage,lthough

a smaller margin. For the remainder of the model, the best predictBisstyf Blackbird
abundance included CANCL_AV ter, FOOTPRINT ter, and PROTECT, local. The most
selected variable was consistent across subsets for most Jialgle$.(13). Densities were
generally higher where dominant forest cover consistelbags sppand Picea sppat

both buffer sizes, and were lower when other forest cover categories dominated
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(Figureb5.7; Figureb.8). Rusty Blackbirddensity showed no clear pattern with DTW_STD

or WET_PROP across the territoffyigure 5.9). Neither did patterns emerge relating to

any structural variables or landscape complexiigyre 5.11; Figure 5.12) Human
footprint (Figure5.13) andon-road condition igure5.14) was associated with a decrease

in density. whileconnectedneswas assdated with an increas@-igure 5.15). A slight
increase in density was associated with areas that had been disturbed by forest harvesting

(Figureb.16) as well as unprotected sitésqure5.17).

5.3.1.2. Olive-sided Flycatcher

Amongst the 24@live-sided Flycatchebbootstrapped runs, the subset WETXFOR had the
lowest AIC in 218 runs, whereas WETLANDS had the lowest AIC in 16 runs and
WETNESS had the lowest AIC in 6 runs. For the WEDR subset, the variable
CASFRIXDTW_PRORP territory was selected in 100% of the runs, whereas in the
WETLANDS subset, WET_LENGTH territory was the msslected variable
(Figure 5.17). Variables best explainin@live-sided Flycatber abundance included
HT_STD territory, COMPLEXITY territory, FOOTPRINT territory, and CONNECT
territory (Figure5.18). The mostselected variable was the same for each stage across all
three subsetd=(gure5.6 OSFL).

Olive-sided Flycatcheshowed highest densities in forests dominate®iogaspp. (but

not Picea glauca)Picea marianaandAbiesspp.,and the lowest in forests dominated by
Pinus and deciduousHigure 5.7). Density of males per hectare increased slightly with
increasing DTW_PROP at the local level, with a much more dramatic increase at the
territory level Figure5.18). When leading species was interacted with the proportion of
250 m buffer classified as wet (depth to water table <= 1m), tree species associated with
higher Olive-sided Flycatchedensity followed a similar pattern as when tree cover was
considered in isolation. For all tree cover types exédémisspp.,Olive-sidedFlycatcher

density increased with a greater proportion of buffer classified asg-igetr€5.8).

126



At the local level, higheOlive-sided Flycatchedensity was associated with loweean
canopy closure and standard deviatidfiggre 5.10), as well as lowemean height
(Figure5.11). Whenconsidering the range of standard deviation across the territory, higher
densities were associated with values closer to the métliaman footprint had a negative
effect on densityRigure5.13), as did being omoad figure5.14). Olive-sided Flycatcher
density increased with greater landscape complexity and connecteéimgsa® 5.12,
Figure5.15). Protected sites showed slightly higl@ive-sidedFlycatcherdensitieghan
unprotected site@=igure5.17).

5.3.1.3. Canada Warbler

When examining model selection between subsets, the subset WETNESS was chosen in
all of the 240 runs based on having the lowest AIC value. Within thises, the variable
DTW_STD territory was selected in all 240 ruksglre5.9). CASFRI territory was the

forest cover variable best explaini@@nada Warbleabundance. Across the remaining
model stages, highly selected variablacluded CANCL_STD local, COMPLEXITY
territory, FOOTPRINT territory, and CONNECTIVITY-{gure5.6 CAWA).

In the WETNESS subset, higher densitiesGz#nada Warblemales at both scales
corresponded with forest stands with hpgbhportions oAbiesspp.,Alnusspp, Piceaspp,
Picea marianaand lower densities were predicted in stands dominatéddngpp, Larix
spp.,Picea glauca andPinusspp. (Figure5.7). This was consistent across both sgales
with the higher proportions dkbiesspp.markedly increasing density predictions at the
territory scale. Higher DTW_PROP were associated with higher densiti€arwdda
Warbler, with the effect more pronounced at the territory scale (25@mglie5.18). For
forest structure variables, densities peaked just below the mfedi@ANCL_STD at both
scales, as well as HT_STD and HT_ANdure5.10; Figure5.11). Landscapes witmean

to abovemeancomplexity were predicted to have higher densities, as did areas with higher
connectivity Figure5.12, Figure5.15).
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With regard to disturbance, densities were reduced in areas with a high humaimtfootpr
(Figure5.13), however, cuts showed higher densities than undisturbed areas, with a small
positive association. Burned areas showed very low density predidtignsg5.16). Off-

road conditions ulted in higher density predictionBigure 5.14), and site protection

statusdid not have a notable impa&tigure5.17).

5.3.2.  Predictions and population sizes

| produced estimates of mean density ofiterial males in National Parks in New
Brunswick and Nova Scotia fdRusty Blackbird Olive-sided Flycatcherand Canada
Warblerfor four Maritime national parksHigures 1923). Coefficient of variation was also
mapped to enhance understanding. In Kdwmiguac, predicted densities &usty
BlackbirdandCanada Warblewere generally low except one portion close to the seaside,
which corresponds on satellite maps to an area of treedMbegeas areas of higblive-

sided Flycatchedensity were more evBndistributed across the parlEigure 5.19).
Coefficient of variation did not conform to any obvious pattern. There were some data gaps

in prediction in this park due to lack of coverage for some covariate layers.

Fundy showe uniformly low predictedRusty Blackbirddensities Figure5.20). The few

small areas of higiDlive-sided Flycatcheand Canada Warbledensity followed river
valleys. Coefficient of variation increased on slopes and coastas.a@ape Breton
Highlands showed relatively large swathes of high density areas, particularly in the central
highlands portion of the parkigure5.21). Coefficients of variation were greater nearing

to the coast.

Predicted desities for all species were low across the Seaside Adjunct of Kejimkujik
except for a few very small patches in estuarine areas. Coefficients of variation increased
with proximity to the coastFigure 5.22). Kejimkujik (mainland)appears to have higher
densities oDlive-sided FlycatcheandCanada Warblan the western portion of the park,

with Rusty Blackbirdisolated to a few patches. Kejimkuijik is relatively wedimpled for

bird species compared to the other parks, andaselabf locations of these species was
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visually compared to the density mapigure 5.23). Known locations ofOlive-sided
Flycatcher and Canada Warblerecorded from 2002015 showed relatively good
agreement with predicted densities, though a portion of this dataset was included in BAM
training data. TheRusty Blackbirdprediction mapshowed very poor agreement with
known locations. Higher coefficients of variation for all species occurred in the eastern side

of the park.

The total predicted population of territorial males across all national parks wasRiistgr
Blackbird 358 forOlive-sided Flycatcherand 1092 foiCanada Warble(Table 5.15).
MeanpredictedRusty Blackbirghopulation density was 0.001 territorial malébafor all
parks.Olive-sided Flycatchepredicted means ranged from 0.006 males/ha (Kejimkujik
Seaside) to 0.014 males/ha (Cape Breton Highlands). Kejimkujik Sealsmdad the
lowest meanpopulation density foCanada Warblerat 0.025 males/havhereasCape
Breton Highlandshad the highest at 0.045 males/ha. r&licted ppulation sizes in
Kejimkjujik Mainland weremore than twice as high as Fundy National Park¢clwvin turn

was approximately twice that of Kouchibouguac.

Predicted densities within parks were compared to areas outside of parks in the same
ecodistrict, results varied. F@live-sided Flycatchempredicted densities inside parks were
equal or greatethan that of ecoregion comparison areas for all ecoregitatdg5.16;
Figure5.24). This difference was significant for ecoregions 123 (mean difference = 0.007
males/han=7,P < 0.001) and 129 (mealifference = 0.002 males/hasx 38,P < 0.001).
Canada Warblepredicted densities were only higher in parks for ecoregion 123, and the
differences between parks and randomly selected areas elsewhere in the ecoregion was
most pronounced in ecoregionl@nean difference = 0.024 males/ha, 19, P < 0.001)

and 129 (mean difference = 0.006; 28,P < 0.001). Highest predicted densitiesive-

sided Flycatchewere observed in ecoregions 128, 124, and 122, with highest densities of
Canada Warbleobserved in ecoregions 12and 123
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5.4. DiscussIoN

| used the largest available avian point count datadééwm Brunswick and Nova Scotia

to generate habitat models to support populatina predictions and conservatiorhe
application of speciespecific dfsets allows for correction of detectability and sample
bias, homogenizing surveys across protocols. This allows for predicted densities of these

species that are comparable between species and regions.

5.4.1. Habitat associations and model performance

In my models, covariates describing wetness and forest cover were considered to be the
most proximate to reflecting biological species needs. Higblgcted covariates do
correspond with known ecological associations of these three spdgi@sodels did not
include measures of climate, which are commonly used at lapg¢ialextents.Johnson
(1980)described a hierarchical model of habitat s&ecin which climate is viewed as
controlling firstorder selection (determining geographic ranges), and vegetation
influences secondrder selection. Typically, climate conditions are thought to be most
important at large spatial extents, and vegetatidretan important driver of local variation
(Forsman & Monkkénen 2003RAIthough on smaller scales climate may not be seen as a
factor, it is important not tomit it from congleration This is particularly true for birds,

as this group has been widely documented to have experienced recent distributional shifts
due to climate change (eldoguésBravo et al. 2012)it is anticipated thahese shifts will

continue(Cumming et al2013)

Variation in vegetation at scales between 0.1 and 10 ha is a known driver of boreal songbird
distribution(e.g Bayne & Hobson 1997; Hobson & Bayne 2000; Holmes et al. ZDIO&)
contribution of vegetation cover typebserved irmy models corresporsdwvith known
ecological associations dhese speciesOlive-sided Flycatchemwas associated with
coniferous species in which it nests across its range. Highee-sided Flycatcher
densities corresponded to greater proportions of wetness across the territory buffer, likely
necessary for meetninvertebrate biomass foraging requirements. Lomveancanopy
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closures and a median standard deviation of canopy height across the territory suggest sites
that are patchy, with a mix of treed and open areas. This reflestsghec i es d pr ef er
edgss, as they are known teest in emergent trees alongside wetlands, as well as barrens,
burns, and cutfAltman & Sallabanks 2010)

Canada Warblemale density was higher where forest cover watudedtree species
common to mixedwood stands. Although in southwest Nova SCatieada Warbleare
known to nest in ecosystems wéltomponent ohcer rubrum(CHAPTER 2 CHAPTER

3), Canada Warbledensities were negatively associated with sites with large proportions
of Acerspp This may either be an indicator of a dilution effect by grougiogr at the
genus level, or reflectgithe effect oforest communities northernrNova Scotia and New
Brunswick, wheréA. rubrumswamps are less common. A further explanation may be the
nature of the small patches tl@aanada Warbleoccupy.Individual effects of tree cover
variables weretsonger at the locacale, corresponding to habitat withime Canada
Warbleb s s mal [CatadaWarblérs r y el ati onship with for.
suggestensity is higher on patchy landscapgspported by its association with higher
landsc@e complexity. The importance of variable forest structure is importadanada
Warbler, who require vertical complexity of treeshrubs and forest floor micrositefer
nesting, foraging, and territorial displaj@eitsma et al. 2010Yhese habitdeatures may

be conserved biorest management actiids, as norprotected areas had slightly higher
densities oCanada Warblethan protected aredsow standard deviation of depth to water
table indicates a need for a relatively homogenous moisture regithewetness being

consistent acrogSanada Wairler-occupied sites

Rusty Blackbirdexhibited more variation in model subset selection than other species, and
also showed few patterns within modellected variables. This is likely due to the small
sample size of the training data (77 locatj@mneof which may have included detections

in transi), which may have been insufficient to elucidate dersatyitatrelationshipgor

this species. The association whlbiesand Piceawas consistent with known nesting
requirementgMatsuoka et al. 2010a; Powell et al. 2Q14)wever, few conclusions can

be drawn about the habitat preferences of this species from these models. Due to the
131



highly-divergent seleatin of the Rusty Blackbird model and unrealistic population
estimates (e.g. predicting only one male in Kejimkujik (mainland) when more birds have
been directly observed), predictions and covariate associations for this model should not
be considered accuem Models forOlive-sided Flycatcheand Canada Warbleboth

exhibit trends consistent with known species biology and deliver realistic population

estimatedased on the size of the paakd are likely to be reliable.

5.4.2. Depth to water table as a proxy for wetness

Though vegetation cover is often used as the main explanatory covariate for local to
regionalscale species distribution modelling (6Bgstamante & Seoane 2004; Bellis et al.
2008; Atamian et al. 2010hydrological variables may predict distribution equally well or
even greater for some speciBsirker et al. 2014Vegetation cover layers are also limited

by their static nature due to successional and disturbance processes. Forest invergory laye
in Nova Scotia haveelatively high levels of inaccuracy in areas occupied Ruysty
Blackbird Olive-sided Flycatcherand Canada Warble(CHAPTER 3. My results
suggestiepth to water table mapping to be a promising tool for improving model accuracy.
This type of feature creaeicroclimates that determine temperature and moisture regimes
on small scalegAnderson et al. 2012pand is less likely to change as quickly as forest

cover.

In my analysis, model subsets using depth to water table proved to have the highest
explanatory power. Surface wetlandydrs were drastically outperformed in predicting
bird abundance, likely due to differencesmethods otlassification between these GIS
layers. DTW is able to capture small wetlands that escape delineation from aerial
photographgMurphy et al. 2007)and border accuracy surpasses conventional delineation
from aerial photographgWhite et & 2012) Kreakie et al. (2012¢gompared models for
waterfowl thatDTW asa proxy for wetland features against those that used open wetland
cover derived from satellite imagery. ThBITW-based models had slightly higher scores
than wetland cover for an index of classification accuracy. Accurately modelling
subsurface wetness gnae especially important for species liResty Blackbird Olive-
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sided Flycatcherand Canada Warblerwho use wet forest habitats that are not easily
identifiable from aerial photography. The WETLANDS subset was never selected for
Canada Warbleiand raely selected foOlive-sided Flycatcherreinforcing that wet forest
habitat is difficult to detect from traditional aerial delineation of wetlands.

The abilityof modelsto interact forest cover and wetness offers paetd capture wet
forest habitatghat are difficult to capture by othemeans.For Olive-sided Flycatcher
which will nest in forest edges immediately adjacent to relatively dry habitats (as well as
adjacent to wetlands), the WETXFOR subset was most explanatory. Ho@kvessided
Flycatcherpopulation density incread with a greater proportion of the territory buffer

with a DTW O 1 m, reinforcing the i mportan

Though D'W data appears more useful than pha¢oived wetlands or forest layers alone,

it should be noted that it does not include infation on water extraction and management,

a factor which may become more pronounced at finer s¢&le=akie et al. 2012
Furthermore, increasing availability of higésolution LIDAR will allow for greater
identification of features ecologically relevant to these species, such as understory
deciduous shrub cover. Techniques for thisdeeelopng (e.g. Pouliot etal. 2006)and

have shown effectiveness at predicting habitat for songbirds by characterizing vertical
canopy structur¢Goetz et al. 2010; Vogeler et al. 201Such data may be particularly

useful for species lik€anada Warblemwhich require a complex xt&cal structure.

5.4.3.  Using national parks to protect species at risk populations

Habitat suitability for these three species has been declining in New Brunswick and Nova
Scotia(Panjabi et al. 2012)Both Canada Warbleand Olive-sided Flycatcheshowed
negative associations of density with human footprint and roads, as viké pssitive
association with connectedness and complexity. This suggests these species at risk may not
be able to tolerate an -gst undefined threshold of anthropogenic disturbamce.
disturbance was not temporally coupled with point count years snatmlysis, further

work must be done to determine disturbance threshakisuch, it becomes important to
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conserve remaining breeding habitat, and permanent protected areas offer a means to do
so. Howevergxistingprotected areas do not adequately capareas of high density of

these species, or a large proportion of the extant population.

Partners in Flight completed rangede population predictions of these species, estimating
the combined New Brunswick and Nova Scotia populatior@liee-sided Fycatcherand
Canada Warbleat 8 300and73 0 individuals, respectivel{Partners In Flight Science
Committee2013) However, they use different data sources and methodologies, estimating
effective detection radius with a different method than the QPAD method useHaehné.

et al (2014)used the BAM dataset and QPAD correction to recreate national population
estimates foDlive-sided FlycatcheandCanada Warbleiconstraining them according to
both BAM and PIF range limits. They estimated the total number of terrifinad-sided
Flycatchermales in New Brunswick and Nova Scosiagproximately 12 800and 166
Canada Warblemales When comparingny predictedpopulation sizesn national parks

to these regional estimaté368 Olivesided Flyatcher territorial males ari®92 Canada
Warbler territorial males) national parks encormaps 2.84.3% of the Olive-sided
Flycatcherpopulation and 0.68.5% of theCanada Warblepopulation. Given that
national parks cover 1.4% of the study area, the proportion of population protected is
representative foCanada Warblerbut is less than haldf what is necessary to be
representative foOlive-sided Flycatcherlt should be noted that the 4 national parks
studied here encompass natural landscapes, whereas outside of parks, significant
proportions of the province have been transformed duertouitgre, logging, orother
disturbancesall of which were included to varying degrees in the random samples of
ecoregionskuture work should compap®pulations within forested areas of parks against
only forested areas in surrounding ecoregidyseiminating nonforest areas from GIS

analysis. Thisnay give some insights into habitat quality, rather than just availability

Parks dichavehigherpredicteddensities oDlive-sided Flycatchethan randomly selected
surrounding areas in the same ecamegoutCanada Warbldrad lower predicted densities
in protected areas for 5 of 6 ecoregions. These results suggest that national parks in this
region may have representative areas of usable habit@if@sided Flycatcherbut do

134



not capture adequakabitat forCanada WarblerThus protected areas statappeared to
confer no benefit (or in some ecoregiteslighty negative) folCanada WarbleEXxisting

protected areas may not be adequately capturingdughty habitat for these species.

As the landscape outside of parks and protected areas continues to dnamge
anthropogenic disturban¢such as urban expansipmjoreareawill be renderedinusable

for these species. Featultdsave identified as being important for these species argkat ri

of change or loss. In Nova Scotia, wetlands under 19)Qiness designated as being of
special significancedo not receive legal protectiofiProvince of Nova Scotia 2011)
However, small wetlands may be particularly relevant for these species for foraging
(Powell et al. 2010ajThe proportion of forest dominated by mixedwood stands in New
Brunswck has been decreasing over the past-¢aitury as related to changing

disturbance regimes and forest harves(iugos Binks et al. 201Q)

In a situation of ongoing population decline and loss and conversion of breeding Habitat, i
is imperative to protect areas with high population densities. However, in New Brunswick
and Nova Scotia, existing national parks alone are not able to fulfill this ro@lifea-

sided Flycatcheand Canada WarblerAlthough it is important to ensureettcontinued
maintenance and protection of higbnsity areas within national parks, to effectively
steward regional populations, national parks managers will need to work in tandem with

managers of other protected areas, the forest management sectbe, pumbolit.
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5.5. TABLES AND FIGURES

Table5.1: National Parks within the study area of New Brunswick and Nova Scotia

Area Perimeter Centroid
Province National Park Ecoregions (ha)* (km) Lat/Long
NB Kouchibouguac Maritime Lowlands 24199 120.5 -64.929104,
46.8283@
Fundy Southern New Brunswick 21051  78.2 -65.038689,
Uplands/Fundy Coast 45.618185
NS Cape Breton Highlands Nova Scotia 96 663 212.1 -60.640798,
Highlands/Cape Breton 46.721488
Highlands
Kejimkujik (Mainland)  Southwest NS Uplands 39698 825 -65.30(87,
44.371300
Kejimkujik (Seaside) Atlantic Coast 2 095 70.3 -64.825776,
43.854574

*Park area size from GIS layers mapping national parks Cagastan{atics Canada; Natural Resources Canada)

Table5.2: Number ofRusty Blackbird RUBL), Olive-sided FlycatchefOSFL), andCanada WarblelQAWA) observed at
point counts in Nova Scotia and New Brunswick in the Boreal Avian Modeling project database

Birds at point count locations

Species 1 2 3 04

RUBL 46903 50 14 5 8
OSFL 46179 776 25 0 0
CAWA 46322 609 41 7 1
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Table5.3: Model subsets and descriptions of covariates used at each stage in hierarchical Peissar ingdels oRusty
Blackbird RUBL), Olive-sided Flycatche(OSFL), andCanada WarbletGAWA) density All covariates were
measured at either the local (L) buffer size (50 m for Rusty Blackbird and Canada Warbler, 100 m {fsidé&dive
Flycatcher), or théerritory (T) buffer size (250 m for all species)

Model Stage Subset A: WETLANDS Subset B: WETNESS Subset C: WETXFOR

1. Wetness 1.0 Null 1.0 Null 1-2.0 Null
1.1 Dominant wetland typg.) 1.1Proportion of area witBTW 1-2.1 Tree species coverage
1.2 Perimeter of wetland + streamlengt c | assi fi edlL)" wet " (CASFRI) x proportion of area with
(M) 1.2 Proportion witiDTW classified ~ DTW classified" we t " () O1
1.3 Proportion wetlan€r) "wet" (DO1 m) 1-2.2 Tree species coverage

1.3 Standard deviation &TW (T) (CASFRI) x proportion of area with
DTW classified" wet " (T)O1

2. Forest 2.0 Null 2.0 Null

Cover 2.1 Tree species coverage (CASF@Rl) 2.1 Tree species coverage (CASFRI
2.2-Tree species coverage (CASFRI) (L)

2.2-Tree specig coverage (CASFRI)
(M)

3. Forest 3.0 Null 3.0 Null 3.0 Null

Structure 3.1Meancanopy closuré¢l) 3.1 Mean canopy closure (L) 3.1 Mean canopy closure (L)
3.2Meancanopy closuré€T) 3.2 Mean canopy closure (T) 3.2 Mean canopy closure (T)

3.3 Standard deviation of canopy closur 3.3 Standard deviation of canopy 3.3 Standard deviation of canopy
L) closure (L) closure (L)
3.4 Standard deviation of canopy closur 3.4 Standard deviation of canopy 3.4 Standard deviation of canopy
(m closure (T) closure (T)
3.5Meancanopy heigh(L) 3.5 Mean canopy height (L) 3.5 Mean canopy height (L)
3.6 Standard deviation ofmapy height 3.6 Standard deviation of canopy 3.6 Standard deviation of canopy
(T) height (T) height (T)

4. Land 4.0 Null 4.0 Null 4.0 Null

scape 4.1 Meanlandscape complexity (T) 4.1 Mean landscape complexity (T) 4.1 Mean landscape complexity (T

Complexity
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Model Stage

Subset A: WETLANDS

Subset B: WETNESS

Subset C: WETXFOR

5. Disturb
ance

6. Road
Distance

7. Land
scape
Connectivity

8. Protection
Status

5.0 Null

5.1 Leading CASFRI disturbances (T)

5.2 Mean human footprint index (T)

6.0 Null
6.1 Distance from road

7.0 Null
7.1 Mean connectivity index (T)

8.0 Null
8.1 Protected/Unprotected

5.0 Null

5.1 Leading CASFRI disturbances (”

5.2Mean human footprint index (T)

6.0 Null
6.1 Distance from road

7.0 Null
7.1 Mean connectivity index (T)

8.0 Null
8.1 Protected/Unprotected

5.0 Null
5.1 Leading CASFRI disturbances

(M)

5.2 Mean human footprint index (T

6.0 Null
6.1 Distance from road

7.0 Null
7.1 Mean connectivity index (T)

8.0 Null
8.1 Protected/Unprotected
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Table5.4:

Description and short names of covariates used at each stage in hierarchical Poisearlagpdels oRusty

Blackbird RUBL), Olive-sided FlycatchefOSFL), andCanada WarbletQAWA) abundance

Model Stage Covariate Short Name Type Units
1. Wetness Dominant wetland vegetation type WET_VEG Categorical Vegetation Class
Stream length + wetland perimeter WET_LENGTH Continuous m
Proportion of buffer that is wetland WET_TOTAL Continuous  Proportion
Proportion ofbugger withWAM DTW_PROP Continuous  Proportion
classified as wet (<=1m depth to water
table)
Standard deviation of depth to water tat DTW_STD Continuous m
1-2. Wetness x Leading species x wet/not wet Multiple* Continuous  Species X rhx
Landcover Proportion
2. Landcover CASFRI cover types and proportion Multiple* Continuous  Species x h
within buffer
3. Structure Meancanopy closure CANCL_AV Continuous %
Standard deviation of canopy closure CANCL_STD Continuous %
Meanof canopy height HT_AV Continuous m
Standard deviation of canopy height HT_STD Continuous m
4. Landscape  Category olandscape complexity COMPLEXITY Categorical Class
Complexity dominating buffer
5. Disturbance Proportion of buffer disturbed (CASER Multiple** Continuous  Proportion
Meanhuman footprint index FOOTPRINT Continuous  Index



ort

Model Stage Covariate Short Name Type Units

6. Road Distance from road ROAD Continuous m

7. Landscape = Meanconnectedness index CONNECTED Continuous  Index
Connectivity NESS

8. Protected Protectionstatus PROTECT Categorical Class
Areas

*Variables derived from CASFRI forest cover indicate area occupied by a tree species, including: Abie_bals, Abie_pice,
Abie_spp, Acer_rubr, Acer_sacc, Acer_spp, Alnu_spp, Betu_alle, Betu_papy, Betu_popu, Betu_spari-&gaxgspp,
Hard_into, Hard_nonc, Hard_tole, Hard_unkn, Lari_deci, Lari_lari, NOSC_HARD, NOSC_SOFT, Pice_abie, Pice_glau,
Pice_mari, Pice_rube, Pice_spoo, Pinu_bank, Pinu_resi, Riog Pinu_stro, Pinu_sylv, Popu_balb, Popu_spp, Popu_trem,
Prun_sero, @er_rubr, Soft_unkn, Thuj_occi, Tsug_cana, Ulmu, amer, Wpa Refer toCosco (2011jor variable descriptions.
**Variables derived from CASFRI disturbance layers inticarea occupied by a given disturbance type, including: Burn (BU),
Cut (CO), Other (OT), Partial Cut (PC), Slide (SlI), and Windfall (WF).
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Table5.5: Spatial data layers used for covariate extraction

o Data Re_soi . o
Layer Description ution Rights Citations
Year (m)

Avian Point BAM and BBS project data 2014  vector Boreal Avian Modelling  Cumming et b

Count Dataset Project 2010

Common National extent of provincial forest 2008  vector Cosco 2011;

Attribute resource inventories, standardized 2014 Cumming et al.

Schema for a common schema 2015

Forest Resource

Inventory

(CASFRI)

National Canada's ecological framework, 2013 vector CGDI National Marshall et al.

Ecological including ecozones, ecoprovinces, Frameworks Data; 1999

Framework for  ecoregions, and ecodistricts. Agriculture and AgriFood

Canada Canada

Human Footprint Extent and relative intensity of 200 90 Wildlife Conservation Sanderson et al
human influene on terrestrial 2006 Society Canada; 2002; Woolmer
ecosystems via human settlement Conservation Biology et al. 2008
access, landscape transformation, Institute: Data Basin
and infrastructure

Landscape The variety of microclimates on the 200+ 90 The Nature Conservaney Anderson et al.

Compkxity landscape as function of 2006 Eastern Conservation 2012; Andeson
topography, elevation range, and Region; Conservation & Clark 2012
moisture gradients Biology Institute: Data

Basin
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Reso}

Layer Description Data ution Rights Citations
Year
(m)
Local Strength of structural connections 2005 90 The Nature Conservaney Anderson et al.
Connectedness between natural ecosystems on a Eastern Gnservation 2012; Anderson
local landscape, measured as Region; Conservation & Clark 2012
outward permeability of ecological Biology Institute: Data
flows from one cell to its Basin
neighbours
National Parks  Boundaries of National Parks 2012 vector Geomatics Canada; Natural Resources
Canada
Protected Areas Boundaries of Protected Naal 201k vector Department of Natural
T NB Areas and Provincial Parks In New 2014 Resources/GeoNB
Brunswick.
Protected Areas Boundaries for National Parks, 2013 vector Nova Sotia Parks and
T NS Provincial Parks, Provincial Protected Areas New
Wildlife Areas, and other protectec Brunswick
areas in NS
Roads Normalized Canadian road networ 2014 Government of Canada;
Natural Resources Canad
Earth Sciences Sector;
Canada Centre for
Mapping and Earth
Observation
Streams and New Brunswick Hydrographic 2012 vector New Brunswick
Waterways NB  Network, delineating surface 2014 Department of Natural

drainage features for New
Brunswick

Resources/GeoNB
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Reso}

Layer Description eata ution Rights Citations
ear
(m)
Streams and Provincial hydrographic features a unk vector Nova Scotia Departent
Waterwayd NS 1:10 000 scale of Natural Resources
Wet Areas Map of depth to water table derive 2004 10m Forest Watershed Murphy et al.
Mappingi NB from digital elevation models, 2005 Research Center, 2009
indicating likelihood of water University of New
saturation Brunswick
Wet Areas Map of depth to water table derive unk 10m Nova Scotia Department Murphy et al.
Mappingi NS from digital elevation models, of Natural Resources 2009
indicating likelihood of water
saturation
Wetlandsi NB  Wetlands identified from 1:10 000 2003  vector NB Department of Department of
aerid photography, including 2012 Environment and Local  Natural
wetland type, vegetation, and Government Resources Fish
photograph year and Wildlife
Branch 2006
Wetlandsi NS Wetlands identified from 1:10 000 200G 30m Nova Scotia Department
aerialphotography, including 2002 (sharp of Natural Resources
wetland type, vegetation, and -ened
photograph year, adapted to the 15m)

Canadian Wetland Classification

system
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Table5.6: Wetland vegetation type equivalencies between NB and NS, as determined from the Canadian Wetlands
Classification Guide

NB Veg Type NS Veg Type Equivalent Reclassification
Forested Hardwood Vegetation  Treed Treed

Forested Softwood Vegetation Treed Treed

Alders Low shrub/tall shrub Shrub

Shrub Vegetation, except alders  Low shrub/tall shrub Shrub
Emergent Vegetation Graminoid Graminoid
Open Water Aquatic Vegetation Aquatic

Open Water Usvegetated Water Water/Exposed
Coastal/Shoreline B¢ure Vegetate( Salt Marsh (excluded)
Coastal/Shoreline Feature none (excluded)

None Exposed Water/Exposed
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Table5.7: Replicates drid squareswithin Maritimes National parks for comparison wittplieates randomly sampled
elsewhere in the corresponding ecoregion

Replicates Ecoregion Area (ha) Percent
Total in Number Ecoregion
National Park Ecoregion Park Compared In Park Total in Park
Cape Breton 128 36 27 27,915 1,551,054 1.8%
129 45 38 68,748 234,077 29.4%
Fundy 121 12 10 11,430 1,317,982 0.9%
123 9 7 9,621 481,733 2.0%
Kejimkujik 124 25 22 39,698 1,636,318 2.4%
Mainland
Kejimkujik 125 4 0 2,095 728,169 0.3%
Seaside

Kouchibouguac 122 22 19 24,199 3,019,141 0.8%
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Table5.8: The two most frequently selected variables at each model stage for three subsets of 240 bootstriapged log
Poisson model runs f&tusty Blackbird RUBL), Olive-sided Flycatcher@SFL), andCanada WarbleiGAWA).
Resultsabelled bysubset (Ai WETLANDS, Bi WETNESS Ci1 WETXFOR ) and buffer size (L = local, T =
Territory). Column title abbreviations: S = Subset, F = Frequency, % = Percent selected.

CAWA OSFL RUBL
Stage

S Stage& Covariate F % Stage& Covariate F % Stage& Covariate F %
1-2.Wetness| B 1.3 DTW_STD (T) 185 77.1 1-2.2 218 90.8 1.3DTW_STD(T) 118 49.2
& Forest 2.2 CASFRI (T) CASFRIXWET_PRO 2.2 CASFRI (T)
Cover P(T)

B 1.3DTW_STD (T) 52 217 1.2 WET_LENGTH 16 6.7 1.1WET_TYPE(L) 73 304

2.1 CASFRI (L) (T), 2.2CASFRI(T) 2.1 CASFRI (L)

3. Forest B 3.1CANCL_STD(L) 144 60 3.6 HT_STD(T) 116 48.3 3.2CANCL_STD (T) 66  27.5
Structure B 3.6 HT_STD(T) 68 283 3.1CANCL_AV(L) 56 233 3.1CANCL_STD (L) 29 121
4.lLandscap | B 4.1 COMPLEX (T) 230 95.8 4.1 COMPLEX(T) 171 71.2 4.0 Null 104 433
Complexity | B 4.0 Null 8 3.3 4.0 Null 47 19.6 4.0 Null 70 29.2
5.Disturb- | B 5.2 FOOTPRINT (T) 226 94.2 5.2FOOTPRINT(T) 218 90.8 5.2 FOOTPRINT (T) 129 53.8
ance B 5.1CASFRI_DIST (T) 12 5 5.2FOOTPRINT(T) 16 6.7 5.2 FOOTPRINT (T) 87  36.2
6. Road B 6.0 Null 203 84.6 6.0Null 211 879 6.1 ROAD_DIST 95  39.6
Distance

B 6.1 ROAD_DIST 35 146 6.0 Null 11 4.6 6.0 Null 71 296
7.Landscapg B 7.1 CONNECT (T) 238 99.2 7.1CONNECT(T) 119 49.6 7.0 Null 89 37.1
Connectivity

C 7.1 CONNECT (T) 2 0.8 7.0Null 99 412 7.0 Null 75 312
8. Protection | B 8.0 Null 128 53.3 8.0 Null 149 62.1 8.1 PROTECT (L) 134 55.8
Status

B 8.1 PROTECT (L) 110 45.8 8.1PROTECT (L) 69 28.8 8.1PROTECT (L) 93 38.38
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Table5.9: Selection frequencies of covariates at model sta@asithin three subsets of 240 bootstrappediiogar Poisson
model runs for @nhada WarbletCovariates are labelled by buffer size, local (L) and territory Chlumn title
abbreviations: F = Frequency, % = Percent selected.

WETLANDS | WETNESS | WETXFOR
Stage Stage and Covariate % F % F % F

Struct 3.0 Null 0.0 0 0.0 0 0.0 0
3.1 CANCL_AV(L) 54 13 3.3 8 3.3 8
3.2 CANCL_AV(T) 12.1 29 50 12 1.7 4
3.3 CANCL_STD(L) 58.3 140| 60.8 146| 67.1 161
3.4 CANCL_AV(T) 0.0 0 0.0 0 0.0 0
3.5HT_AV(L) 3.3 8 25 6 0.4 1
3.6 HT_STD(T) 20.8 50| 28.3 68| 275 66
Complex 4.0 Null 24.6 59 3.3 8| 175 42
4.1 COMPLEXITY (T) 75.4 181| 96.7 232| 825 198
Disturb 5.0 Null 0.0 0 0.0 0 0.0 0
5.1 CASFRI_DIST(T) 19.2 46 50 12 92 22
5.2 FOOTPRINT(T) 80.8 194| 95.0 228| 90.8 218
Road 6.0 Null 87.5 210| 854 205| 90.8 218
6.1 ROAD(L) 12.5 30| 146 35 9.2 22
Connect 7.0 Null 0.0 0.0 0.0 0 0.0 0
7.1 CONNECT 100.0 240| 100.0 240| 100.0 240
Protect 8.0 Null 40.4 97| 53.8 129| 47.1 113

8.1 PROTECTL) 59.6 143| 46.3 111| 529 127




Table5.10:

Selection frequencies of covariates at each model stage across three subsets of 240

bootstrapped loginear Poisson model runs fBusty Blackbird

Stage Subset Covariate* F %
1-2. Wetness WETNESS DTW_SID (T), CASFRI(T) 118 49.2
& Forest WETLANDS WET_TYPE(L), CASFRI(L) 73 30.4
Cover WETLANDS WET_TYPE (L), CASFRI(T) 15 6.2
WETXFOR  Null 10 4.2
WETNESS DTW_STD(T), Null 7 29
WETNESS DTW_STD (T), CASFRI (L) 5 21
WETLANDS WET_TYPE(L), Null 3 12
WETNESS WET_PROP (T),CASFRI(T. 2 0.8
WETNESS WET_PROP (T),CASFRI(L, 2 0.8
WETNESS WET_PRORT), Null 1 04
WETNESS WET_PRORL), CASFRI(T) 1 04
WETLANDS WET_LENGTH(T), Null 1 04
WETLANDS Null, CASFRI(L) 1 04
WETLANDS Null, Null 1 04
3. Forest WETNESS CANCL_STD(T) 66 27.5
Structure WETLANDS CANCL_STD(L) 29 121
WETLANDS CANCL_AV (L) 28 11.7
WETNESS CANCL_AV (L) 26 10.8
WETNESS  Null 20 83
WETLANDS HT_STD(T) 19 79
WETNESS CANCL_STD(L) 11 46
WETNESS HT_STD(T) 10 4.2
WETLANDS CANCL_STD (T) 8 33
WETXFOR  CANCL_STD(T) 6 25
WETLANDS Null 5 21
WETXFOR  CANCL_AV (T) 4 17
WETLANDS CANCL_AV (T) 4 17
WETNESS HT_AV (L) 2 08
WETNESS CANCL_AV (T) 1 04
WETLANDS HT_AV (L) 1 04
4.Landscape WETNESS  Null 104 433
Complexity ~ WETLANDS Null 70 29.2
WETNESS COMPLEXITY (T) 32 133
WETLANDS COMPLEXITY (T) 24 10
WETXFOR  Null 7 29
WETXFOR  COMPLEXITY (T) 3 12
5. Distur- WETNESS HUMAN_FOOTPRINT(T) 129 53.8
bance WETLANDS HUMAN_FOOTPRINT(T) 87 36.2
WETXFOR  HUMAN_FOOTPRINT(T) 7 29
WETNESS CASFRI_DISTURB(T) 6 25
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Stage Subset Covariate* F %
WETLANDS CASFRI_DISTURB(T) 6 25
WETXFOR  CASFRI_DISTURB(T) 2 08
WETXFOR  Null 1 04
WETNESS  Null 1 04
WETLANDS Null 1 04
6. Road WETNESS ROAD_DIST(L) 95 39.6
Distance WETLANDS Null 71 29.6
WETNESS  Null 41 17.1
WETLANDS ROAD_DIST(L) 23 9.6
WETXFOR  ROAD_DIST (L) 8 33
WETXFOR  Null 2 0.8
7.Landscape WETNESS  Null 89 37.1
Connectivity WETLANDS Null 75 31.2
WETNESS CONNECT(T) 47 19.6
WETLANDS CONNECT(T) 19 7.9
WETXFOR Null 10 4.2
8. Protection WETNESS PROTECT(L) 134 55.8
Status WETLANDS PROTECT(L) 93 38.8
WETXFOR  PROTECT(L) 10 4.2
WETNESS  Null 2 08
WETLANDS Null 1 04

*Covariates are labelled by buffer size, local (L) and territory (T). Column title
abbeviations: F = Frequency, % = Percent selected.
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Table5.11:

are labelled by buffer size, local (L) and territory (T).

Selection frequencies of covariates at each model stage across three subsets of 240
bootstrapped loginear Poisson model runs f@ive-sided Fycatcher Covariates

Stage Subset Covariate F %
1-2. Wetness & Forest Cove WETXFOR  CASFRIXWET PROP 218 90.8
WETLANDS WET_LENGTH (T), CASFRI(T) 16 6.7
WETNESS WET_LENGTH (T), CASFRI(T) 4 17
WETNESS DTW_STD (T), CASFRI (T) 2 08
3. Forest Structure WETXFOR  CANCL_AV (L) 56 23.3
WETXFOR  CANCL_STD(L) 39 16.2
WETLANDS CANCL_AV (L) 11 4.6
WETXFOR  HT_AV local 7 29
WETNESS CANCL_AV (L) 4 1.7
WETLANDS HT_STD(T) 2 08
WETLANDS CANCL_STD(L) 2 08
WETNESS HT_STD(T) 1 04
WETNESS CANCL_AV (T) 1 04
WETLANDS HT_AV local 1 04
WETXFOR  COMPLEXITY (T) 171 71.2
4. Landscape Complexity ~WETLANDS COMPLEXITY (T) 12 5
WETNESS COMPLEXITY (T) 4 1.7
WETLANDS Null 4 1.7
WETNESS  Null 2 08
WETXFOR FOOTPRINT(T) 218 90.8
5. Disturbance WETNESS FOOTPRINT(T) 6 25
WETXFOR  Null 211 87.9
6. Road Distance WETXFOR  ROAD (L) 7 29
WETNESS  Null 5 21
WETLANDS ROAD (L) 5 21
WETNESS ROAD (L) 1 04
WETXFOR  CONNECT(T) 119 49.6
7. Landscape Connectivity WETLANDS CONNECT(T) 14 538
WETNESS CONNECT(T) 6 25
WETLANDS Null 2 08
WETXFOR Null 149 62.1
8. Protection Status WETLANDS Null 9 38
WETLANDS PROTECT(L) 7 29
WETNESS PROTECT(L) 3 1.2
WETNESS  Null 3 12
WETNESS  Null 8 33
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Table5.12:  Selection frequencies of covariates at model stagawithin three subsets of 240 bootstrappedliogar Poisson model
runs forRusty Blackbird Covariates are labelled by buffer size, local (L) and territory (ThurGo title abbreviations:
F = Frequency, % = Percent selected.

WETLANDS WETNESS WETXFOR
Stage | Stage and Covariate % F Stage and Covariate % F Stage and Covariate % F
Wet 1.0 Null 23.3 56| 1.0 Null 0.4 1| 1-2.0 Null 94.6 227
1.1 WET_VEG(L) 64.6 155| 1.1 DTW_PRORL) 0.4 1] 1-2.1 CASFRIXDTW_PROP 5.4 13
(L)
1.2 WET_LENGTH 12.1 29| 1.2 DTW_PRORT) 5.8 14| 1-2.2 CASFRIXDTW_PROP 0.0 0
(T) (M)
1.3 WETPRORT) 0.0 0| 1.3DTW_STD(T) 93.3 22
4
Cover | 2.0 Null 5.8 14| 2.0 Null 46 11
2.1 CASFRI(L) 43.3 104 | 2.1 CASFRI(L) 229 55
2.2 CASFRI(T) 50.8 122| 2.2 CASFRI(T) 725 17
4




Table5.13:  Selection frequencies of covariates at model stagewighin three subsets
of 240 bootstrapped loginear Poissormodel runs forRusty Blackbird
Covariates are labelled by buffer size, local (L) and territory (T). Column
title abbreviations: F = Frequency, % = Percent selected.

WETLANDS | WETNESS | WETXFOR

Stage  Stage and Covariate | % F % F % F
Struct 3.0 Null 8.8 21| 142 34| 21 5
3.1 CANCL_AV (L) 26.7 64| 20.0 48| 304 73
3.2 CANCL_AV(T) 2.5 6 1.7 4| 108 26
3.3 CANCL_STD(L) 20.8 50| 19.2 46| 1.7 4
3.4 CANCL_AV(T) 30.0 72| 30.8 74| 43.8 105
3.5 HT_AV(L) 0.8 2| 1.3 3| 79 19
3.6 HT_STD(T) 10.4 25| 129 31| 3.3 8
Complex 4.0 Null 56.3 135| 79.2 190| 58.8 141

4.1 COMPLEXITY(T) | 43.8 105| 20.8 50| 41.3 99

Disturb 5.0 Null 1.3 3| 038 2 1.7 4
5.1 CASFRI_DIST(T) 7.9 191 46 11| 42 10
5.2 FOOTPRINT(T) 90.8 218| 94.6 227| 94.2 226

Road 6.0 Null 70.0 168| 44.2 106| 70.8 170
6.1 ROAD(L) 30.0 72| 55.8 134| 292 70
Connect 7.0 Null 84.2 202| 64.6 155| 82.1 197
7.1 CONNECT 158 38| 354 85| 17.9 43
Protect 8.0 Null 13 3| 13 3| 08 2
8.1 PROTECTL) 98.8 237| 98.8 237| 99.2 238
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Table5.14:  Top ranked covariates explaining variation in density estimateRuety Blackbird RUBL), Olive-sided Flycatcher
(OSFL), andCanada WarblertGAWA) for each model subset. Models represent the 1s&lstted variable &m each
stage of the moddduilding processScale of variable is indicated as local (L) or territory (T).

Species Subset Top ranked model
RUBL WETLANDS Count~ WET_VEQL) + CASFRI(T) + CANCL_AV (T) + FOOTPRINT(T) +
PROTECT(L)
WETNESS  Count ~ DTW_SD (T) + CASFRI(T) + CANCL_AV (T) + FOOTPRINT(T) + ROAD (L)
+ PROTECT(L)
WETXFOR Count ~ CANCL_AV(T)+ FOOTPRINT(T) + PROTECT(L)

OSFL  WETLANDS Count ~ WET_LENGTHT) + CASFRI(T) + HT_STD(T) + COMPLEX(T) +
FOOTPRINT(T) + CONNECT(T)
WETNESS  Count ~ DTW_STI(T) + CASFRI(T) + HT_STD(T) + COMPLEX(T) + FOOTPRINT
(T) + CONNECT(T)
WETXFOR  Count ~CASFRIXDTW_PROP (T¥ HT_STD(T)+ COMPLEX(T) + FOOTPRINT(T) +
CONNECT(T)

CAWA WETLANDS Count ~ WET_LENGTHT) + CASFRI(T) + CANCL_STD(L) + COMPLEX (T) +
FOOTPRINT(T) + CONNECT(T) + PROTECT(L)
WETNESS  Count ~ DTW_STI(T) + CASFRI(T) + CANCL_STD(L) + COMPLEX(T) +
FOOTPRINT(T) + CONNECT(T) + PROTECT(L)
WETXFOR  Count ~ CASFRIXDTWPROFT) + CANCL_STD(L) + COMPLEX(T) + FOOTPRINT
(T) + CONNECT ter + PROTECTL)




Table5.15.  Predicted population density and numbers of territorial maleRusty
Blackbird RUBL), Olive-sided Flycatche(OSFL), andCanada Warbler
(CAWA) in 5 Maritime national prks

Park Mean population density Predicted Number of
area (territorial males/ha) Territorial Males
Park (ha) RUBL OSFL CAWA | RUBL OSFL CAWA
Kouchibou 24199 <0.001 0.011 0.016 1 29 43
guac
Fundy 21051 <0.001 0.013 0.031 0 43 105
Cape 96,663 0.001 0.014 0.045 9 217 695
Breton
Highlards
Kejimkujik 39698 <0.001 0.011 0.038 1 67 242
(Mainland)
Kejimkujik 2,095 <0.001 0.006 0.025 0 2 7
(Seaside)
Total 401,506 <0.001 0.011 0.031 11 358 1092
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Table5.16: Results ot-tests for predicted mean dengitgrritorial males/hapf Olive-
sided Flyatcher@SFL) andCanada WarbleGAWA) in national parks and
surrounding randomigelected areas of the same size in six ecorsgion
New Brunswick and Nova Scotia.

Park Ecoregion
Ecoregion Species n Mean SD |Mean SD P
121 OSFL 10 0.011 0.001| 0.011 0.009| 0.812

CAWA 10 0.032 0.008| 0.036 0.014| 0.321

122 OSFL 19 0.011 0.002| 0.008 0.005| 0.051
CAWA 19 0.018 0.006| 0.042 0.012| <0.001

123 OSFL 7 0.014 0.003| 0.007 0.003| <0.001
CAWA 7 0.028 0.005| 0.025 0.021| 0.382

124 OSFL 22 0.010 0.003| 0.010 0.005| 0.941
CAWA 22 0.037 0.012| 0.039 0.016| 0.640

128 OSFL 27 0.010 0.003| 0.010 0.004| 0.599
CAWA 27 0.036 0.015| 0.038 0.014| 0.558

129 OSFL 38 0.015 0.003| 0.013 0.003| 0.001
CAWA 38 0.046 0.018| 0.062 0.014| <0.001
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Table5.17:

Selection frequencies of covariates at model sta@ewithin three subsets of 240 bootstrappedliogarPoisson

model runs for Gve-sided FlycatcheiCovariates are labelled by buffer size, local (L) and territory (T). Column

title abbreviations: F = Frequency, % = Percent selected.

WETLANDS WETNESS WETXFOR
Stage Stage and Covariate % F | Stage and Covaride % F Stage and Covariate % F
Wet 1.0 Null 0.0 0| 1.0 Null 0.0 0| 1-2.0 Null 0.0 0
1.1 WET_VEG(L) 0.4 1| 1.1 DTW_PRORL) 1.7 4| 1-2.1 CASFRIXDTW_PRORL) 0.0 0
1.2 WET_LENGTH(T) 99.6 239| 1.2 DTW_PRORT) 65.0 156 | 1-2.2 CASFRIXDTW_PRORT) 100 240
1.3 WETPRORT) 0.0 0| 1.3 DTW_STD(T) 33.3 80
Cover | 2.0 Null 0.0 0| 2.0 Null 0.0 0
2.1 CASFRI(L) 0.0 0| 2.1 CASFRI(L) 0.0 0
2.2 CASFRI(T) 100 240.0| 2.2 CASFRI(T) 100.0 240




Table5.18:  Selection frequencies of covariates at model stagewighin three subsets
of 240 bootstrapped lelinear Poisson model runs foDlive-sided
FlycatcherCovariates are labelled by buffer size, local (L) and territory (T).
Column title abbreviations: F Erequency, % = Percent selected.

WETLANDS | WETNESS| WETXFOR

Stage Stage and Covariate % F % F % F
Struct 3.0 Null 0.4 1 0.0 0 0.0 0
3.1 CANCL_AV (L) 30.8 74| 43.3 104| 26.3 63
3.2 CANCL_AV(T) 0.0 0 0.4 1 0.0 0
3.3 CANCL_STD(L) 30.8 74 9.2 22| 19.2 46
3.4 CANCL_AV(T) 0.0 0 0.4 1 0.0 0
3.5 HT_AV(L) 10.4 25 1.3 3 3.3 8
3.6 HT_STD(T) 27.5 66| 45.4 109| 51.3 123
Complex 4.0 Null 20.0 48| 225 54| 20.8 50
4.1 COMPLEXITY (T) 80.0 192| 775 186| 79.2 190
Disturb 5.0 Null 0.0 0 0.0 0 0.0 0
5.1 CASRI_DIST(T) 0.0 0 0.0 0 0.0 0
5.2 FOOTPRINT(T) 100.0 240| 100.0 240| 100.0 240
Road 6.0 Null 91.7 220| 85.8 206| 96.3 231
6.1 ROAD(L) 8.3 20| 142 34 3.8 9
Connect 7.0 Null 10.8 26| 11.3 27| 45.4 109
7.1 CONNECT 89.2 214| 88.8 213| 54.6 131
Protect 8.0 Null 55.0 132| 53.8 129| 67.9 163
8.1 PROTECTL) 45.0 108| 46.3 111| 321 77
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Table5.19  Selection frequencies of covariates at model sta@ewithin three subsets of 240 bootstrappedliogar Poison model

runs for Ginada WarblerCovariates are labelled by buffer size, local (L) and territory (T). Column title abbreviations:

8GT

F = Frequency, % = Percent selected.

WETLANDS WETNESS WETXFOR
Stage| Stage and Covariate % F | Stage and Covariate % F Stage and Covariate % F
Wet | 1.0 Null 21 5[ 1.0 Null 0.0 0/ 1-2.0 Null 2.9 7
1.1 WET_VEG(L) 26.7 64| 1.1 DTW_PROKL) 0.0 0] 1-2.1 CASFRIXDTW_PRORL) 113 27
1.2 WET_LENGTH ter 71.3 171| 1.2 DTW_PRORT) 0.0 0| 1-2.2 CASFRIXDTW_PRORT) 85.8 206
1.3 WETPR® (T) 0.0 0| 1.3DTW_STD(T) 100.0 240
Cover| 2.0 Null 0.4 1| 2.0 Null 0.4 1
2.1 CASFRI(L) 31.3 75| 2.1 CASFRI(L) 21.7 52
2.2 CASFRI(T) 68.3 164 | 2.2 CASFRI(T) 77.9 187




Table5.20:  Sdection frequencies of covariates at each model stage across three subsets
of 240 bootstrapped lelinear Poisson model runs for CAW&ovariates
are labelled by buffer size, local (L) and territory (T). Column title
abbreviations: F = Frequency, % = Pertceelected.

Stage Subset Covariate F %

1-2. Wetness & Forest Cove WETNESS DTW_STD (T), CASFRI (T) 185 77.1
WETNESS DTW_STD (T), CASFRI (L) 52 21.7

WETXFOR CASFRIXDTW_PRORT) 2 08

WETNESS DTW_STD(T), Null 1 04

3. Forest Structure WETNESS CANCL_STD(L) 144 60
WETNESS HT_STD(T) 68 28.3

WETNESS CANCL_AV (T) 12 5

WETNESS CANCL_AV (L) 8 33

WETNESS HT_AV (L) 6 25

WETXFOR CANCL_STD(L) 2 08

4. Landscape Complexity = WETNESS COMPLEXITY (T) 230 95.8
WETNESS Null 8 33

WETXFOR Null 1 04

WETXFOR COMPLEXITY (T) 1 04

5. Disturbance WETNESS FOOTPRINT(T) 226 94.2
WETNESS CASFRI_DIST(T) 12 5

WETXFOR FOOTPRINT(T) 2 0.8

6. Road Distance WETNESS Null 203 84.6
WETNESS ROAD (L) 35 14.6

WETXFOR Null 2 0.8

7. Landscape Connectivity WETNESS CONNECT(T) 238 99.2
WETXFOR CONNECT(T) 2 08

8. Protection Status WETNESS Null 128 53.3
WETNESS PROTECT (L) 110 45.8

WETXFOR Null 1 04

WETXFOR PROTECT(L) 1 04
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Figure5.1:  Locaion of allNova Scotia and New Brunswigloint counts in the Boreal
Avian Modelling Project database. Abundance data from these locations
were used to generate bird habitat models for the national parks shown on
the map.
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Figure5.2:  Areas with a depth to water table less than or equal to 1 sretiabelled
as wetlandsFor comparison gbredicted aviapopulation density between
parks and their surrounding ecoregions, grédls @Qray squaresyere
randomly selected from the study area. Data source: Forest Watershed

Research Center, University of New Brunswick; NS Department of Natural
Resources.
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Figure5.3:  Map of study areas in relation ttassificationof landscape complexity for
the Northern Apglachian/Acadian ecoregions. For comparison of
population density between parks and their surrounding ecoregions, grid
cells (gray squaresyvere randomly selected from the study area. Data
source: The Nature Conservancy; Conservation Biology Institute: Data
Basin
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Figure5.6:  Selection paths of variables best explaining variation in density estimation
of RUBL, OSFL, and CAWA in New Brunswick and Nova Scotia based on
the branching hierahy model building process. Results for three model
subsets (Al WETLANDS, Bi WETNESS, Ci WETxFOR) represent
selection frequencies from 240 bootstrap iterations. Horizontal lines show
each model stage, and numbers indicate individual covariates. Skthde an
thickness of line are proportional to selection frequency, with larger and
lighter lines indicating higher selection frequencies.
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Relationship ofpredicteddensity of males per hectare to forest cover at two scales for RUBL (WETNESS model subset), OSFL

(WETXFOR model subset), and CAWA (WETNESS model subset). Upper panels show the local schlgfetior RUBL and

CAWA, 100m for OSFL) and lower panels show territory scale (250 m buffer).

Figure5.7:
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Figure5.8:  Relationship of density of males per hectare to forest covkepanportion
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(250 m) for OSFL. Values on the X axis are standardized.
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Values on the X axis are standardized.

168



69T

RUBL OSFL CAWA
0.12 §
0ue 0.15
0.10 0.05
| s 5
= - = £
< 008 < 004 4 = 010 4
8 g k]
E E £
Z 006 - Z 003 B
g § §
o (=] o
0.04 0.02 - 0.05 .
REHE 25
0.02 0.01 | N TR n ek,
0.00 - bl 0.00 0.00
T T T T T T T T T T T T 3
° o - © @ ° - ~ B < “ ° - o « o
s s s s s s S s S S s S b5 S o S =
LOC_CROWNCL_AV LOC_CROWNCL_STD LOC_CROWNCL_STD
RUBL OSFL CAWA
0.07
0.12 0.15
0.06 -
0.10 |
0.05 |
= B 5
< 0.08 2
= < 0.04 £ oo
$ 8 ]
£ E g
2 0.06 z =
b £ 0.03 £
3 § 5
5
o o a8
0.04 - 0.02 0.05
1 T A /—\\ 4
0.02 | i 4 5 ’—\\\
0.00 | 0.00 | 0.00 4
T T T T T T T T : - .
o o - © © =] - o ] < o - o~ © <+
= ° s = s s s s s S 3 5 o 3 3
CRCL_AV CRCL_STD CRCL_STD

Figure5.10. Relationship opredicteddensity of males per hectaren@anand standard deviation of canopy height at two scales
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0T

CAWA

RUBL OSFL
0.10
012
0.15 4
0.10 0.08
7 B =
< 008 £ ~
% 2 0.06 | £ 0.10
w k] g
E E =
2 0.06 2z 2
g 2 5
a 3 004 4 o
0.04 0.05 4
0.02 A gl
002 s
L LRRRO A FHIRI LT T i}
0.00 0.00 0.00 -{
T T T T T T T T T T T T T T
° P ° w ° o -n ° w ° ° © ° ..-, °
3 2 - & < S S = bl ~ = o - - o
HT_AV HT_AV HT_AV
RUBL OSFL CAWA
0.14 0,08
012
0.15
0.10 | 80
g 7 5
= 008 4 s £
8 8 8010 7
£ g2 0.04 g
> < E
= 0.06 z B
g 2 e
o a 8
0.04
i 005 |
7’/_’/—\\\7‘_77 =
002 + i s SRR |
0.00 0.00 0.00 |
T T T T T T T T T T
° ~ - © © o ° ~ -« © © ° o ~ - © o °
(=} o =] o o o o =} o o o - =3 o -3 (-} o -
HT_STD HT_STD HT_STD

Figure5.11: Relationship opredicteddensity of males per hectarerteeanand standard deviation of canopy height at two scales for RUBL

(WETNESS model subset), OSFL (WETxFOR model subset), and CAWA (WETNESS model subsethddpfseshovmean
canopy height at the local scale (50m buffer for RUBL and CAWA, 100m for OSFL) and lower panels show standard deviation of
canopy height at the territory scale (250m buffer). Values on the X axis are standardized.
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Figure5.13: Relationship of density of males per hectare to human footprint index at the territory scale (250 m) for RUBL (WETNESS model
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