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ABSTRACT

The current paradigm of nonindigenous plant species (NI&agesmenassumes all
NIS populations are invasive aighores thatdifferent populations afhe same species
have differat dynamicsand respond differently to perturbatiansdissimilar
environmentsSpecies distribution modelSDM) canpredictspatial patterns dflIS
environmental suitability antbrm a link between management objectives and species
distributions. The objectives of this dissertation were to evaltiaeutility of SDMs for
NIS management. Specifically, tepatialtransferabity of modelstheimportance of
land ussin explaining NIS distributions, arttie relationshig between management
efficacy andSDM predictionsvere assessed.

The firstobjectiveevaluatedhe transferability of SDM#&r two NISamong
neighboringregionsrepresenting a thregeoint gradient of humadisturbancentensities.
Themodelsdid not adequately transfbetween the two management units representing
the least and greatest intensities of human disturbahbessuggesteNIS mightbe
distributeddifferently in response to human disturbanc&se secondbjective
comparedhe relative roles ofnvironmentalcurrentland useand historical land use
variables on explaining occupancfes six NIS. Historical land usexplained greater
amounts of the variation in Ni&cupanciess compared tonly environmental variables
or environmental plus current land use variallesd uses auently or previously
irrigatedfor agricultureincreased predicted probabilities ocacrence fomultiple NIS,
including an introduced perennial forage species. Thedinaktiveassessethe
applicability of SDMsto prioritize NIS populations for management treatments
Herbicide treatments were applied to populations of twolbi&ted alonga gradient of
their respective SDM predictions. Th#ect of herbicide treatmepnh NIS densities
variedeitherpositively or negatively witlpredictedenvironmental suitabilitglepending
on the specific specieshiis,NIS populatiorresponses mdye predictablend treatment
prioritizedusingSDM predictions; howevecontrastingesponsebetween the two NIS
evaluated suggested management should be adapted for species and site specific
conditions This studyshowedthat human disturbance histargn affect how NIS are
distributed and, thusSDMs should be generated from site specific datether,SDMs
can guide managers swhich NIS populations should be prioritized for management.
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CHAPTER ONE

INTRODUCTION

Prologue

The current paradigm of weed management is primarily speergsic. That is,
particular species are detrimental and need to be actively managed to prevent, eradicate,
or contain their occurrence. Often we see images on television, in newspapers, on signs
public parks, and even sometimes as professional weed science meetings perpetuating the
notion that weeds at#ad, are theenemy In fact, we often hear terminology such as the
Owar on weedsO or Oweed warriorsO to describe weed control practieepeople
who administer them. Protecting our field research sites Wigilanteweed warriors is a
running joke among weed scientists. There are several summer days at Burke Park in
BozemanMontanawhere | have seen a nicely laid pile of spotted knapveéems
placed by a trail head indicating someone as taken it upon himself to hand pull as much
as he could from existing patches in the park. Of course, such individuals do not know
that Dr. Maxwell takes his undergraduate weed ecology class thereyeaetp make
measurements of patch densities and areas to teach students about the importance of
monitoring and illustrate how not all weed patches are invasive (i.e., increasing in density
and/or spatial extent over time). It was while | was servingteaching assistant for that
same class when | learned a graduate student in a social sciences department, on whose

committee Dr. Maxwell served, found remarkable similarities between how weeds are
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currently depicted in the media and how Native Americag®wn the 1800s. Thus, the
prevailing public perception is that weeds are bad.

There are examples that certain weedy species are detrirffMati 1981
D'Antonio and Vitousek 199Mack et al. 200D However, just as a parasite poses little
threat without a host, so may be mampecies of plants when lyingnant as seeds or
growing under less than optimal conditions. Still, there is a perception that weeds are bad
regardless of thenvironmentakonditions in which thepccur Some species of weeds
growing in certain environments may very well be bad insomuch as they interfere with
crop productivity, displace desired vegetation, alter rtrdfphic organismal interactions,
and potenally alter biotic processes so greatly they affect abiotic processes as well (e.g.,
increasing wildfire frequencyBrooks et al. 2004 But, the question remains, are weeds
the drivers or the passengers of the vehicle inducing emreotal changes? Some
hypothesize that human presence on a landscape is the real driver, and humans cause
disturbances that favor the occurrence of weeds. Thus, weeds are the consequences or
symptoms of the real underlying problem. Surely, the ansvgesdimewhere between
these two extremes. Maybe weeds are Geeakdrivers.O At first they are just along for
the ride, but over time they become a party to the actual agents of change. Whatever the
answer, it seems clear that individual species aréhegtroblem; rather, certain
interactions of weed populations with their environments may be problgiDatics et
al. 2000.

The research presext in this dissertation was intended to better understand the

processes affecting weed species distributions and how understanding weed distributions
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could facilitate more efficient and efficacious weed management. This is particularly
necessary in rangend wildland aras where knowledge of what weed speoigsur
where and how they interact with their environments could facilitate better management
decisiondRew et al. 200}/ Moresuitable environments may harbor more aggressively
growing weed populations. Thus, such populations may have relatively more invasive
potential than other populations of the same species growing in less suitable
environmentgDavis et al. 2000 Likewise, we might expect population responses to
managemertreatmentgo differ among populations growing in different environmental
conditions. Thuspur current speciesentric paradigm for weed management does not
sufficiently exploit our current ecological understanding of the associations between
individual plant growth responses and plant population dynamics with environmental
suitability. Some wed scientists recognize that there is a need for a paradigm shift that
focuses on populations rather than individual spdtielnhoff et al. 2006Rew et al.
2007 Maxwell et al. 2009

My research addressed two overarclobgectivesthat could be applied to practical
weed managemedecisions. The first objective dealt with characterizing environmental
suitability and what factors affect predictions of suitability. Accurate characterization of
environmental or habitat suitability an integral component of metapopulation and
sourcesink theories, which dealith how species are spatially distributed and how those
spatial configurations contribute to dynamics of populatiblasvever,such a
characterization is challenging for many species, especially for plants who can occupy

areas bunsuitable habitat as dormant seeds, areas of exceptional habitat as thriving
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rooted populations, and many environments in betWgksson 1996Freckleton and
Watkinson 2002 The first two data chapters in this dissertation pertain to how
nonindigenougplant species (NIS) are distributed across heterogeneous landscapes and
whatfactors, particularly anthropegic activities, contribute to their occupancy of

certain environments.

The second objective addressed how using such characterizations of NIS distributions
could inform management decisions. Specifically, | was irtedan the relationships
between NIS population dynamics and population responses to management with
predictions oenvironmental suitabilitynodels. If predictable relationships exist
between simple models of environmental suitability and responsesiageraent, such
models could be used to guide the prioritization of populations targeted for management
treatmentgRew et al. 200)/ Such a prioritization framework could result in more
efficient allocation of limited management resources while redulkangpread or

abundance dNIS.

Justification for This Research

Species distribution mode(SDM) are hypothesized to be useful for testingories
aboutecologicalnichesbut are rargl evaluated for such purposguisan and Thuiller
2005. SDMs are typically generated by regressing presence/absence data for a specific
species on a set of environmental fictat variables to obtain estimates of the speciesO
probabilities of occurrendgguisan and Zimmermann 2000 he research presented in
this dissertation contributes to our knedtje of niche theory and applyingghemodels

(i.e., SDMs)to management decisions at local spatial schtested the hypothesis that
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environmentatesponsesf speciegi.e., response curves or niche axis positions) to
variables defining their nichese consisteramong differengeographiaegions
(Thompson et al. 1998ill et al. 2000 Prinzing et al. 20020y evaluating the
transferability (i.e., generalizatiar extrapolatiohof SDMs for NIS among neighboring
management units with varying intensities of human disturbamaeherassesedthe
relative role of current and historical land uses for characterizing patterns of NIS
occupancy andhus,influence on speciesO nichéss currently poorly understood how
SDMscould be used to integrageological principles with weed managemdinus, this
research also investigated the relationships between NIS environmental su#ability
predicted by SDMandpopulationresponsgto herbicide applications

To address the gaps in our current understanding of the portabiNtpafistribuion
models the role of current and historical land use\i8 distributions, and potential
applicatims for ecologicallypased prioritization dIS managemeniising SDMsthree
specificquestions were addressed and correspond to a standalone/orept&riptin
this dissertation

1. How well dononindigenouplant species distribution models transfer between

three neighboring management units that represent a gradlanmnah
disturbance intensiti@s
2. How do current and historicakes ofand affect prdicted probabilities of

nonindigenougplant species occupancy?
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3. What are the relationships between predicted probabilitissrahdigenouplant
species occurrence and the respson$¢éarget speciegopulations and offarget

plant communitieso chemical weed management?

Study Areasnd Data

Presence and absence data for a defined list of NIS were collected between 2001 and
2010 in three neighboring management units representing a gradient of human
activity/influence within the Greatereflowstone Ecosystem (GYE) (Figutel). NIS
data collected in these three systems were used to evaluate research questions 1 and 2
relating to the transferability of SDMs atiterelative role of land use history for
moceling NIS occupancy. Data from thestady areas were used to generate SDMs for
the species evaluated to answer research question 3. IThdktails the NIS species

evaluated in this thesis.



7

Tables and Figures

Table1l.1 Nonindigenous plant species (NIS) studied in dissertation chapters

Functional Life Primary Dissertation
Species Group Cycle®® Reproductioh Dispersal Chapter Sources
Bromus Grass Perennidl Seed; Veg Wind 4 Heide
inermis (1999
Leyess.
Bromus Grass Annual Seed Animal 3,4,5 Mack
tectorumL. (1981
Centaurea Forb Perennidl Seed Wind 4 Jacobs and
maculosa Sheley
(Dorn 1984 (1998);
Sheley et al.
(1998
Cirsium Forb Perennidl Seed; Veg Wind 3,4 Donald
arvense.. (1999
Cynoglossum Forb Perennidl Seed Animal 4 Upadhyaya
officinaleL. et al. (1983
Linaria Forb Perennidl Seed; Veg Wind 5 Vujnovic
dalmatica and Wein
(L.) Mill. (2997
Verbascum  Forb Biennial Seed Wind 4 Gross and
thapsud.. Werner
(1982;
Donnelly et
al. (199§

&iteroperous perennial
P semelparouperennial
“mode of reproduction either by seed (Seed) and/or vegetative (Veg) reproduction
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CHAPTER TWO

BACKGROUND

Nonindigenous Plant Species Distribution Modeling

Nonindigenouglant $ecies distribution modelSDPM) for nonindigenougplant
species (NISare presumably useful for land managers and policy makers as they are
often applied to guide and prioritize sampling, monitoring, and management decisions
(Rew et al. 200;7/Fox et al. 2009Maxwell et & 2009 Baxter and Possingham 2Q11
Ervin and Holly 2011Giljohann et al. 201)1 Suchmodelsaretypically correlative
models relatindocationsof aspecie€presences and absentegeoreferenced
environmental variable€Guisan and Zimmermann 200@6DMs are commonly used to
generatanapscharacterizinghe probability ofa specie€occurrence.The theoretical
foundation forSDMs is based on the concept cfeeciesO ecological or environmental
niche(Hutchinson 1957Guisan and Zimmermann 2000Hutchinson (1957) defined a
speciesO niche as the multivariate hypervolume of environmental conditions in which a
speciesan complete its life cycle. However, it is currently unresolved as to which niche
form SDMs are reallynodeling(Guisan and Thuiller 2003/itchell 2005 Kearney
2006 Soberon 2007 Sobera (2007 provided some clarificatiosuggestingpeciesO
niches should be defined relative to the spatial exteinig modeled and the scale
environmental variables used to characterize niches. For exaapédles important
for defining distributions at the individual or population level such as demographic,

physiological, or intraand interspecific competition variables are tyfpjjcmeasured at
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fine scales (e.gfine resolutions of up to a fegquaremeters maximunfor most plant
specie¥ much fner than most geographic information systems (GIS) data. However,
Measurementf suchfine scale biotic constraints mot practical for most species
(Soberon 209). In contrast, abiotic variables are more imporfantharacterizing the
spatial distribution of a species across a region or continent and are typically measured at
relatively coarsespatial scales (e.grom 10 nfto! 1 km? for most plant species).

Models of speciesO theoretical niches are only approximationsspktties€®alized
distributions that candbsampled under field conditions, and niche models rely on
priori knowledge of and access to the environmentahbkes defining niche&uisan
and Zimmermann 2000 Various studies havaddressedncertainty by evaluating
measures of predictive power and mogiebdness of fit for predirtg probabilitesof
occurrence (occupancifpearce and Ferrier 2008llouche et al. 2006Hirzel et al.
2006. Such studies havampared the predictiygerformancef various modeling
approaches combination with different spatial scal@uisan et al. 199Manel et al.
1999 Hirzel et al. 2001Guisan et al. 20Q2Anderson et al. 200Fegurado and Araujo
2004 Elith et al. 200%, however, there remains uncertainty in which methods
consistently result in accurate predictia@ispecies occupancpdding spatial
autocorrelatiorstructureg(Gelfand et al. 20Qd.atimer etal. 2006 Dormann 2007
Dormann et al. 20Q7and/or mechanistic processg.g., dispersal kerneldouget and
Richardson 200X earney and Porter 20Pfb generate better fitting or more realsti
models of a speciesO potential distributiave also been exploredlthough some of

these additions have resulted in better predictions on a site and species specific basis, it is
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unclear whether slight improvements in model validation using commadelmo
assessment techniqugxearce and Ferrier 200@ould be meaningful for NIS
managementLobo et al. 2008 Moreover, survey method and data type (e.g., presence
and absence data, presence and pseudo absence data, presence only datajedffect mo
outcomesand validationPeterson and Cohoon 1999anel et al. 2001Stockwell and
Peterson 20Q2M\icPherson et al. 20Q0#ernandez et al. 200Bearce and Boyce 2006
Rew et al. 2006 There is evidence that, when available, data contaotisgrvations of
aspeciesPresenceand absenaarepreferablecompared to observations of presences
only (Brotons et al. 2004n conjunction with some kind of stratified survey for data
collection(Guisan et al. 20Q0&Rew et al. 2006for generating SDMs

ModelingNIS distributiors presents a special challenge, particularly if the species is
in the early stages of invasion colonizatiorand does not yet occupy its full potential
rangein the introduced region. An underlying assumption for a SDiasthemodeled
species has diersed throughout the entire area being modeled and is in equilibrium with
its environmen(Elith and Leathwick 2009 When a specids recorded as absent from a
location at a particular time it may be because the location is environmentally unsuitable,
the location is occupied but the species is not detected, or the location is environmentally
suitable but the species has petdispersed to and establishagopulation Likewise,
anthropogenialterationsacross a landscape miapidly change environmental
conditions disturbance regimebjotic interactions, and plant canunity dynamics in
waysthat providemore or less suitable baat for an invade(Byers 2002Moles et al.

2012 complicating thenodelingof such aspeciegWelk 2004. Theassumption of a
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species in equilibrium with its environment should take into acdabergpatial resolution
and extenbver which a speciegfbbabilities of occurrence abeing modeled. As the
area (i.e., spatial extent) of a modeled systemeases and/or the prediction scale
decreases (i.e., resolution of survey and environmental predictors), the number of unique
environmental conditions and potentially novel environments for the invader to occupy
also increases. Inferences and conclusioas from models oNIS distributions must
take into account the survey methods and the limitations of data used.

Climate matching betweemnspeciesO native and introduced rahgsseen used to
predict potentiaNIS distributionsandusedas a means of overcomipgtential
violations of speciegnvironment equilibriunfe.g.,Curnutt 2000 Hoffmann 2001 Welk
et al. 2002Mau-Crimmins et al. 2006 Ignoring biotic interactions with the species in its
native raigeor potential adaptations of the species to novel conditions once in the
introduced range are among the criticisms of climate matching modeling méiranis
et al. 1998 Explicitly modelingdispersal processésanother method used to predict a
speciesO potential distributi@ng.,Rouget and Richardson 2Q0@arney and Porter
2009. However, it remainsecessary to survaylS over time to accurately characterize
how NIS distributiors may be changing and whethbese species have reaclaesiable
equilibrium (Welk 2004 Stohlgren and Schnase 208&w et al. 2007Elith and

Leathwick 2009.

SDM Transferability in Space

Transferability of a SDMs parameterizing a model in one region and using that

parameterizatioto predict a species distribution in other regi(fRandin et al. 2006
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Elith and Leathwick 2009 The ability to use SDMs to predisiS occurrence in one
region kased on its occurrence in another region would be beneficial for land managers
given the scarcity appropriate da@ed to build SDMsTransferabilityhas been
explored forvariousplantspecieswvith limited successs(Randin et al. 20Q&rvin and
Holly 2011) despitesomeevidence of speciesi@hes being consistebetween different
regions(Thompson et al. 19983ill et al. 2000 Prinzing et al. 2002 Randin et al.
(2006 evaluated thé&ransferabity of SDMs for 54 plant species between regions in
Austria or Switzerland. They evaluatib regressiomethods, generiakedlinear
models with logit link functions (GLM; logistic regression) and general additive models
(GAM) ata 25 nt prediction reshution. Transferability failed (based on various metrics)
for more than 50% of the species tested irrespective of modeling métftwwdover
adequate transferability of a SDM trainedAstria, for exampledid not guarantee
adequate transferability ofraodel for the same species traine®witzerland The
authors called this asymmetrical transferabiibfingthat differences in land uséstory
between the two regions was one ofltkely causes. Likewise, differences inurrent
and historicaland management waspotentiakeason for poor transferability of SDMs
for cogongrasslihperata cylindricg, an invasive introduced grass species, between
regionsin Mississippi and Alabamg@rvin and Holly 2011 The Randin et a(2006
and Ervin and Holly20117) studies highlighted the potentiahportance of anthropogenic

disturbancesuch as land usen plant speciesO distributions
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Nonindigenoudlant Distributions and Anthropogenic Factors

Most biological invasions have been linked to human activity through purposeful or
accidental introduction@/itousek et al. 1996Vitousek et al. 199Mack et al. 2000
Davis 2009, increasing propagule pressikack and Lonsdale 20QDavis 2009
Taylor et al. submitted Jan. 3, 20,L1@nd altering landscapes creating more suitable
habitat(D'Antonio and Vitousek 199Zrime 1997 Mack et al. 2000Byers 2002
Moles et al. 2012Taylor et al. submitted JaB, 2013. Humandisturbancesanaffect
naturaldisturbance regimes (e.g., frequency, duration, and intensity of disturlaaualce)
impact plant community compositiospecies distributionand facilitate invasions
(Brooks et al. 2004 For exampleBromus tectorunh.. (cheatgrasswas introduced from
Eurasia and its invasi@nabled through grazing operatioMagck 1981) Some systems
invaded by cheatgrass have been linked to significant changes in natural disturbance
regimes such as increasing fire freque(i2yAntonio and Vitousek 199Mack and
D'Antonio 1998 Brooks et al. 200dRew and Johnson 20110

Deutschewitz et a{2003 reportecthatNIS richness was positively associated with
moderate levels of both anthropogenic and natural disturbances at regional spatial extents
and coarse scales in Germany. Avsyrof levels of invasion (i.e., proportion of exotic
plant species) for various land cover classes across Europe revealed high levels of
invasion associated witiumanland uses such as agriculture, urbanization, and along
coastlines where introductiongght have occurre{Chytry et al. 200Q More intense

historicalforest management practices were suggesttteiafluence population
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dynamics specifically increasing seedling recruitmesftan invasive treeSyzygium
jambos in the Luquillo Mountains of Puerto Ri¢Brown et al. 200%

Protected areas or nature reserves represent some of the remainingHanahimal
human influence, and, thus, may be the pristine or OcontrolO environments used to
compare human altered environmei@%Antonio andVitousek 199%. Nature reserves
are often part of larger or greater ecosystems that include unprotected areas prone to land
use changes, which could result in loses to biodiversity by decreasing the effective size of
the reservefGude et al. 2006Hansen and DeFries 20QHansen and DeFries 20Q7b
Gude et al. 2007 Such unprotected regions surrounding reserves are particularly
vulnerable tdow density residential or exurban developm@rbwn et al. 205; Gude et
al. 200§. A potential consequence of exurban development might be an increase in NIS
invasions from areas outside to areas inside res@begies et al. 200 Hansen and
DeFries 2007pAllen et al. 2009. For exampleAlston and Richardson (20Pf&eported
a positive correlation between NIS richness in a protected national forest of South Africa
and proximity to suburban langes.

Applying Nonindigenous Plant
Distribution Models to Management

Much of theSDM literaturehas alludedo their usefulness for land managers and
policy makers; however, relatively few studies have experimentally tested the application
of such nodels for decision making. How might modeliNtS distributionsbe used to
make practical management decisioksiX et al.(2009 evaluated various surveillance

strategies of detecting new occurrences of invasive plants within a simulation study. The
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authors reported targeted monitoring within suitable habitat was moreeffiban other
methods investigated in spatially heterogeneous environments regardless of the life
history or dispersal abilities of the focal species. Ervin and 0§ 1) tested the use of
a distribution model of an invasive grass species, cogongrass, trained in one place and
extrapolated to another location as part of an early detection and rapid response (EDRR)
monitoring aid. Unfortunately, their mddey approach failed to transfer adequately in
terms of model validation metrics to the new location; however, the idea of model
transferability and/or methodology similar to what was propbsgdebx et al.(2009 as
part of an EDRR program could have tremendous practical applications for land
managers.

An understanding of the spatial distributiorN\d§ populatons could be used to
prioritize population or patch level managem@ew et al. 200)/ Moody and Mack
(1988 simulated the tradeoffs associated with containing large or conspicuous weed
infestations versus eradication of smaller satellite patches; they concluded detecting and
controlling new populations in conjunction with management of the outer edges of the
main patch was more important to controlling the overall invasion than concentrating
efforts solely on the main or large infestatiddespite the pioneer work of Moody and
Mack and other before theAuld and Coote 198Menz et al. 198)) mostsimulation
studiesfocusing on spatially explicit weed management made simplifying assumptions
about the dynamics of target populatiamsl/orassumed management efficacy would be
similar across all target populatidpatchegegardless of environmental suitability.

However metapopulation and population sousiek theories and associated models



19
(Brown and KodrieBrown 1977, Pulliam 1988 Hanski 1994aHanski 1998Pulliam
2000 coupled with spatial and temporal fluctuations in resource availafiilayis et al.
2000 predict that not all populations of the same species will have the same demographic
vital rates or the same rates of colonization and extinction.

More environmentally suitable areas famindigenouplant speciesay correspond
to more invasive populatiorfBrown et al. 208), that is, those populations expanding in
density and/or area over tim&ew et al(2007) reported significant positive
relationships between predicted probabilities of occurrandepopulation invasiveness
index values, which incorporated changes in population density and spatial extent
(Lehnhoff et al. 200§ for populations of two nonindigenous plant specses)ecio
vulgarisandLinaria vulgaris in western Montana.

Giljohann et al(2011) combined an SDM foBalix cinereaan invasive plant in the
Australian alps, with a decision model for allocating management resources based on cost
and budget constraints. Their models recommendedatihg moderate control efforts
on many locations more likely to be environmentally suitabl&fainerearersus
attempting species eradication on fewer areas of high probability of occurrence. How
many areas could be treated depended on fiscal coatsmtes. Baxter and Possingham
(2011 simulated the potential economic tradeoffs between cursory detection coupled
with control management versus cotleg more occupancy data needed to make better
predictive distribution models. Tradeoffs were based on initial knowledge of the system

and the target speciesO distribution and population dynamics.
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Variation in efficacy ohonindigenouplant populationso different management
techniques is well documented in the literatnezently reviewed by Kettenring and
Adams 2011 Likewise, ecological theory and empirical evidence suggest the response
to the same management technique applied to different populations of the same species
can be variablée.g., Cox et al. 2007 Uncertainty to the responseIS populations to
the same or varying management approaches can impact dintgiidity of
management costisiappropriate allocation of resour¢es inadequate cordl of the
target populationgEpanchinNiell and Hastings 2030 Further off target effects of
management such as declining native species ricli@gssMatarczyk et al. 20D2r
secondary invasion bytleer undesirable plant specigettenring and Adams 20)1tan
be an unincorporated castmanagement effor{as suggested in Rew et al. 2D07

As all types of weed management practices (i.e., mechanical, cultural, chemical, and
biological) have been reported to have some unintended impacts ¢argetplant
communitiegHobbs and Humphries 199Bimentel et al. 20Q3Radosevich et al. 2007
Kettenring and Adams 2011t is important to work toward minimizing negative off
target effects and maximizing NIS management efficiency. This may be achievable by
prioritizing weed population management along target NIS environmental suitability
gradents(Rew et al. 200;/Brown et al. 2008Fox et al. P09, Giljohann et al. 201)1

Although some empirical data exist evaluating how spatially explicit weed
management scenarios can reduce local site population growtfHateston et al.

2005 Emry et al. 201}, field experimentation of patch responses among several sites
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(i.e., landscape level) with ddfing levels of environmental suitability are currently

lacking.
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Abstract

Species distribution models (SDM) have the potential to aid with prioritization of
monitoring and managemeoit nonindigenou®r invasive plant species. Likewise, the
capacity to parameterize mdslén one region and accurately trandteanother would
be beneficiafor mangers lacking the resources to adequately survey their management
areasFewstudies have addressed SDM transferalfititynonindigenous plant species
(NIS) in space, especially between local spatial extents. Moreovesusatudies have
reported positive relationships between anthropogenic disturbances and plant invasions,
but very little information exists about how such perturbations may impact the portability
of models ofNIS distributions. We assessed the trangfditg of SDMs parameterized
for NIS and extrapolated among three neighboring manageinéstepresenting a
gradient of anthropogenic disturbance intensities within the Greater Yellowstone
Ecosystem. SDM uncertainty was highest in the system with gtes®unts of human
perturbations.Modelsinadequately transferredhentrained and extrapolated between
the two managememnnitswith the least and greatest intdres of anthropogenic
influence, and NIS model transferability amongsttevo units andheintermediately
disturbedunit were mixed. Results of this study suggested different processes likely
related to varying intensities of humdisturbancevere acting on NIS distributions
across management units, and caution should be taken when parzamgeded

extrapolating SDMs between regions with different land use histories.
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transferability, weed management

Abbreviations: AUC, area under the receiver operathmracteristic curve; GNF,
Gallatin National Forest; NIS, nonindigenous plant species; PVAL, Paradise Valley,
Montana; ROC, receiver operating characteristic curve; SDM, species distribution model;

YNP, Yellowstone National Park

Introduction

Connectiondbetween human activities and biological invasions are well documented
in the literature. Accidental or purposeful species introduc{igitsusek et al. 1996
Vitousek et al. 199 Mack et al. 200)) increasing propagule pressikéack and
Lonsdale 2001Von der Lippe and Kowarik 20QTaylor et al. submitted Jan. 3, 20,12
and the creation of more suitable habitatifmaders resulting from modkd land ue
(D'Antonio and Vitousek 199Zrime 1997 Mack et al. 2000Byers 2002 are some of
the humans activities that facilitate invasigh®les et al. 2012 Nonindigenousplant
richness has been found to be positively associated with human disesl{a.g.,
suburban ad road developmen(Deutschewitz et al. 200®aucharand Alaback 2004
Alston and Richardson 200p6Thus nonindigenous plant species (NEjrveying(Rew
et al. 2008 and developing species distribution models (SDHRPw et al. 200bhave
integraedvariables characterizing putative sources of human caused disturbances and
propagule dispersal (e.g., proximity to rigiftways)(Von der Lippe and Kowarik 2007

Taylor et al. submitted Jan. 3, 2Q012Abiotic environmental predictors describing terrain
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and climatic conditions are commonly used for parameterDigls however, few
studies have explicitly allessed how anthropogemisturbanceould influence the
portability of modelsfor NIS distributions, especially among neighboring management
areas with similar environmental variationhe utility of SDMsfor NIS would be
significantly more cost effeate if such modelsould be parameterized in one region and
then transferred to another

The niche positions (i.e., the position of a species along a niche axis such as solar
radiation or water availability) between Britain and central Europe remaomsdstent
when comparing EllenibgOs indicator values of plant species common to both regions
(Thompson et al. 1998ill et al. 200QPrinzing et al. 2002 which inplies models of
speciesO nichés., SDMs)should be transferable in space at certain spatial scales.
However, many of the SDM comparison studies concluded that the predictive abilities of
differentmodels were often site, species, and modeling algostecific(e.g.,Brotons
et al. 2004 Elith et al. 2006Peterson et al. 20Dp8uggesting the generalization of niche
models that are applicable for more than one region may have somadidins.

Randin et al. (2006) evaluated tin@nsferabilityof SDMs for 54 plant species
between regions in Austria afavitzerland. The authors reported that transferability
failed (based on various metrics) for more than 50% of the species tesspeative D
modeling method (e.g., generalized linear madajeneral additive model).
Furthermoreadequate transferability ofSDM in one direction (e.g., trained in Austria
and transferred to Switzerland or vice versa) did not suggest a moded tezid

transferred from the opposite direction would be equally adequate. The authors noted
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that differences in land use history between the two regions, among other factors, was a
likely cause for what they termed asymmetrical transferability. Likekisen and
Holly (2011 reported inadequate transferability of fine grain (i.e., 303BDMs built
with soil variables as predictors for cogongrdsgpgeratacylindrica), an invasive grass
species, between study areas with different land use/cover and management histories in
Mississippi and Alabama. The Randin et al. (2006) and Ervin and Holly (2011) studies
highlighted the potential importance lmimandisturbances wheparameterizing
portable SDMs, especially when training and transferring SDMs at fine spatial
resolutions.

Distributions of NIScan respond to both natural and human caused disturbances
(Davis et al. 2000Mack et al. 2000 however, there is evidence that human and natural
disturbance regimes do not have the same effect on landscape spatial pattern or
ecosystem functionin@PeLong and Tanner 1996The responses of NIS to similar
disturbances are not always consisteésgme NIS have been found to respond negatively
to prescribed fires, allowing burning to be used effectively as a weed management tool
(DiTomaso et al. 20Q6conversely, the same or taxonomically similar species may also
respond favorablyotwildfires (Rew and Johnson 20L8nd, in turn, may altaratural
fire regimegD'Antonio and Vitousek 199Brooks et al. 2004 Anthropogenicelated
disturbances have also been found to significantly alter environments to favor NIS
establishment, spread, and competitive interac{ibintonio and Vitousek 1992
Grime 1997 Davis et al. 2000Mack et al. 2000Mack and lonsdale 2001Byers 2002

Pauchard and Alaback 2008auchard et al. 20D9 Therefore, some spatially
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heterogeneous changedand uses may actually create more spatially homogeneous
conditions with respect to NIS environmental suitabil®yime 1997.

Models/mapsiescriling the distribution oenvironmentally suitable locationd NIS
at scales relevant for local land managers can have tremendous benefits for prioritizing
monitoring ad management actio(Rew et al. 200;/Fox et al. 2009Baxter and
Possingham 201 Giljohann et al. 2011 However, such land managers often do not
have sufficient resources to allocate toward surveying, monitoring, modeling, and
managing alNIS populations legally mandated for management (i.e., noxious weed
species irthe United States) or those perceived to be ecologically or economically
problematic. Therefore, adequate transferability of SDMs trained in one region and used
to predict distributions in another region could be a vital tool for land managers lacking
theresources to collect the necessary data for generating &bdAshen a NIS has
recently been introduced to a regio@n the other hand, results from recent literature
suggested transferability of SDMs for various plant species among spatially
discontinuais regions were complicated by differences in current and historical
anthropogenidisturbance$Randin et al. 20Q€rvin and Holly 2011

We assessed the transferability of SDMs parameterizédi$and extrapolated
those models among three adjacent management units reprgsenénthropogenic
disturbance gradient within the Greater Yellowstone Ecosystem. Specifically, our
objectives were to 1) parameterize SDMs for two representatwedigenouplant

speciesCirsium arvensé.. andBromus tectorunh.., within three neighoring
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management units; and 2) assess the predictive performance ahthaslewhen

transferrecamong thosadjacent management units.

Methods

Representativblonindigenouflant Species

Two nonindigenouplant species (NIS) were selected based on h@egent in the
three neighboring management units evaluated and because they served as model species
by having contrasting taxonomic groupings, life histories, and growth habit. Further,
neither NIS were considered to be dispersal limited within or arti@nthree
management units evaluated because both species were naturalized, and the management
units were located well within their documented introduced ranges in North America

(http://plants.usda.goaccessed Jah6, 2012). Cirsium arvensé.. is a perennial forb

that grows in patchy distributions within the study aregasarvensas a dioecous,
outcrossing species that reproduces by wind dispersed seeds and adventitious roots
(Donald 1994. Bromus tectorunh. is an annual grass that typically grows in discrete
and interconnected patch&ghin the management unit&. tectorums an obligate
outcrossing species that reproduces exclusively by seed and is primarily-disipeated
(Mack 198). Both species originated from Eurasia and were introduced to North

America as contaminants of crop sééthitson et al. 2002

StudyAreasand Data Collection

We evaluated three adjacent management units within the Greater Yellowstone

Ecosystem, the northern range of Yellowstone Natioagt PYNP), a portion of the
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Gallatin National Forest (GNF), and Passg\alley, Montana (PVAL) (Figure B,
representing a three point gradienhamandisturbancentensitiesto characterize the
distributions of our two model specielitensity of hunan disturbance was inferred by
the amount of land use changes allowed by the government. For example, land
protection by the government is greater in National Parks than National Forests, and
protection of National Forests is greater than areas whewrg@ownership of land is
allowed.

Northern Range of Yellowstone National Park (YNP): The northern range of
Yellowstone National Park (YNP) was considered the management unit (i.e., study
system) with the least amount and history of anthropogenic gctiylP was
established as a protected reserve and as the United StatesO first National Park in 1872

(www.nps.gov/yell accessed Jan. 16, 2012). Presence and absence dataBof both

tectorumandC. arvenseavere recoded during the growing seasons of 20@004 at a

10 nf resolution along 2 km continuous transects positioned perpendicular from

randomly selected start points on roads and trails and end point greater than or equal to 2
km from any other road or trgiRew et al. 2005Rew et al. 2006 Additionally, 2 km

transects were randomly started along trails in areas greater than 2 km from roads. These
data were scaled up to a 36 msolution A presence was assigned to a cell when at

least one presence was recorded for that cell, and an absence was assigned to a cell if all
observations were recorded as absent for that €hlk resolution was selectéal match

the resolution of environméal predictor variables and to reduce potential autocorrelation

in the observations. The resulting data set contained 22,517 observations. Sixty percent



39

of the observations (n = 13,510) were randomly subset (referred hereafter as YNP) and
used to build otrain SDMs for each species. The remaining 40% of the observations (n
=9,007) (referred hereafter as YNP.VAL) were used to validate the SDMs generated
from the YNP data set (Table 1).

Gallatin National Forest (GNF): The Gallatin National Forest,idsall National
Forest lands in the United States, was managed for multiple uses (e.g., timber production
and harvest, livestock grazing, wildlife habitat, human recreation) since its establishment

in 1899 (vww.fs.usda.gov/gallatiraccessed Jan. 16, 2012) and was considered the

management unit with an intermediate history and amount of human activity. A portion
of the GNF located approximately 25 km northwest of the YNP management unit was
surveyed for th@resence and absenceBoftectorumandC. arvensen the same manner

as YNP during the growing seasons of 20@608. Observations from GNF also were
scaled up to a 30 Tmesolution resulting in a total of 2,109 observations (referred
hereafter as GNH)lable3.1).

Paradise Valley, Montana (PVAL): Paradise Valley, Montana is located in Park
County, Montana approximately 20 km north of YNP through which the Yellowstone
River flows and contains a spatial mosaic of both public and private land ownership
(Figure 31). The PVAL management unit has exhibited significant documented changes
in land use over the previous half century such as grasslands being converigatéalirr
crop and pasture uses as wellraseases in rural residenti@xurban)devebpment
(Parmenter et al. 200&ude et al. 2006 Thus, PVAL was considered the management

unit with the greateésamount of human disturbance. Presence and absence data for both



40
B. tectorumandC. arvensavere collected in PVAL during the growing seasons of 2009
P2010 using methods similar to those described for YNP and GNF with a few
exceptions. Transect lengths varied from 300 m to 1 Wmliike YNP or GNF{ransect
end points were not constrained tstdnces greater than or equal to 2 km from other
roads or trails because the greater density of nwedie this constraint too difficulfThe
observations for PVAL were scaled up to 3bresolution resulting in a total sample of

2,128 observations (refed to hereafter as PVAL) (Talel).

Environmental Variables

All environmental variables used to parameterize models of probabilities of
occurrence were derived from GIS data available online or provided by Yellowstone
National Park (Tabl&.2). Our doice of environmental variables was based on the
theoretical foundation for constructing SDMs for NFutchinson 195;7Austin 2002
Austin 2007 Soberon 200)¢ Austin (2002, 2007) classified environmental predictor
variables used to model plant species distributions into three clBssag; Indirect, and
Resourcevariables.Because our interest was in modeling species not native to the
management units under study, direct variables were those hypothesized to directly affect
NIS plant occupancy (i.e., proximity to putative vectors of propagule dispersal such as
distance fronroads, streams, and trails and the presence or absence of wildfire. Indirect
variables (i.e., elevation, slope) were those thought to be surrogatéisnfic or
ecophysiologicaéffects and resource variables (i.e., relative soil moisture charaaterize

as a topographic wetness index and quantity of solar radiation quantified as potential
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solar insolation) were those associated with the physiological requirements for plant
growth.

All continuous environmental variables were assessed for potentialeaoity within
each of the management units. No two variables were more than 66% linearly correlated
(elevation and slope in PVAL) as measured by PearsonOs correlation coefficient.
Although elevation was correlated with slope, we hypothesized that aaablg was
likely related to a different process and the inclusion of both variables were necessary for

predicting NIS distributions.

Species Distribution Modeling

Although there is a rich literature pertaining to the comparison of methods for
modeling pecies distributions across varying spatial extents and resol(gignguisan
et al. 1999Guisan et al. 200Anderson et al. 200Elith et al. 200, there is no
consensus as to which methods are most appropriate to use. Therefore, we chose a
modeling framework based on parsimony and ease of interpretation by specifying binary
logistic regression as the statistical model and evaatity additive main effects (i.e.,
no interactions were included in the models). Further, we assumed perfect detection of
both species during our field surveys (i.e., probability of detecting a species was equal to
1.0), which, based direld evaluationwas a reasonable assumpt{@nummer 2012

For each management unit, two logistic regression models (i.e., SDMs) were
parameterized at a 30°nesolution, one for each NIS. The choice of a 3&eale for
the predictions was based i being fine enough for easy locating of NIS occurrences

for monitoring and management while reducing spatial autocorrelation among



42

observations along transects. All models were subjected to an internal validation where
the predictive ability of each odel within each management unit was validated using
either an independent data set (YNP model validated with YNP.VAL data set) or using a
data set generated by leameeout crossvalidation. The SDMs foB. tectorumandC.
arvensewere transferred (expolated) to the other management units and evaluated for
predictive ability. Predictive performance was assessed by calculating the mean area
under the receiver operating characteristic curve (AUC; RB€&arce and Ferrier 2000
and approximating 95% confidence intervals from a 1000 sample bootstrap distribution
of AUC estimates for each mod®& CAR 2010Q. Confidence intervals were
approximated based on the 2.5th and 97.5th percentiles of the AUC bootstrap distribution
using the reflection methdé&utner et al. 2006 All models were fitted and validated
using the base and verification packages in R version ZN8AR 2010; R
Development Core Team 2011

The AUC metric is a measure of a fitted modelOs ability to discriminate between
predicting presences and absences by evaluating accuracy owveg yaopability
decision thresholds (i.e., probability threshold level independent measure of
discrimination accuracyPearce and Ferrier 2000The area under the ROC curve is
interpreted as the probability the model will differentiate between presences and absences
by predicting higher probabilities of occupancy to locations with observed presences than
locations with observed absences, and nwoadégh AUC values greater than 0.5
differentiate between presences and absences better than random chance. Although there

are disadvantages to using AUC as a metric of predictive perforr{lasioe et al. 2008
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it is currently the only measure, to our knowledge, that provides a single, easy to interpret

guantity to compare models of the same specidsmiihe same spatial extent.

Evaluation of Model Transferability

Adequate SDM transferability was inferred when the AUC resulting from the internal
validation was either significantly less or not significantly different (" = 0.05) than the
AUC resulting fom an externally parameterized model (e.g., the AUC from a model built
in YNP and transferred to GNF was compared with the AUC from the model built in
GNF). Models within management units with raverlapping 95% confidence intervals
for AUC were consided significantly different. A transferred or externally trained
SDM could result in inadequate transferability (i.e., significantly different AUC values)
but still have sufficient predictive performance (i.e., AUC values significgmégter

than0.5).

Results

Frequency oNonindigenou$lant Occurrence

The management unit with the highest overall frequen®;. téctorumoccurrence
sampled was PVAL (0.32; TabBl); whereas, the frequency of sampBdectorum
occurrence was similar for YNP (0.0MaGNF (0.06).C. arvenseavasslightly more
frequentin the sample of YNP (0.04; Table 1) as compared to lower but similar

frequencies in GNF (0.02) or PVAL (0.03).
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Environmental Variation

Overall, the distribution of environmental covariates samplelinveéach
management unit was similar; however, there were notable differences in the variation of
elevation and distance from rigbf-ways sampled, especially between the valley site
(PVAL) and the other twadjacent mountain sites (Tal#&). The range of elevation
and distance from roads sampled were much less in PVAL. Higher densities of roads
within PVAL made sampling far from roads virtually impossible and resulted in the
lowest median value and the least variability of distance from roads waineyed
among the three management units (TableF2yestroad densityn GNF resulted in

intermediate median distance from roads@spared to PVAL or YNP (TableZ.

Internal Validation of Species Distribution Models

Species distributiomodels parameterizagsing eight environmental variables
both NIS within each management unit resulted in mean AUC valuefcagtly greater
than 0.5 (Figure8.2 and3.3), signifying models trained within each of the systems
performed better thamndom chance. However, unexplained variation was greatest for
PVAL SDMs as reflected in their low internal validation mean AUC scores (0.71 and
0.63 forB. tectorumandC. arvenserespectively) relative to those of GNF (0.94, 0.83 for
B. tectorumandC. arvenserespectively) and YNP (0.84 and 0.74 BortectorumandC.
arvenserespectively). Models parameterized within GNF resulted in the least
uncertainty relative to YNP and PVAL suggesting the set of environmental predictor
variables were better aharacterizing NIS distributions in GNF as compared to the other

two management units.
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Transferability of Species Distribution Models

The internal validation for each management unitOs SDMs provided the baseline level
of model performance to which trdeagred models (i.e., those SDMs parameterized in
other management units) were compared. Overall, SDMs for both NIS trained in YNP
resulted in inadequate transferability to PVAL, and vice versa, as suggested by
significantly lower mean AUC values (" = 0.p&om transferred models (Figurd2
and3.3). One slight exception was that the transferability of the SDM built in YNP for
C. arvensand extrapolated to PVAL adequately transferred (i.e.., AUC 95% CI for both
YNP and PVALC. arvensanodels overlappefibr the PVAL system) but resulted in an
insufficient model because the YNP model predicted the probabil@y afvense
occurrence in PVAL no better than random chance (mean AUC = 0.54; 95% CI = (0.46,
0.62))(Figure 3.3)

TheB. tectorunSDM built in YNP adequately transferred to GNF, butBhe
tectorumSDM trained in GNF fell just short of statistically adequate transferability to
YNP at our predefined level of significance (" = 0.0bigure3.2) (i.e., example of
asymmetrical transferability acabng to Randin et al. 2006 Nonetheless, we
concluded transferability of tH&. tectorunmodel built in GNF and transferred to YNP
was adequate for purposes of generalizing these results for practical, management
relevant interpretationsB. tectorunmodels transferred between GNF and PVAL
provided a stronger example of asymmeitricansferability as SDMs trained in GNF did
not adequately transfer to PVAL but PVAL models adequately transferred to GNF

(Figure3.2). Inadequate transferability was detectedJoarvenseSDMs trained and
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transferred between YNP and GNF, but trarsddeity was symmetrically adequate and

between GNF and PVALFgure3).

Environmental Variables and NIS Distributions

Thesignificance of the eight environmental variables used inatistic regression
modelsfor predictingthe occupancy of botB. te¢orumandC. arvensavere evaluated
(Tables3.3 and3.4). B. tectorunoccupancy increased with distance from streams in
both YNP and GNF but decreased with distance from streams in PVAL. FurthelBnore,
tectorumoccupancy decreased with distance from roads in YNP but showed the opposite
association in GNF and PVAL, although the relationship was not significant in GNF (" =
0.05).

The predicted probability dE. arvensaccurrence decreased with increasing
elevaion in GNF and PVAL but increased with increasing elevation in YNP, which was
an unexpected relationshiipauchard et al. 20p@nd prompted fidher investigation.

We hypothesized the modeled relationship between elevatioG.aardenseccurrence

in YNP may be due to the greater proportion of areas previously burned at higher
elevations coupled with the larger range and variability of elavatdues sampled in
YNP versus GNF or PVAL (Table. 2). Furthermdfearvenséas a well documented
history of being positively associated with the occurrence of wil@Reav and Johnson
2010. Therefore, the YNP SDM fdC. arvensavas refitted to include an interaction
between elevation and the presence/absence ofrejldhd this resulted in a significant
positive interaction and a change in the sign of the modeled relationship between the

probability of C. arvenseccupancy and elevation (Table. 2). The interaction between
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elevation and wildfire was not significaamd the sign of the modeled relationship with
elevation did not change for GNF or PVAL wh€énarvense&SDMs were re
parameterized with those respective datis (Appendix A Once accounting for that
interaction, theC. arvense&SDM in YNP revealed a netiee relationship between
distance from roads ar@@l arvenseccupancy, which was not detected in modeled
relationships in GNF or PVAL irrespective of the presence of the interaction term, rather,
predictedC. arvenseccupancy was found to be positivesaciated with both wildfire
and distance from roads in GNF and PVAL, but the frequency of sample observations in
locations previously burned was much geeat YNP (Table 3.2). Becausditied
logistic regression models did not result in significantffedent metrics for assessing
internal validations or tragferability (Appendix A, models including an interaction

between elevation and wildfire were not further evaluated in this study.

Discussion

Our study comparedonindigenouplant species distsutions across three
management units within the Greater Yellowstone Ecosystem representing a three point
gradient of human perturbations that ygothesizeanight influence NIS distributions
and, thus, SDM transferability. The general lack of adequeteferability of our target
speciesO models between YNP and PVAL was evidence these species were not similarly
distributed in these two management units. Plant SDMs trained in or transferred to the
management unit representing an intermediate histdmyrofin disturbance (GNF)
resulted in a mixture of adequate and inadequate transferability. Thus, our results

suggested. tectorumwvas more similarly distributed in YNP and GNF, @&hdarvense
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was more similarly distributed in GNF and PVAL. The GNF managgmnit responded
like atransitionalecosystem between YNP and PVAL in terms of how the two NIS were
distributed. Land use changes unique to PVAL such as dry grasslands converted to low
density residential and irrigated agricultural uses may represmggses acting on these
NIS distributions that were not contributing to distributions in GNF or YNP. Land use
and cover variables improved the accuracy of plant species occupancy predictions in
Europe(Pearson et al. 2004nd alpine plant species distributions in Austria were better
explained when land use was specified in the mq@etabock et al. 2008 Additional
variables characterizing current or historical land use may help to explain more of the
variation in NIS distributions in PVAL as was illustrated imaltiple scale, hierarchical
approach to modeling plant distributions in Britéfearson et al. 2004

Asymmetrical transferabiltas defined by Randin et §2006 is when a SDM
parameterized in region A adequately transfer to region B, but a SDM parameterized in
region B does not adequately transfer to region A. Results of our study indicated
asymmetrical transferability for both NISspecially between GNF and the other two
management units, which was similathe study byRandin et al(2006 between
regions in Austria and Switzerlan@heyshowed that the majority of the 54 plant
species they evaluated did not adequately transfer in betttidns between their two
study regionswhich they speculatedas in part,caused by differences in land use
history or due to the evolution of different ecotypes within species between the two
regions. Likewise, others have reported geographic \tiyatf speciesO niches

resulting in lack of adequate transferability of niche mo@&kding and Haworth 1995
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Glozier et al. 199/7Ervin and Holly 201}). However, as is the case with all
observational studies of species occupancy, the specific causes of inadequate and
asymmetrical transferability among management units in our study cannot be directly
elucidated. Nevertheless, our study was novel becdus& choice to model
distributions of two NIS, neither of which were considered dispersal limited, within three
adjacent management units differing mostly in their histories and amounts of human
disturbance. Our results strongly suggested differencs$S distributions were the
result of varying levels of anthropogenic perturbations.

Lack of adequate SDM transferability for plant species in this study and those
previously reporte@Randin et al. 20Q&rvin and Holly 2011 mighthave been due @
combination of prediction resolution and the environmental predictors used for
parameterizing those models. For example, our evaluatiSDM transferability
suggested different processes were acting on NIS distributions among the management
units when evaluated at the same spatial scale. Some of the differences in processes were
captured in the set of environmental variables used asreed by the changes in
modeled relationships between NIS occupancy and direct predictor variables among the
three management units. However, relatively lower mean AUC and wider confidence
intervals for internal validations suggested relatively greategrmtzinty remaining in
models built in PVAL. Hence, the set of covariates used in our study did not capture the
spatial heterogeneity of the target NIS distributions in PVAL as well as they did for YNP
and GNF. The choice of what scale NIS distributiaressurveyed and modeled informs

what set of environmental predictors should be (&gsan and Thuiller 20QA\ustin
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and Van Niel 201)1 and generalizing SDMs for NIS may require closer consideration of
scale. Randin et a[2006 surmised their 25 Aresolution may not have been
appropriate for characterizing certain processes governing plant distributions like
rockfalls or microtopographic refuges. Likewise, Ervin and H@EB1]) selected most
of their predictor covariates to model cogongrass distributions at & &&aiution
within and between two study areas based on studies of the relationships between soill
properties and cogongrass occupancy@oath conducted at finer spatial scales.,
Bryson et al. 2010 Likewise, our choice of a 30%mrediction scale in conjunction with
our set of environmental predictors may have not captured finer or coarser scale
processs associated with anthropogenic disturbances driving NIS distributions.

Despite reports of consistency of niche positions for various plant species among
geographically different regiorf3hompson et al. 19983ill et al. 200Q Prinzing et al.
2002, relationships between probabilities of occurrence and environmentdilea for
both NIS in this study were inconsistent among the models for the three management
units. Other studies have reported similar findifeyg., Gozier et al. 199y
Relationships betweatirect environmental variable@ustin 2007 linked to human
facilitated NIS propaguldispersal and disturbance with NIS occurref@gelbard and
Belnap 2003Pauchard and Alaback 2004on der Lippe and Kowarik 200Tnay differ
in their modeled influences on SDM predictions depending on the level of human
influence. This was supported with inconsistent relationships betwegmeticted
probability of B. tectorunoccupancy and distance from roads and streams across the

three management units. Again, relationships between occupancy and predictor
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covariates exhibited in GNF seemed to represent a transition between the ogntrasti
associations exhibited in YNP and PVAL, especially in terms of significance {i.e., p
values), suggesting the driversBftectorumGdistribution differed with differing levels

of human disturbance.

Conclusions

Many public agencies charged with NIS management at local scales, including the
National Park Service, map weed populations in the field and/or employ personnel with
expertise in working with geographic information systems software and data.
Notwithstandng the growing access to these mapping technologies, land managers often
do not possess the resources necessary for conducting comprehensive NIS inventories
and surveys within and among growing seasons, thus, reiterating the need for applied
scientists talevelop and evaluate methods for efficient data colle¢Renv et al. 2006
and modeling of NIS distribittins on which management can be bgsslv et al. 2007
Fox et al. 2009Giljohann et al2011). However, when sial data on NIS are scarce,
land managers could benefit from knowledge and data obtained in other regions to
parameterize SDMs for NIS in their areas of intefgstin and Holly 201). Recent
studies, including this one, evaluating the transferability of SDMs for native anrd non
native plant species at relatively fine spatial resolutions reported inadequate and
asymmetrical transferabilifRandin et al. 20Q&rvin and Holly 2011 In part, these
results could reflect differences in land use and management histories between systems
used tarain SDMs and those systems to which SDMs were transferred. Based on the

results of this study and othgRandin et al. 20Q&rvin and Holly 201}, land managers
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should be cautious when extrapolating models of NIS distributions among regions with
differing histories and levels of human impact. Likewise, extrapolating SDMs for NIS
under future environmental scenarios for regions with high level§amaencies of
human disturbance may be ill advised and result in misleading forecasts of future
distributions.

In conclusion, our study afonindigenou$SDM transferability illustrated clear
associations between the level of human disturbance@amdNiS were distributed,
which suggested the spatial distributions of NIS environmental suitability are sensitive to

anthropogenic alterations at fine spatial scales across local extents.
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Tables and Figures

Table3.1 Number of observations and number of detected presences for Bromus
tectorum and Cirsium arvense for each of the neighboring management units

Sample Size YNP YNP.VAL? GNF PVAL

Total (n) 13,510 9,007 2,109 2,128
B. tectorunmPresences 869 /

(nfrequency) 0.066 561/ 0.062 32/0.015 670/ 0.315
C. arvensd’resences 596 /

(nJfrequency) 0.044 455 /0.051 59/0.023 53/0.025

®%YNP.VAL = independent validation data set used foritibernal validation of models
parameterized in YNP

Table3.2 Summary statistictepicted as either box and whisker plots and contingency
tablefor the seven continuous and one categorical environmental predictor variables

respectively, used in modelinige probabilities of occurrence for Bromus tectorum and

Cirsium arvense

Independent Figuré' Source
Variable
Indirect
Variables
S| t
National Elevation
_ 24 ] | e R Dataset
Elevation (m) (courtesy of U.S.
(ELEV) < | % _______________________________________ {_ Geological Survey via
z

http://seamless.usgs.gov

YNP
1
T

T T T T T T T
1600 1800 2000 2200 2400 2600 2800
Elevation (ELEV) (m)
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Distance from Roads (DRDS) (m)
21 |
Distance e B e MT NRIS/YNF°
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(m) S Spatial Analyst for
(DSTMS) g } ArcGIS 9.3
2= |
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PVAL
1

GNF
1

Distance & H| [ — MT NRIS/YNF*
from Trails 2 Derived in
(m) g H | b } e Spatial Analyst for
(DTRLS) = ArcGIS 9.3
£ 1 |
CI) 2OIOO 4OIOO 60|OO 80|OO 1 0600
Distance from Trails (DTRLS) (m)
. Wildfire | YNP  YNP.VAL GNF PVAL
Wildfire Absent | 9140 6094 1913 2051
(WILDFIREL) Present | 4370 2913 196 77 MTNRIS/YNF*
%Present 32.3 32.3 9.3 3.6
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Variables
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PVAL
1
8

Derived in
: w SAGA GIS 2.0.7
\T/\(/)ept(r)lgrsasmlc 1 1 | fmmen e ¢ Module: Terrain Analysis
Index 2 | | DHydrology v.1.0
(TWI) % | ! ° (SAGA Development

Team 201}

YNP
|

8 10 12 14 16 18 20
Topographic Wetness Index (TWI)

®Figure = box and whisker plot; OwhiskersO extend to 1.5 times the interquartile range;
OhingesO eal the first and third quartiles; center line in box equals the median;
Contingency table in place of figure for the Wildfire (categorical) variable

PArcGIS (ESRI 19992009

‘MT NRIS, Montana Natural Resource Information System (nris.mt.gov); YNP,
Yellowstone National Park GIS

%wildfire: categorical, binary independent envinsental variable describing presence or
absence of wildfire within the previous 25 years (since 1985)

Table3.3 Logistic regression coefficient estimates for models predicting the probability
of occurrence of Bromus tectorum for each of the three hergig management units

Variablé® YNP p-valué GNF p-valué PVAL p-valué
(Intercept) 4.897E+00 <0.001 8.375E+00 0.067 2.404E+00 0.084
ELEV -5.434E03 <0.001 -1.155E02 <0.001 -6.142E03 <0.001
SLOPE 8.479E02 <0.001 1.282E01 <0.001 4.139E02 <0.001
DRDS -1.307E04 <0.001 4.140E04  0.288 5.398E04  0.007
DSTMS 5.833E04 <0.001 1.412E03  0.142 -4.957E04 <0.001
DTRLS -4580E05  0.143 -2.120E04  0.536 1.329E04 <0.001
WILDFIRE 1° -4.979E02  0.667 1.637E+00 0.007 1.646E+00 <0.001
SOLAR 1.075E02 <0.001 4.585E02 <0.001 3.808E02 <0.001
TWI 5.363E02  0.051 -7.085E02  0.733 -6.246E02  0.050

®Abbreviations for environmental variables in Table 1
Pp-values based on theapproximation to the CHsquared distribution
‘WILDFIRE 1 = categorical variable where 1 = present
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Table3.4 Logistic regression coefficient estimates for models predicting the probability
of occurrence of Cirsium arvense for each of the three neighboring management units

Variable® YNP p-valué GNF p-valué PVAL p-valué
(Intercept) -1.398E+01 <0.001 1.609E+00 0.550 7.893E+00 0.137
ELEV 4.565E04  0.025 -4.811E03 <0.001 -7.278E03  0.011
SLOPE 5.295E02 <0.001 -2.865E03  0.900 6.487E03  0.882
DRDS 1.674E04 <0.001 3.375E05 0.874 4.674E05  0.938
DSTMS 6.795E04 <0.001 -2.625E03 <0.001 -6.725E04  0.151
DTRLS -9.974E05 0.003 6.862E04  0.001 1.187E04  0.117
WILDFIRE 1° 5.992E01 <0.001 1.372E+00 0.002 4.498E+00 <0.001
SOLAR 2.575E02 <0.001 2.112E02  0.002 -2.022E02  0.093
TWI 3.316E01 <0.001 8.409E02 0.335 2.449E01  0.002

®Abbreviations for environmental variables in Table 1
Pp-values based on theapproximation to the CHsquared distribution
‘WILDFIRE 1 = categorical variable where 1 = present

T w
0 100 Kiometers| AT S “
ki RLD7 U7 gt
2T - 7 : o 48 1 g a ‘v ‘
fisdf), Vs IE: ; 2 4
/ = ¢ 77
J - % | PVALStudy Area
2 s # 7.7 approximately
s ;‘;’ P\(ALS?udyArég 48,000 ha
4, 7 approximately
; 7 o ‘ 5 300He 0 5 Kilometers
—
PY .{:ﬁ\/f\‘ / NIS Survey 2001 - 2010
g N ® OGNF(n=2109)

GNF Study Area
-~ approximately’
s /145,000 ha” -

A e PVAL(n=2128)

©  YNP(n=22517)
I:l Gallatin National Forest
Yellowstone National Park
Montana Counties
Park County Public Land
Park County Private Land

YNP Study Area ol
approximately 205,000 ha

Figure3.1 Adjacent management units letGreater Yellowstone Ecosystem
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(0.913,0.967) (0.885,0.961)
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0.0
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E Z17PVAL 0675 0927 0705

Transfer System

Figure3.2 Results of predictive performance as measured by the area under the receiver
operating curve (AUC) for Bromus tectorum probability of occurrence models
parameterized and transferred among neighbonagagement unit&ach bar illustrates

the mean AUC calculated for models parameterized in each of the three management
units (display pattern of each management unit is shown in the left column of table within
the figure labeledraining Systemand tranferred to each of the management units (x

axis; Transfer Systejn Error bars about the mean AUC represent 95% confidence
intervals (lower and upper bounds in parentheses above bars) estimated by 1000
bootstrapping iterations of the observations and prediicalues followed by calculating

the true positive and false positive rates of classification. The AUC calculated for each of
the within system/internal validations (i.e., where Tnaining Systems Transfer System

main diagonal of table in figure) weebased on validation data sets for each of the three
study systems (YNP had an independent YNP.VAL data set; GNF and PVAL validation
data sets based on leameeout crossvalidations)
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£ [=GNF 0415 0827 0.690
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Transfer System
Figure3.3 Results of predictive performance as measured rélaeunder the receiver
operating curve (AUC) for Cirsium arvense probability of occurrence models
parameterized and transferred among neighboring managementacthsbar illustrates
the mean AUC calculated for models parameterized in each of thertaregement
units (display pattern of each management unit is shown in the left column of table within
the figure labeledraining Systemand transferred to each of the management units (x
axis; Transfer Systejn Error bars about the mean AUC repres&db @onfidence
intervals estimated by 1000 bootstrapping iterations of the observations and predicted
values followed by calculating the true positive and false positive rates of classification.
The AUC calculated for each of the within system/internatiaéibns (i.e., where the
Training Systens Transfer Systepmain diagonal of table in figure) were based on
validation data sets for each of the three study systems (YNP had an independent
YNP.VAL data set; GNF and PVAL validation data sets based on-lmaeut cross
validations)
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Abstract

Human perturbations have been linked to plant invasions through increasing
propagule pressure and sufficient alteration of environments thatrfamordigenous
plant species (NIS) incursion. One such perturbation is land use/cover change; however,
very little information exists on how current and historical uses of land influence models
of NIS distributions, especially at local spatial scales. This studysasst relative
role of environmental and current and historical land use/cover variables in characterizing
six herbaceous NIS distributions in a region adjacent to Yellowstone National Park
within the Greater Yellowstone Ecosystem. We found that inefuldoth current and
historical land uses into a single land use variable was more important for characterizing
NIS occupancy than current land uses only when evaluated at asp@tial scale.
Specifically, we found land use histories containing irrigaigaculture or exurban
development most influenced NIS distributions, although responses to specific land use
histories were variable across NIS. In addition, the inclusion of any land use variables in
NIS occupancy models sometimes obscured the impatainenvironmental variables
suggesting interactions between natural environmental conditions and anthropogenic
disturbances may be important for predicting NIS distributions. Our results suggested
that land use history was more influential than curie@amd use for characterizing NIS

distributions at local spatial scales.

Keywords:land use changepnindigenouspecies, invasion, species distribution model,

nature reserve, greater ecosystem
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Abbreviations NIS, nonindigenous plant species; PVAL, P@aad/alley, Montana

Introduction

Human disturbances have been linked to plant invasions by increasing propagule
pressurgMack and Lonsdale 20QDavis 2009 Taylor et al. 201)land altering
landscapes creating more suitable habitat for potential invéld@mstonio and Vitousek
1992 Grime 1997 Davis et al. 2000Mack et al. 2000Byers 2002 Deutschewitz et al.
2003. A survey across Europe revealed high levels of invasion (iaaogion of
nonindigenougplant species of the total plant species) associated with anthropogenic land
uses such as agriculture, urbanization, and along coastlines where introductions might
have occurredChytry et al. 200 Alston and Richardsof2006 reported exotic plant
species richness within a protected forest preseagenggatively correlated with
distance from neighboring, unprotected areas of suburban land use. Comparably, Bridges
et al.(2012, in preparatigrsuggested thatonindigenouplant species (NIS)
distributions sufficiently differed between adjacent protected and unprotected regions
with differing histories ohuman perturbations such that models predicting their
occurrences could not be generalized between the two regions. Furthermore, several
studies have negatively correlated NIS richness and occurrence with distance from roads
(Tyser and Worley 199Zelbard and Belnap 200Seipel et al. 2012 Recent studies
guantifying long distance dispersal of plant propagules along roads provide support for
vehicles as dispersal age(#on der Lippe and Kowarik 20QTaylor et al. submitted
Jan. 3, 2012 While the role of vehicles in dispersing propagules and roadsides as

suitable habitat for ruderals plant establishment is becoming better undetis¢éoeifiects
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of current and prior land use on plant distributions, particularly in regions containing an
exurban/wildland interfacéBrown et al. 200bwith heterogeneity of land uses, has not.

Natural disturbances such as wildfire have also been associated with structuring plant
communitiegMotzkin & al. 199§ and affecting the occurrence of NIS (reviewed in Rew
and Johnsof2010. Brooks and Berry2006 reported the frequency of wildfire as one
of the disturbance variables correlated with bioma&romus rubensan exotic annual
grass. Further, there is growing evidence for interactions between wildfire and the
occurrence of on-native, annual grasses leading to altered frequencies of natural fire
regimes and, thus, favoring the occurrence of (l'@ntonio and Vitousek 199Brooks
et al. 2004.

Although evidence exists differentiating the effects of anthropogenic and natural
disturbance regimes on landscape spatial pattern and ecosystem fun¢bahiogg and
Tanner 199§ various studies have reported confoundglgtionships and feedbacks
between disturbance types in determining NIS occurréiedls et al. 1976D'Antonio
and Vitousek 1992Brunet 1993Brooks et al. 2004 Feedbacks and interactions among
disturbance wadables complicate interpretations of their relative contributions in
describing how plant species are distribufElauiller et al. 2004 Motzkin et al.(1996
concluded the relative role of wildfire on structuring plant communities in pitciNpine
scrub oak forest ecosystems in New England (USA) were interpretable only within the
context of prior land use, which suggested both spatial and temporal configuoations
human and natural disturbances are important for explaining plant speciesO distributions.

Similarly, variation in documented NIS responses (e.g., establishment/occurrence,
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demographic vital rates) to fires characterized as moderate in either intersstyerity
suggested the role of wildfire is likely related to other variables important for
characterizing NIS distributions such as land use and management (iR&arand
Johnson 2010 Furthermore, reclaimed land previously used for agricultural purposes
may be vulnerable to NIS invasions because of alternationstoftziace regimes and
nutrient availability and cycling as well as impoverished native species div@agy et
al. 2009. Thus, considerations of both the spatial and temporal scales of anthropogenic
and natural distrbance variables may be crucial for unraveling their relative roles in
determining NIS distributions. Nonetheless, processes governing succession after
disturbance, particular those associated with human perturbations and NIS occupancy, are
poorly underood mainly because many studies have been opportunistic after a
disturbance event (e.g., wildfire), lacked information on prior management strategies, or
were unable to study such processes over a long p#vioght Jr 1976 Duffy and Meier
1992 Brooks et al. 2004Rew and Johnson 2010

Distinguishing the relative role of current and historical land uses from other
environmental variables may be important for characterizing patterns of NIS occurrence,
particularly near nature reserves where some specific kinds of land uses have been
suggeted to facilitate the occurrence of NEaer et al. 2008and, thus, potentially
affect biodiversityHansen and DeFries 20Q7dVianagers of protected areas are
increasingly concerned with the growing rate of land use changes such exurban
development (low density rural residential housing; Brown et al.)28@% conversion to

and from agricultural uses in unprotected areas proximal to re€amsenter et al.
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2003 Gude et al. 20065ude et al. 2007 Disturbances associated with different land
uses and land use changes occurring on the edges of greater ecosystems may reduce the
effective size of the reservfHansen and DeFries 20Q&mnd promote increases in NIS
richness and occurrence within the reséAlen et al. 2009

A deeper understanding of the relative roles of dynamic natural and anthropogenic
disturbances and more static abi@iwvironmental conditions is vital for characterizing
NIS distributions and processes favoring plant invasions at local spatial scales. It is of
particular significance to land managers of ecosystems vulnerable to land use changes to
assist with their maagement strategies. Species distribution models (SDM) have
generally not included land use history as a potential driving variable of NIS
distributions. The objective of this study was to assess the relative roles of current and
historic land use/coveraviables in addition to typically used environmental variables in
characterizing NIS distributions in an unprotected region adjacent to Yellowstone

National Park within the Greater Yellowstone Ecosystem.

Methods

Study Region

We surveyed for the presenamed absence of varioa®nindigenouplant species
(NIS) (Table4.1) among sites in Paradise Valley, Montana, U.Sgure4.1). The
Paradise Valley study area (referred hereafter as PVAL) was approximately 48,000 ha
size and located 20 km north of Yalstone National Park in Park County, Montana.

The PVAL study area was located in representative rural area within the Greater
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Yellowstone Ecosystem (GYE) characterized by spatially heterogeneous patterns of
public and private land ownership. Unprotecsaeeas within the GYE, including PVAL,
have exhibited significant documented changes in land use over the previous half century
including the conversion of dry grasslands to irrigated cropland and pasture uses and
increases in rural residential developm@armenter et al. 200&ude et al. 2006

Land use and cover within PVAL were digitized in ArcView @ESRI 19921999
as vector features at a 1:10,000 or finer scale using scannedremtified, and geo
referenced aerial imagery corresponding to the years 1948 (courtesy of U.S. Geological
Survey), 1979 (courtesy of U.S. Department of Agriculture Farm Services Agency in
Park County, Montana), 1991, 1998, and 2003 (Montana Natural Resourcedtibor
Service, www.nris.mt.gov). Land use/cover categories were originally classified based
on Anderson Level Il and Il classification schemes and were generalized to
approximately match Anderson Level | catego(#sderson et al. 1976

Categorical, nominal variables for use pesies occupancy modeling representing
current and historic land uses were derived from the Anderson Level | land use/cover
classes and were coded using a similar coding conve@tiaterson et al. 19736
Current land uses were recorded in 2003 and field validated (i.e., girotimeld) while
sampling for NIS in 2009 and 2010. Historical land use for each point in space (i.e., grid
cell) included unique codes describing the documented land use changes between 1948
and 2010 including current land use. Thus, the historical lsadariable represented
current land use in the context of prior land use. Both current land use and historical land

use variables included rangeland, conifer forest, irrigated agriculture, exurban residential
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development, or a combination of land usevawsions among these classes in the case of
historical land use (Tabk2). For example, if a grid cell was classified as rangeland
(code = 3) in 1948 and 1979, irrigated agriculture (code = 2) in 1991 and 1997, exurban
(code =1) in 2003 and 2010, thiéme resulting historical land use category would be
coded as 321 representing a current exurban land use with a history of rangeland and
irrigated agriculture uses. Current and historic land use variables were scaled tb a 30 m
resolution to match the relsition of other environmental predictors used to characterize

NIS occupancy.

Nonindigenous Plant Species (NIS) Data Collection

The presence and absence of six NIS were recorded during the growing seasons of
2009 and 2010 at a 10°mesolution along contirus transects positioned perpendicular
from randomly selected start points on roads using methods adapted from Rew et al.
(2005 2006 and described in Bridges et 2012, in preparation Transect lengths
were constrained due to the density of roads and depending on where we were granted
permission for surveying and varied frofd03m to 1 km but generally provided a
representative sample of the range of current land uses.

Binary presence and absence observations for each plant species were scaled up from
10 nf to 30 nf by creating a ratio of the number of presences to the nuofilaésences
sampled at a 10 fmesolution within each 30 hgrid cell. Current or historical land use
classes containing less than 10 observations were omitted resulting in a total sample size

of 1,783 collected from 45 transecEdurel; Table 2).
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Environmental Variables

Environmentapredictor variables wergelectedbased on the scale of our study and
their ecological applicability to modeling NIS distributions (Austin 2002, 2007)
Consequently, we selected one categorical and seven continuous environmental
covariates representing processes indirectly (elevation and slope), directly (distance from
streams, roads, and trails and pnesgabsence of wildfire), and resource (solar insolation
and topographic wetness index) related to plant growth and occurrence (Table 3) (see
Austin 2002, 2007or more explanation). Two of the continuous environmental
variables, namely proximity to roads and trails, could also be considered a description of
current land uses and represented variables we considered dekdtg to the
occurrence of NI$Pauchard and Alaback 20(ew et al. 2005Seipel et al2012.

However, we consideratimost appropriate to consider them as direct variables. The set
of environmental variables were derived from geographic information systems data
available online.

All continuous environmental variables were assessed for potential collinearity within
occupancy regression models using PearsonOs r. Pairwise correlations greater than r = +/
0.48 were detected among only three variables. Slope was positively and negatively
correlated with elevation (r = 0.67) and topographic wetness indeX0(6¥),
regectively. Despite these correlations, we hypothesized that each of the variables was
related to sufficiently different processes and the inclusion of all variables was

biologically relevant for predicting NIS distributions.
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NIS Occupancy Modeling

Occupacy models of NIS (i.e., NIS distributions) were created and evaluated for six
species (Tabld.1). Three probability of occupancy models were fitted with general
linear models with logit link functions (i.e., logistic regression) for each specied8.e.,
total models)YKutner et al. 2006 Model 1 employed only the eight environmental
variables (Tabld.3). Model 2 used the eight environmental variables plus the
categorical variable for current land use classes; whereas, Model 3 was parameterized
using the environmental variables plus the categorical variable describing historic land
uses. All models we assumed to have only additive effects. When overdispersion was
detected in models with binomial error structures, it was corrected by using a quasi
binomial error structur€uur et al. 200R Analyses of deviance tables were constructed
for each model to assess the relative role of predictor variables and how much additional
deviance (i.e., variation) was explained by the inclusibthe land use variables, and box
and whisker plots with TukeyOs notches were generated to explore differences in
distributions of predicted probabilities of occurrence resulting from the inclusion of land
use variables. TukeyOs notches provide am@pgation of the 95% confidence
intervals around median values calculated a4 58 times the quantity of the
interquartile range divided by the square root of the observations in a particular category;
thus, the significance of the differences betwe&enredians can be asses§€dhwley
2007. Box plots with notches were intended only for assessing tnerks predictions
rather than for drawing statistical inferences. All analyses were performed using the base

package in R version 2.13(R Development Core Team 2011
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Results

Land Use \ariables and
Nonindigenou$’lant Occupancy

The percent deviance (i.e., variation) in NIS distributions explained by each speciesO
Model 1, which included only environmental predictors (listed in Taldg ranged from
149% for a perennial forlgirsium arvensgto 29% forBromus inermisa perennikgrass
(Table4.4). The addition of either current or historic land use variables (Models 2 and 3,
respectively) explained more deviance for all models of NIS occupancy than
environmental variables alone (Model 1). The inclusion of current land ug@icasein
each speciesO Model 2 resulted in percent deviation explained ranging from €5% for
arvensdo 33% forB. inermis whereas, Model 3 improved NIS occupancy estimates to
27% and 44% of deviance explained for the same species, respectively.

Thecurrent land use categories exhibiting the greatest changes in predicted
probabilities of NIS occurrence were exurban and irrigated agriculture; while, predictions
within the rangeland and conifer forest categories showed less fluctuation among species
in response to the inclusion of the current land use (Modé&ligie4.2). However, the
variation around the median value of predicted probabilities of NIS occurrence within
each current land use class was reduced only slightly when the current laadalsie v
was included (Model 2 compared to Model Bigure4.2), which corresponded to the
slight increase in percent deviance explained in each speciesO Model 2. @Jable

When historic land uses were included in Model 3, exurban developmengated

agriculture were among the classes that exhibited the greatest changes in each speciesO
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predicted probabilities of occurrence in Model 3 compared to Modéblire4.2). The
historical land use variable depicted current land uses furtheliqaatitby previous land
uses (i.e., interactions). Comparing Model 3 (historic land use and environmental
variables) for each species Wwienvironmental only (Model Or environmental plus
current land use (Model 2) models predicted variable respondes wuirrent land use
classes, thus, suggesting that interactions between current and prior land uses were
influential for characterizing NIS distributions. For example, the inclusion of current
land use in Model 2 resulted in decreased mean predictidhs pfobabilities oBromus
tectorumoccupancy and increased mean predictior. ahermisprobabilities of
occupancy within the irrigated agriculture claBgy(re4.2a). FurtherB. tectorum
predictions increased in Model 2 within the exurban clasewhedictions within the
conifer forest and rangeland classes remained sirkilguie4.2a). However, the
inclusion of historical land use in Model 3 resulted in increased predicted probabilities of
B. tectorumoccupancy for current rangeland locatigneviously used for irrigated
agriculture (Codes 23 and 323) and for rangeland converted to irrigated agriculture uses
(Code 32) Figure4.2a). Predictions increased from Model 3@rarvenseccupancy
in locations currently classified as rangelanchwitistory of irrigation (Cod23)
(Figure4.2b). Conversely, predicted probabilitiesG#ntaurea maculosaccurrence
decreased in rangeland previously used for irrigated agric®ades?23 and 323) when
historical land use was included in Model 3ngmared to predictions resulting from
Model 1 containing only environmental covariategy(ire4.2a). The inclusion of

current or historical land use variables, however, did not result in significant changes in
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predictions among land use classes for eithegroglossum officinaler Verbascum

thapsuqFigure4.2b).

Environmental Variables and
Nonindigenou$’lant Occupancy

The relative contribution of all the environmental variables for describing NIS
distributions changed slightly with the additioneather current or historic land use
variables, which suggested the environmental variables were confounded (i.e., interacted)
with the land use variables (Tallé; AppendixB). However, most changes were
relatively minimal suggesting current and histatiland use variables contributed unique
information not captured in the set of environmental covariates used for describing NIS
distributions.

We were interested in parsing the relative roles of disturbance variables (i.e., distance
from roads and wilfire) in each of the models to assess their potential for confounding
with land use variables. The predicted probabilities of both NIS grass species were
significantly positively correlated with the presence of wildfire across all of the
occupancy mods (Appendix B TablesB.1 andB.3), but the relative role of wildfire in
explaining their distributions changed with the inclusion of land use variables @3aple
Specifically, the presence of wildfire explained more variation in the distributidreof t
annual grass. tectorumwith the addition of historic land use in this speciesO Model 3
than compared with Model 1; whereas, the opposite trend was detected with predicted
occupancy of the perennial forage gr&snermis Furthermore, a history of wildfire

was relatively unimportant at characterizidgmaculosaccupancy across all respective
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models but was very important for characteriahghapsusandC. arvensalistributions
(Appendix B TablesB.6 andB.12). Theproportionate contributions of wildfire and
historic land use suggested they were important for expla@irgvenseccupancy, but
the consistent percent contribution of wildfire acros€akirvenseccupancy models
suggested anthropogenic land usengas acted differently on its distribution than did
the natural disturbance of wildfire.

Distance from roads decreased in relative importance in predicting occupancies of the
NIS grasses with the inclusion of historic land use (Tdlde Opposite trendeere
exhibited, however, with the biennial and perennial forbs where the relative contribution
of distance from roads for explaining NIS occupancy increased in their respective Model
3 versus Model 1 (Tabk5). The increase in the relative contributardistance from
roads in explaining some NIS occupancy suggested historical land use classes were
potentially describing anthropogenic related processes associated with NIS distributions

not captured in the distance from roads variable.

Discussion

Although more variation in NIS distributions were explained with the inclusion of the
current or historical land use variables, the relative role of land use, quantified as percent
change in model deviance when land use variables were omitted, were varagde ac
NIS, but historical land use explained more residual deviance for all species. Thus,
current patterns of NIS distributions were sensitive to land use history suggesting NIS
distributions were sensitive to interactions between current and histatiodas.

Moreover, current patterns of NIS distributions were not only affected by spatial but also
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temporal heterogeneity. Categories of current land use and cover improved predictions
for distributions of native plant species in Britéifearson et al. 2004and prior forest
and agricultural land uses were reported to positively influence the occupancy and
fecundity of nonnative, ilasive plantgBrown et al. 2006Baer et al. 2000

Human altered landscapes, particularly those in close proximity to nature reserves
could impact natural disturbance regimes inside and outside of reserves with subsequent
consequences on vegetation patt¢Breoks et al. 2004 One such consequence might
be the promotion of NIS invasions from outside to inside¢kerve. Travel through
Paradise Valley is required to access the North Gate Entrance to Yellowstone National

Park, which recorded the entry or exit of nearly 245,000 vehicles between May and

September of 201 Ivw.nature.nps.gov/statsccessed February 28, 2012). We
hypothesize human activities occurring outside of Yellowstone Park have the potential to
facilitate NIS introduction and establishment inside the Park based on positive
correlations reportedetween nomative plant species richness and the average annual
number of visitors in U.S. National Parf@len et al. 2009 and based on new insights in
vehiclefacilitated longdistance plant propagule disperabn der Lippe and Kowarik
2007 Taylor et al. submitted Jan. 3, 2012

Exurban development is amcreasing component of the landscape where this study
was conducted and in other rural areas of the western United States. The human
population increased 58% and the area of land in exurban land use increased by nearly
350% between 1970 and 1999 withie BYE(Gude et al. 2006 Consequently,

researchers and land managers have become increasteghsted in understanding the
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human interactions with the environment and potential environmental consequences of
exurban developmeiiDeFries et al. 200Hansen and DeFries 20Q7BNe found more
variation in NIS distributions was accounted for with inclusion of exurban development
as a category in our land use variables suggesting its importaraeafacterizing NIS
occupancy. There was a considerable amount of exurban land use located adjacent to
U.S. Forest Land in Paradise Valley, which could facilitate NIS arrival and establishment
in these areas similarly to facilitation of introductiondNistional Parks. A recent study
predicted significant increases in exurban development by 2020 within thé @XIE et
al. 2007, which suggests the immediate importance of understanding how NIS
distributions respond to changes in land use from range and forest uses to residential
uses. However, our results showed different species responded differently to exurban
land use suggsting some but not all NIS are favored with these types of land use
changes.

Locations currently or historically used for agriculture have been documented as
having modified disturbance and nutrient cycling regimes and can lack sufficient native
plant species or their propagules adapted to these altered regimes thereby creating
conditions vulnerable to plant invasiofigaer et al. 2009 The results of this study
suggested NIS occupancy was related to interachietvgeen spatial and temporal
configurations of current and historic irrigation practices, but, again, NIS responded
variably to land uses either currently or historically used for irrigated agriculture. For

instance, increases in the mean predictionzababilities ofB. inermiswere increased
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in locations previously used for irrigated cropland or pasture. This was not surprising as

B. inermiswas purposefully introduced as a forage crop.

Disentangling the Roles of Natural
and Human Disturbance \Mables

Land uses and changes within them are typically correlated to naturally occurring
environmental conditions. These confounding relationships have complicated other
studies interested in the role of land use on patterns of vegdiatedis et al. 1976
Duffy and Meier 1992Brunet 1993Thuiller et al. 200 Thus, it was expected that
current and historical land use variables would be confounded with our set of selected
environmental covariates. Disturbance related variables such as wildfire and distance
from roads can directly impact some NIS distributions by either facilitating dispersal or
generating disturbance regimes favoring weedy spé¢msder Lippe and Kowarik
2007 Rew and Johms 2010 Taylor et al. submitted Jan. 3, 2012 he relative role of
wildfire in explaining the occupancy &f. inermisdecreased with the inclusion of land
use variables but increased Ertectourmwhich suggested potential interactions
between natural arghthropogenic disturbances may be important for characterizing
some NIS distributions. Indeed, it is likely that B. inermis had been sown in some areas
of Paradise Valley and potentially in other areas surveyed over the previous few decades,
which makedB. inermis occurrence positively associated with irrigated and exurban land
uses. Motzkin et a(1996 reported interactions between disturbance types were
important for structuring vegetation patts and suggested land use history influenced

the composition of the species pool on which fire acted.



84

The significance of proximity to rigkaf-ways such as roads with NIS occurrence and
richness were reported in ecosystems with minimal human irfpacthard and
Alaback 2004Rew et al. 2005Seipel et al. 201Bridges et al. 2012, in preparatjon
However, the influence of these relationships in structuring NIS distributions may also
interact with other anthropogenic disturbances in systems undergoing éand us
intensification. Bridges et &2012, in preparatignllustrated how the relationship of
distance from roads explainingB. tectorumdistributions changed from significantly
negative to significantly positive as the intensity of human perturbations increased across
three adjacent management systems. Comparably, the significance of distance from
roads in explaiing B. tectorumandB. inermisoccupancy resulting from models
containing only environmental predictors was reduced with the inclusion of historic land
use. However, proximity to roads did not contribute much in respect to explaining
distributions for dINIS evaluated suggesting its significance for explaining NIS
occupancy was lessened in more intensely human altered ecosystems. Thus, our study
revealed the importance of interactions between current and historical land uses in
explaining distribution®f nonindigenouplant species at local spatial extents and fine

scales.
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Tables and Figures

Table4.1 Characteristics afonindigenouplant species (NIS) assessed in this study

Life Primary
Species History?” Reproductioh Dispersal Sources
Bromus inermis  Perennidl Seed; Veg Wind Heide (1999
Leyess. Grass
Bromus tectorum Annual Seed Animal  Mack(1981))
L. Grass
Centaurea Perennidl  Seed Wind Jacobs and Sheley
maculosaDorn Forb (1998; Sheley et al.

(1999
Cirsium arvense Perennidd  Seed; Veg  Wind Donald(1999
L Forb

Cynoglossum Perennidl Seed Animal  Upadhyaya et a(1988
officinaleL. Forb

Verbascum Biennial Seed Wind Donnelly et al(1998);
thapsusL. Forb Gross and Werndgf 982

iteroparous perennial
P semelparous perennial
“mode of reproduction either by seed (Seed) and/or vegetative (Veg) reproduction
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Table4.2 Sample sizes by current and histalrland use/cover classéddistorical land
use/cover classes describe document land use changes and, thus, represent current land
uses in the context of prior land use

Codé Current Land Use/Cover Sample Size
1 Exurban (residential) 124
2 IrrigatedAgriculture 110
3 Rangeland 1399
4 Conifer Forest 150

Historical Land Use/Cover Sample Size
2 Irrigated Agriculture 73
3 Rangeland/Grassland 1303
4 Conifer Forest 88
23 Irrigated Ag! Exurban 30
31 Rangeland Exurban 102
32 Rangeland Irrigated Ag 37
34 Rangeland Conifer Forest 46
43 Conifer Forest Rangeland 29
323 Rangeland Irrigated Ag! Rangeland 15
341 Rangeland Conifer Forest Exurban 14
343 Rangeland Conifer Forest Rangeland 22

%Coderefers to the current land use codes based on Anderson land use classifications
(Anderson et al. 1996Code also refers to the land use changes documented between
1948 and 201@depicted as single digit codes based on Anderson land use classifications



87

Table4.3 Environmental predtor variables used for modelimgnindigenouplant
occupancy in Paradise Valley (PVAL)

Variable

Variable Abbreviation Typé Source

Elevation (m) ELEV Indirect National Elevation Dataset (courtesy o
U.S. Geological Survey via
http://seamless.usgs.gov)

Slope (degrees) SLOPE Indirect Derived in Spatial Analyst for ArcGIS
9.3

Distance from Roads (m DRDS Direct MTNRIS®; Derived in Spatial Analyst
for ArcGIS 9.3

Distance from Streams DSTMS Direct MTNRIS’; Derived in Spatial Analyst

(m) for ArcGIS 9.3

Distance from Trails (m) DTRLS Direct MTNRIS®; Derived in Spatial Analyst
for ArcGIS 9.3

Wildfire WILDFIRE  Direct MTNRIS®

(presence/absenée)

Potential Direct Solar ~ SOLAR Resource Derived in SAGA GIS 2.0"Module

Insolation (kWh mZ) for Terrain Analysid_ighting, Visibility
v.1.0

Topographic Wetness  TWI Resource Derived in SAGA GIS 2.0"Module

Index for Terrain AnalysisHydrology v.1.0

&/ ariable type: Austin (2002, 2007) described the use of three types of variables for
modeling plant species distributions, indirect, direct, and resource

PWildfire: categorical, binary variable describing the presence or absence of wildfire
between 1985 and 2010

‘ArcGIS 9.3(ESRI 19992009

IMTNRIS: Montana Natural Resource Information System (www.nris.mt.gov)
°SAGA GIS 2.0.1SAGA Dewlopment Team 20)1
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Table4.4 Summary of the analysis of deviance results for occupancy models of
nonindigenougplant species (NIS)

Variation in NIS Within Model Variation
Life Distribution Explained Explained
Species History (%)? (%)°
Model Model Model Current Historic

1° 2° 3° LU  pvalud  LUY  p-valué
Bromus Perennial 28.46 33.40 44.45 7.42 <0.001 28.79 <0.001
inermis Grass
Bromus Annual 16.19 16.93 23.50 0.89 0.001 9.56 <0.001
tectorum Grass

Centaurea Perennial 18.64 22.13 24.67 4.48 <0.001 8.03 <0.001
maculosa Forb
Cirsium Perennial 13.87 14.86 26.53 1.14 0.223 17.23 <0.001
arvense Forb
Cynoglossum Perennial 22.53 26.50 35.62 5.40 <0.001 20.33 <0.001
officinale Forl’
Verbascum  Biennial 28.05 30.85 33.16 4.04 <0.001 7.65 <0.001
thapsus Forb

& ariation in NIS Distribution Explained (%) equal to the percent deviance in NIS
occupancy explained by each general linear model

PWithin Model Variation Explained (%) equal to deviance explained by each land use
variable as a percent of total deevce explained in Models 2 and 3, respectively

‘Model 1, Model 2, Model 3: NIS occupancy predicted by environmental variables only,
by environmental + current land use, and by environmental + historic land use,
respectively

9_U: land use categorical vatile

°p-value corresponding to the change in devaince explained within each model when
either Current LU or Historic LU were omitted from the fitted models

°C. officinale semelparous perennial forb

Table4.5 Percent devianc®) explained by disturbaeaelated environmental variables
within each of the three models built for eaxdnindigenouglant species (NIS)

Wildfire Distance from Roads
%D explained
Species Model 1 Model 2 Model 3 Model 1 Model 2 Model 3
Bromus inermis 12.22 7.24 412 0.98 0.04 0.05
Bromus tectorum 2.93 2.74 4,19 0.09 0.01 <0.01
Centaurea maculosa <0.01 0.01 0.03 0.03 0.20 0.45
Cirsium arvense 9.39 8.86 8.24 0.01 0.00 1.25

Cynoglossum officinals 4.48 3.73 2.64 0.01 0.12 0.03
Verbascum thapsus 24.81 27.36  26.91 1.41 2.00 2.81
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categries. TukeyOs notches approximating 95% confidence intervals are displayed as a
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Abstract

1. Concern ovethe ecological and economimpacts ofnonindigenous plant
speciesNIS) has engendered various pieces of legislation at national and local
levels, which mandate thmanagementf several NIS. However, the current NIS
management paradigm is based on the agsamthat all populations dflIS are
invasive and impacatcosystenprocesses. His view does not account for the
effects of spatial and temporal environmental heterogeneiyl®population
dynamics.Models of probabilities of NIS occurrence predict environmental
suitability and may be used to prioritize managementl8fpopulations.

2. We located populations of two NIBromus tectoruniL.) andLinaria dalmatica
(L.) Mill., along their respectivgradients of probabilities of occurrenaed
applied herbicide treatments to those populations. Data on target NIS densities
andoff target plant communities were recorded prior to and for two seasons after
herbicide treatment.

3. B. tectorundensitiesverepositively related tredictedenvironmental
suitability; wheread,.. dalmaticadensitiesvere negatively related to
environnental suitability. The effesbf herbicide treatment on densities of
populations for both target NIS were dependergmrironmentatuitability but
in contrasting ways for each specidaurtherB. tectorumdensities in treated
plots began to recoveosward pre-treatment levels less than two years after

treatment for populations growing in moretable environmentsResponses of
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the off target communities wetemporarily affectedvy herbicide treatment for
both targeiNIS.

4. NIS populationgespondeda herbicide treatment differentlepending on how
suitable the environmental conditions weuggestingnodels ofprobabilities of
NIS occurrencesould be informative oNIS populatiorresponses to management
and guide prioritization of management resources

5. Results of this study suggested that actively managingctorunpopulations in
moresuitablesitesmore frequenthcompared to populations growing in less
suitable sitesL. dalmaticaresponses to magement were less clear; however,
results from both species suggelnonitoring populations of the same species
growing in a variety of environmental cotidns is warranted. VWillustrated
how an experimental and ecological based approach to NIS magatgeruld

result in more efficient use of resources.

Keywords:Bromus tectoruminvasive species,inaria dalmaticg monitoring,species

distribution modelweed management

Introduction

The presence and spreachohindigenougplant speciesO (NIS) populations in
rangelands or wildlands are associated with both ecological and economidvizos¢set
al. 200Q Pimentel et al. 2005 NIS have been reported to caaseariety ofundesired
impacts ranging from reducing the values of certain land uses such as rangeland for

livestock grazing to altering ecosystem processesteracting with natwal disturbance
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regimeg(D'Antonio and \tousek 1992 Such alterations have been reported to impact
native or desired species biodiversity at multiple trophic |k et al. 2000Brooks
et al. 2004 The concern ovaronnative specigsvhether plant or amal, led to the
signing of United States (U.)J¥Execuive Orderl3112 in 1999 that mandated the
management afuch speciet® prevent their introduction or spread. This Order coupled
with local noxious weed laws have emphasized contralpafrticularset ofspecies.
Consequentlygontrol of speciegatherthanprioritizing monitoring and management of
invasivepopulations, is often part of local maeagO land management objectiéss
has resulted in millions of dollars in annual Ni&htrol costs within the U.§Pimentel et
al. 2005 with little documentation of any benefits yielded from management efforts
(Maxwell et al. 2009 Despite the legal requirements, land managers often lack the
resources to conduct comprehensive inventories or actively manage all popuaations
NIS within their management areas. Properly implemented efficient NIS si{Rewset
al. 2006 couldbe used to develamaps from models of NI8istributiors, which
charactere theirenvironmental suitability These pedictionsof probabilities of NIS
occurrencesouldinform the prioritization oNIS populations to be managéelew et al.
2007 Fox et al. 2009Maxwell et al. 2009Giljohann et al. 2011

Exploiting NIS (e.g., weed species) populatjpaich spatial dynamics threctwhere
to implement management actions has long been recognized as a valuable tool for spatial
prioritization of weed managemeiMenz et al. 1980Moody and Mack 198&Emry et
al. 201). Results of simulation studies suggested management treatments are more

efficient and efficacious when satellite patches and/or edges of focal weed patches are
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given prioritybecause dymaics of weed patches are more variable at their edges
compared to their interio(®1oody and Mack 1988 Howeverneither local nor regional
dynamicsof plantpopulationsarewell understood.Freckleton andVatkinson(2002
presented seral differentikely local and regiongbatterns of growtlior plants but
there remains a lack of empirical data that demonstrate how plant population dynamics
differ over spatially heterogeneous environments. PulE988 suggested Hmatat
specific population demography may play a more ecologically meaningful role in
population dynamics than mean values of age or stage specific demographic rates. This
suggests more environmentally suitable areas for NIS may correspond to more invasive
populations, that is, those populations expanding in density and/or area ov@dimet
al. 2007 Brown et al. 2008 Therefore, if population growth rates differ with habitat
conditions or environmental suitability, it may not be adequate to assume all populations
of the same species will respond to management sim{Ruliam 1988 Hobbs and
Humphries 1995 NIS management should include consideratiohjust of the target
species but alsof the environments harboring those spelitsbbs and Humphries
1995 Vila and Weiner 2004 For example, anthropogenic alterasaf land use may
make habitat more or less suitable for particular populations ofByi&s 2002Baer et
al. 2009 Bridges et al. 2012, in preparatjand, thustheresponse to weed control
practicegnay too vary with environmental heterogeneilS management based on
these ecological principlesay reduce costs of control and result in a reduction of NIS

invasion(Rew et al. 200)/
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Herbicides are the most widely used and possibly most efficacious NIS management
tool in range or wildlands over short temporal scffestenring and Adams 20}1
however, deleterious ofarget community effects are generally greatest when using
chemical treatment$iobbs and Humphries 199Bimentel et al. 2005 Negative
impacts of management may be greater in more suitable environments for NIS as native
plant species richness may alsogreater in those locatio(fstohlgren et al. 199).
However, plant species richness nii@yless in more suitable areas for NIS, thereby,
being more susceptibte NIS invasiongTilman 1997 Tilman 2003. Thus, itis
important to work toward minimizing negative effects to other off target members of the
plant communityby better understanding the relationships betweeneNigonmental
suitability and plant community responses to manage(Raw et al. 200;/Brown et al.
2008 Fox et al. 2009Giljohann et al. 201)1

Although effective, uniform herbicide application typically does not result in a
uniformresponse from individuals within a weed patch. This is likely due to spatial
heterogeneity of intrinsic and extrinsic factors regulating individual plant vigor and
population densityas presented in Cousens and Mortimer 19%8though some
empirical data exist evaluagrhow spatially explicit weed managemeah reduce local
population growth rate@umston et al. 200FEmry et al. 201}, field experimentation of
populationresponseat a regional scalith heterogeneousnvironmentsre currently
lacking.

The goal of this study was to evaluate the utilitgpécies distribution modefsr

landscape leveadr regional scal®&llS populdion management prioritization. Species
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distribution models were created for two NIS using logistic regression, and the resulting
probability of occurrenceredictionswere used to develop environmental suitability
indices for each species. Populatiomsstudy were selected along each speciesO
environmental suitability gradient. Thus, our specific objectives were to determine 1) if
responsg of target NIS density and dfrget plant species richness differed between
herbicide treatments along an eovimental suitability gradient; and 2) if weed patch
spatial dynamics differed with herbicide treatmieynevaluating responses on patch

edges

Methods

TargetNonindigenou$lant Species

Bromus tectorun(L.) andLinaria dalmatica(L.) Mill. were the twononindigenous
plant species (NIS) selected for evaluation of management efficacy within the study area
because of their contrasting taxonomic groupings, life histories, and growth Ha&bits.
tectorumis an obligate outcrossing, annual gr@dack 1981 that typically grows in
interconnected patches withime study areal. dalmaticais a perennial forb that grows
in patchy distributions within the study area, and this species has both sexual and asexual

reproductionVujnovic and Wein 199y

Environmental Suitability Modmg

The probabilities of occurrence were predicted for the target NIS within the northern
range area of the Greater Yellowstone Ecosystem (GYE) in Montana (UFRRA)g

5.1) using data collected within Yellowstone National Park (YNP) and Gallatin National
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Forest (GNF)YRew et al. 2005Bridges et al. 2012, in preparatjoRresence and absence
data for each species at a 3bswale were modeled using logistic regression with eight
environmental predictor variablésee methods in Bridges et al. 2012, in preparation
Bridges et al. (2012, in preparat)aeportedB. tectorundistributions were similar in
sampled areas MNP andGNF. This suggested extrapolationayistic regression
models built with data collected froboth YNP and GNF would be suitable for
characterizind3. tectorumdistributions in the study area for this project. Because few
instances oL. dalmaticaoccurrence have been documeritethe GN-, predictions of
this speciesO probabilities of occurrence were restricted to areas north and adjacent to the
YNP (Figure5.1).

Species distribution models for both species were validated by estimating the area
under the receiver operating characteristirve (AUC) using independent data sets
collected from within YNP and GNfPearce and Ferrier 2000The resulting AUC for
B. tectorumwas 0.84lower and upper 95% confidence boundaries equal to 0.82, 0.86,
respectively), and the AUC fdr. dalmaticawas 0.86 (lower and upper 95% confidence
boundaries equal to 0.84, 0.87, respectively). Thus, models for both species were
considered to predict spiesO occurrences significantly better than random chance
(Pearce and Ferrier 2000

The mapped predicted probabilities of each speoisafdrence were assumed to be
spatial representations of environmental suitability where locations of higher predicted
values corresponded to more suitable environments (Guisan and Zimmermann 2000).

Theoretically, predictionsouldrange from 0 to 1.0 whe locations predicted as 0 are
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completelyunsuitable (i.e., no occurrences ever recorded for locations with a particular
environmental covariate pattern) and locations predicted as 1.0 would be completely
suitable (i.e., occurrences recorded every timéoiwations with a particular covariate
pattern). However, theory also suggests that suitable locations will sometimes be
unoccupiedPulliam 198§ resulting in predictions of maximum probabilities of
occurrence being less than 1Thus, predictns of relative environmental suitability for
a specific management area require rescaling.rdweredictions for both species were
rescaled by dividing each prediction by the range of values predicted from the validation
data. This resulted in a rala environmental suitability index where the maximum

predicted value became equal to 1.0, and the minimum prediction became equal to O.

Environmental SuitabilitfExperimentalSites

For each NIS, populations (i.e., sets of patches) were seledteatains with
different predicted probabilities of occurrence representing a gradient from relatively low
to high environmental suitabilityEach site contained a range of suitability values, and
the mean value for each site was ugg@ continuous vaiblein statistical analyses.
Environmental suitability site wasqual tofive (j =1,..,5) or six (= 1,E,6) of mean
rescalegpredicted probabilities of occurrence frtectorunmor L. dalmatica

respectively All sites were located on GNF rangelafy@re5.1).

Within Site Experiment

To address treatment effects at each site along the environmental suitability gradient,
eight 3 m x 4.5 m management treatment plots were placed alongN#é8gedtch edges

and randomly assigned one of two herbiciéatmentsif (n = 4), treated or untreated
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(Figure5.2). Because of our specific interest in population responses to environmental
suitability and management along patch edgeasu Moody and Mack 198&atch
edge positionk), inner or outer, was represented as a-ppit nested within each
treatment plot (Figures.2 and5.3). There were three replications of observations
recorded withirD.5 nf permanent quadrats within each splivt (i = 3) for each of
three growing seasons of observatiangKigure5.3). In season 1 (2009), preatnent
data were collected inclugy: target NIS stem density, numberodf target native and
nonindigenoug(i.e., exotic) plant species. The same measures within the same quadrats
were made at each timén growing season 2 (2010; pastatment gar 1) and season 3
(2011; postreatment year 2). Measurements were made in late June through early

August for all yearsof the experiment.

Herbicide Treatments

Imazapic (imidazolinone chemical family) was applied early November 2009 at a rate
of approximately 600 ml of produb&* (8 oz a¢") using a ~3 m (10 ft) spray boom and
CO, backpack sprayer to each of the tred®etectorunplots. Likewise, picloram
(picolinic acid chemical family) was applied in early June 2010 at a rate of approximately
1.2 L hal (2 pt ad") to each of the treatdd dalmaticaplots. Picloram was app#id with
0.25% v/v noronic surfactant. Plots were treated with herbicide only once during the

experiment.

Statistical Analyses

Generailzedlinearmixedmodebk wereused to assess the response of target and non

target species to herbicide managementrayrsites of different environmental suitability
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and to assess the relationship between patch edge dynamics with environmental
suitability. We modeled the number of tatgpecies stems, number of @ffget species,
and the ratio of the number off target nonindigenousekotic) to number of native plant
species (EN ratio) as a function of environmental suitability index, herbicide treatment,
and patch edge position. To account for nested data, observations (quadrats) within the
same treatment plot (3 r4.05 m plot) were modeled as a plot specific random effect
(Zuur et al. 200Q To indirectly account for measurements made paartd after
herbicide treatment in 2009 and 202@11, respectively, herbicide treatment were coded
asfive categories corresponding 2009 préeatment an@0102011untreated and
treated (= 1,E,5). The full model for each response includked threeway interaction,
all two-way interactions, and main effe¢eqqn 1).
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Response data that were discrete t®(re., target NIS density and richness) were
analyzed as following Poisson distribution (log link function in eqgn 1), and the EN ratio
data wereanalyzed followinga Binomial distribution (logit link function in egn 1). The
EN ratio was modeled as adds ratio othe number oéxotic to native plant species
where values close to 1.0 indicated the likelihood of observing an spetitesvas
equal to that of a nativ@ecies Predicted EN ratio values greater than 1.0 indicated a
greater likelihoof observing an exotispeciecompared to observing a natispecies
and vice versa for predictions less than 1.0. The environmental suitability index values
were treated as continuous variables in the models, and the herbicide treatment and patch
edgeposition were categorical variables with 5 levels and 2 levels, respectively. The full
model (egn 1) wasonsidered the final model ftarget NIS densit® whereas, off target
species richness and the EN ratio was modeled with a reduced model comtaiyiting
two-way interaction between suitability index and herbicide treatment and main .effects
Rather than defina priori contrasts oa posteriorimultiple mean comparisons, we
plotted the fixed effects of the interactions and/or main effects of herbicide treatment on
the response variables to assess trends across time and environmental suitability indices.
Further, this graphical assessment alldws to interpret the effects of complex
interactions remaining in the models. All analyses were performed using the base, stats,
Ime4,and effectpackages in R version 2.13Rox 2003 Bates et al. 201 R

Development Core Team 2011
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Results

Densities of bothargetnonindigenouspecies varied monotonically with their
varying levels of environmental suitabylin 2009 prior to treatment (Figurést and
5.5). B.tectorumdensities increased with increasing environmental suitabiigufe
5.4); whereas|.. dalmaticadensities decreased with increasing environmental suitability

(Figure5.5).

Bromus tectorum

There were decreases in densities of inner edge untreated plots at higher values of
predictedB. tectorumenvironmental suitability in 201€ompared to prreatment
densities in 2009, although not statistically significant as inferred by overlapping 95%
Cls (Figure5.4a) Densities in untreated outer edges were similar in 2010 to those in
2009. The effect of herbicide treatmentBrtectorumapproximately eight months after
treatment (2010) resulted in similar densities for both inner and outer pgeh ed
irrespective of predicted environmental suitability. Absolute values of densities were
most reduced at locations of higher environmental suitabifyhough herbicide
treatment reduced densities at locations of lower environmental suitability dripa
pre-treatment densities, these reductions were not significantly different (Figure 5.4a).
Furthermore, the effect of herbicide treatment on densities was similar irrespective of
patch edge position (inner or outer) or environmental suitabilitygkevy densities of
inner edges were reduced to similar densities as outer edges (Figure 5.4a)

In 2011, approximately 20 months after treatmBntectorundensities of inner and

outer edges of untreated plots were similar to their respectivegaiteneh densities
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(Figure 5.4b). Densities of treated plots at lower suitability sites remained similar to
treated densities in 2010; whereas, the overall trend of densities in treated plots of both
edge positions increased at higher environmental suitabtkty toward similar densities

as in untreated and pteeated plots (Figure 5.4b).

Linaria dalmatica

L. dalmaticadensitiesncreased slightly in the untreated plots in 2010, approximately
two months after treatment and retained the same trend of debdeasity as predicted
environmental suitability increased (Figure 5.5a). The effect of herbicide treatment in the
first season on stem densities appeared to be greater in inner patch edges as absolute
values of densities decreased more in those treatadtats relative to outer edges of
treated plots. Densities of outer edges of treated plots were not significantly less than
densities of outer edges in untreated plots in 2010 or of densities recorded in outer edges
prior to treatment in 2009 (Figure a)5

In 2011, there were increased.indalmaticadensities in untreated plots compared to
pre-treatment densities in 2009 with the greatest increases recorded for populations at the
locations predicted as less suitable (Figure 5.5b). By 2011, apptekirtd months
after herbicide application, the effect of herbicide treatment on the reduction of stem
densities was more apparent at locations of lower predicted suitability. However, higher
densities remained in both the inner and outer edges of tygatsdt these locations
compared to more suitable dalmaticasites (Figure 5.5bBimilarly as withB. tectorum

the effect of edge position on density did not appear to depend on environmental



112
suitability or herbicide treatment as trends of densitween inner and outer edges were

similar (Figure 5.5b).

Off TargetPlant Community

Total off targetplantspecies richness declinadB. tectorumenvironmental
suitability increased regardless of herbicide treatment or time after treatment (Figure 5.6).
Overall, species richness declined acrosB atéctorunsuitability sites with herbicide
treatment in the first season (2010) (Figure 5.6d)e greatest reductions of off target
richness in treated plots were at locations of lower environmental suitability. By 2011,
approximately 20 months after herbicide application, richness had returned to levels
similar to richness recorded pireatmat in 2009 and in the untreated plots in 2011
(Figure 5.6b). The odds of sampling an off target NIS (i.e., exotic plant species) were
lower than sampling a native species (EN ratio < 1.0) across all environmental suitability
sites regardless of herbicitteatment (Figure 5.7). Thus, greater numbers of native
species compared to NIS were present & actorunsites. The EN ratio decreased as
environmental suitability increased in response to herbicide treatment ir{F20u e
5.7a); however, the tia recovered in treated plots by 2011 (Figure 5.7b).

Total off target species richness was similar acrods dhlmaticaenvironmental
suitability sites both prior to heicide treatment in 2009 argbproximately two months
after treatmenin 2010(Figure 5.8a).There was a slight increase in the richness of
untreated plots across all levelslofdalmaticaenvironmental suitability in 2011, but
total richness decreased with increased suitability in the treated plots (FigureTh&b).

EN ratio decrased from greater than 1.0 to less than 110 dalmaticasuitability
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increased irrespective of herbicide treatment or time after treatment (Figurehg).
the odds of encountering an off target NIS were greater than encountering a native
species albcations with lower predicteld. dalmaticasuitability. These odds increased
in treated plots compared to untreated plots at locations of lower suitability in 2010
(Figure 5.9a), but the odds decreased in treated plots relative to untreated plots at thes

sites in 2011 (Figure 5.9Db).

Discussion

The current NIS management paradigm is based on the assumption that all
populations of an NIS are invasive amehatively impacecosystem processes.
However, this view does not account for the effects of dathtemporal
environmental heterogeneity on population dynar(fedliam 1988 Davis et al. 2000
Vila and Weiner 2004 Thus, we hypothesized population responses to perturhations
such as the appligah of management treatmetsay also vary with environmental
conditions. We found NIS populations had differential responses to herbicide treatment
depending on how suitable the environmental conditions were. These were encouraging
results as they suggedmodels of NIS environmental suitabilitgight be more than just
useful guids for monitoring or detection of new NIS populatigBaxter and
Possingham 201 Ervin and Holly 201). We have also illustrated these models may be
informative of the dynamics and respongsemanagement dfilS populations inhabiting
specific, predictable environmental conditi¢g@iisan and Thuiller 2005

B. tectorunmpopulations responded to herbicide treatnagrat an environmental

suitability gradient the way we initially hypothesized. We expected a trend of increasing
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densities with increasing environmental suitability as conditions in more suitable areas
may harbor populations with more invasive poter{iavis et al. 2000and competitive
advantages¢Tilman 2003. Likewise, we hypothesized managemeairhe less
efficacious for densgropulationggrowing in more suitable environmentB. tectorum
populations growing in more suitable environments exhibited these jtrensver, it
was not measurad and it cannot be inferred frothis studyif increased. tectorum
density occurred in more suitable environments because it was acbetistitor
Densitiegn treated plots of populations located in more suitable environments increased
toward pretreatment levels less than two years after applicatubrereas, densities of
populations in less suitable environments did not increaseldy 20

From a managemeperspectiveit might be wise to targ&. tectorunpopulations in
higher suitability sitesnore frequentlyntil sufficient control is achiewk whereas,
populations growing in less suitable environments may not need treatnfiestjuently
Furthermoreoff target NIS richness was reduced at sites of higher predicted
environmental suitability, and total off targgdecies richness rebowgttowardpre-
treatment levels by the second season after treatmease Tindingsuggested there
may minmal deleterious impacts to d#rget plant communities, and the risk of
unintended effects on existing plant communities may be low enough to justify a greater
intensity of management in more environmentally suitable areas. Howmewer,
temporary reduction in off target NiBay be based on the chemical used to Beat
tectorumpopulations. Imazapic is a broad spectrum herbicide that can havetgkigto

effects on either monocot or dicot speci®haner et al. 1984and thus, likely
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contributed to the effect of treatment on the reductiastlérintroduced grass species
such ag?oa pratensisPhleum pretenseandBromus inermis A different herbicidal
compund may have different effects on local plant flora.

L. dalmaticaresponses to management were less cl@apared td3. tectorum
responses, especially in the first season after treatritemas not until the second season
after herbicide application that the effects of treatment were better detected. Additional
temporal data oh. dalmaticaresponses is likely necessary to understand its responses to
management, especially for populasoatless suitable sites. It was clear, however, that
L. dalmaticapopulations growing in more suitable environments were a part of plant
communities with higher native species richness. Thus, in addition to lower target NIS
densities, the risk of neget off target community effects from herbicide treatment were
greater at locations of higher suitability.

The contrasting nature of the dalmaticaresponses to its predicted environmental
suitability gradiensuggestedhere isgreat value in monitorgpthedifferentpopulations
of the same specidéscated in varyingly suitablenvironments over time befoapplying
herbicide treatmentfkew et al. 200}/ Management ecisionsbased on insfitient
monitoring datacould result in an inefficient use of resour€€aylor and Hastings 2004
with minimal orno reduction ofarget NISlocal or regional populatiogrowth rates
Furthermore, these divergent results between species could be due to their contrasting life
histories or our inference of environmental suitability based on predictions of

probabilities of occurrence may be faulty, despite the vast literature relating habitat
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quality to predictions of occupan¢§uisan and Zimmermann 200Buisan and Thuiller
2005).

The results from the experiment we conducted do not necessarily imply that NIS
populations will respond similarly to management in another region as they did in this
study. Rather, we illustrated how an experimentally and ecologically baseeppo
weed management may be very insightful and applicable to the needs of land managers.
Such an experiment as the one presented here could easily be implemented in conjunction
with existing weed management objectives to guide the prioritizatioopefig@tion level

managemeniRew et al. 200)/
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Figure 5.2. Experimental design diagram. Responses of two tengiedigenouplant
speciesBromus tectorunandLinaria dalmatica and nortarget plant species were
assessed atevels of environmental suitability predicted by modeled probabilities of NIS
occurrence. Within eaglsite, one of two herbicide treatmentswere randomly
selectedor each of eight treatment plots. Weed patch edge poskiovas treated as a
nested spliplot within each treatment plot.
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Figure 5.3. Data collection protocol diagram. The figure illustrates a typical
environmental suitability sitewith treatment plots positioned along weed patch edges.
Within each weed patch edge position split k, data were collected in three 0.5 m
permanent replicate quadrats (i.e.quads).
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CHAPTER SIX

CONCLUSIONS

The research conducted in this dissertation was engendered by a desire to better
understand the patterns and possible processes goveanimgligenouglant species
(NIS) distributions. Further, the culmination of research presented here was an tttempt
apply ecologically based solutions to practical problems in weed management. Land
managers charged with weed management across local spatial extents (i.e., management
units defined in Chapter 2) are faced with several challenges. First, they adevofesh
in their resources to manage all NIS populations. Second, they are often data limited
insomuch they lack adequate amounts of survey data to accurately characterize the spatial
distributions of NIS. Third, managers and scientists alike are cdlysiam between
competing interestsoncerningdecisions to monitor versus administer management
treatmentsdue to limited funding Finally, national and local legislation mandating the
eradication or control of noxious wega®vides a greatencentive towarda species
centric approach to managemeaather than on an ecological or systems approach to
reducing the occurrence of undesired NIS.

This dissertation aimed to answer three overarching questions related to
characterizing and applying knowtgel of NIS distributions to weed management:

1. How well do nonindigenous plant species distribution models transfer between

three neighboring management units that represent a gradient of human

disturbance intensities?
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2. How do current and historical uses of land affect predicted probabilities of

nonindigenous plant species occupancy?

3. What are the relationships between predicted probabilities of nonindigenous plant

species occurrence and the responses of target specigatiomg and off target
plant communities to chemical weed management?

The introductoryand backgroundhaptes of this dissertation gave a brief review and
synthesis of the state of knowledge of species distribution models (SDM) as they pertain
to NIS andoffered some background on how the accuracy of such models may be
affected by insufficient accounting for patterns of human caused disturbances. This
chapter further described how SDksght be applicable within a weed population
prioritization managemeifiramework.

Thefirst datachaptey Chapter Threesxplored whethespecies ecological niches
(Hutchinson 195)and, thus, their distributions across a landscape remained similar
among neighboring management uiitkompson et al. 1993ill et al. 200Q Prinzing
et al. 2002 The null hypotlesis was that NIS would be distributgchilaly among
management unitgith similar static abiotic environmental variati¢hustin 2007. If
the null hypothesis heldliata collected in other regions could be used to make predictions
in locations where dataexescarce. However, results for recent studies evaluating the
portability of SDMs for plant species were mixed suggesting there may be complications
with generalizng such models between two distinct regions with differences in land use
and management histori@®andin et al. 20Q&rvin and Holly 2011 Thus, | evaluated

the transferability of SDMs parameterized for two NIS between neighboring management



131
units within the Greater Yellowstone EcosystYE) that represented a thrpeint
gradient of human perturbation intensities. | concluded that NIS distributions for the two
species evaluated were significantly different between the two management units
representing the least and greatest intensities of hdismbanceas models wilt
within each of those units did not adequately transfer between them. This result provided
empirical evidence signifying that human disturbances may sufficientlynalteral
disturbance regimd8yers 2002Brooks et al. 2004such that relatively static
environmental predictors thought to affect plant gro@@thstin and Van Niel 20)Imay
not adequately explain NIS distributions.

Based on the results generated by testing the transferability of SDMs for NIS, |
looked further into how certain land uses may affect NIS distributions. | evathated
relative contributions of current and historical land use variables to explaining the
probabilities of occurrence for SMIS currently present imanyareaswithin a model
study system Paradise ValleyRVAL) was considered a model system becausasit
exhibited the characteristics of many rural ecosystems adjacent to National Parks and
other protected areas with growing human populations and growing rates of exurban
developmen{Parmenter et al. 200&ude et al. 2006 Furthermore, PVAL provided
spatially and temporally heterogeneous patterns of agricultural lancanseas such, |
concentrated on land usesrrently or previously used for irrigated agriculture, those
currently in exurban development, and those classified as dryland rangbitardctions
among historical and current land uses explained greater amounts of the variation in NIS

distributionsas compared to only environmental or environmental plus current land use
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variables. Moreover, predictions of the probabilities of occurrence for four of the six NIS
were significantly changed within rangeland environments previously used for irrigated
agiculture. This pattern was somewhat pronounce®fomus inermisa purposefully
introduced perennial forage grass. Current locatiofs ofermispresence were
positively associated with locations currently and previously irrigated for either adoplan
or pasture. Likewise, increases in ghredictedprobabilities ofBromus tectorum
occurrence in locations previously irrigated were very pronounced once historical land
use was included in its SDMResults of this study were suggestive of the temporal
impacts of human uses of land on NIS distributiand possibly on facilitating invasion
by NIS by altering disturbance regim@doles et al. 201p

Finally, our current paradigm for NIS management does not sufficiexplpit our
current ecological understanding of the associations between individual plant growth
responses and plant population dynamiith environmental suitability. More suitable
environments as predicted by probabilities of NIS occurrence may hadverapidly
growing population®f target NIS Thus, such populations may have relatively more
invasive potential than other populations of the same species growing in less suitable
environments. Likewise, we might expect population responses to nmagwige
approachesuch as herbicide treatmetd differ among populations growing in different
environmental conditions. Further, if predictable relationships exist between
environmental suitability quantified by SDMs and management responses, popuations
target species may be prioritized for management by exploiting such relatiofi&ps

et al. 200J. Therefore, | tested the applicability of SDMs to characterize environmental
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suitability and inform management decisions by evaluating the responses of two NIS to
herbicide treatments along their respective environmental suitability gradients. Results o
this study suggested differential responses of populations of the same species to herbicide
treatmentsnightvary in a predictable mannesith predicted suitability gradients

B. tectorumpopulations growing in more suitable environments likely nee@to b
prioritized for management actions more frequently than populations growing in less
suitable environments. Conversely, it may be more beneficial to pridritiaea
dalmaticamanagement at populations growing in less suitable environments (as
predictel by an SDM) as those populations may contribute more to this speciesO local and
regional growth ratesAlthough specific trends in the respoggeth predicted
probabilities of occurrenamay be species specific within a management unit, an
experimentabased approach to weed management in range and wildland systems could
provide valuable insight for prioritizing populations upon which to expend management

resources.

Future Directions

Although insightful, the results of my cumulative research only begiaveal how
NIS environmental suitability models may be implemented to support weed management
decisions.Rew et al. (200)/proposed an NIS management framework that emptasiz
prioritization of the management of NIS populations rather than a focus on the control of
individual species. Their prioritization framework highlighted the importance of
monitoring NIS populations within a range of environmental conditions to abs#ss t

invasive potentials (i.e., their abilities to increase in density and/or spatial extent over
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time). The results of the management response study along a gradient of environmental
suitability strongly suggested population monitoring could result ireratficient and
possibly more efficacious administration of management reso{Mzesvell et al. 2009
However, addibnal temporal data is needed for both species evaluated to draw stronger
inferences about the relationships between predicted environmental suitability and
population responses.

A fundamental principle of metapopulation dynamics theory, and, thuspiisaton
to modeling such dynamics across a landscape, relies on the accurate characterization of
what defines a suitable habitat for the species in queRidham 1988 Hanski 1994k
However, the definition of OsuitableO habitat for plant species poses several challenges
(Freckleton and Watkinson 2002Firstly, populations of a species exhibiting a
metapopulation structure are those residing within discrete patches of suitable habitat
within a matix of unsuitable habitgiHanski 1994h However, plant populations of the
same species can inhabit many environments as well as remaining dormant in the seed
stage under unsuitable conditions. This suggests there is more likely a gradient of habitat
suitability across a landscape, and, thlgefining sourcesink dynamics among
populations is noitrivial (Eriksson 199% Nonetheless, an understanding of such
dynamics could be fundamental to applying management treatments such that overall
metapopulation growth tas decrease over tinlRew et al. 200)f

My research elucidated trends in Nd8pulation responsedongprobability of
occurrencgradients within moderately disturbed rangeland systenisedballatin

National Forest (GNF) Furthermorgl determined that NIS were distributed differently
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based on the level dluman disturbance intensities. Thus, continued work evaluating
responses to herbicide applications or other management treatmenidstshexplored
in environments highly altered by human activities, as these alterations might drive plant

invasiongMoles et al. 201Pand the way they are managed.

Epilogue

A natural extension of the researclohducted for my dissertation would be
evaluation othe responses aidditional NISpopulationsn other systems herbicide
applications. In fact, | have already started this wd&&fore starting my Ph.D. research
with my advisors at Montana State Meaiisity, | had started implementing some of their
surveying and modeling practices in an area with similar characteristics as Paradise
Valley in northern Colorado. Currently, | am working toward analyzing population
responses to management al@igium avensel. a predictecenvronmental suitability
gradientin northern Colorado and will be comparing those results with resul for
arvensdn Paradise ValleyThere should be great benefit in understanding how
consistent or inconsistent relationships are among different regions. Furthermore, |
hypothesize this additional study will help to further a shift in the current NIS
management paradigm toward more egalal and experimental approaches.

| think the work | have done for my dissertation has contributed to weed science and
ecology in furthering our understanding of how we might work with nature rather than
against it to solve management problems. Ityssmcere hope that | may continue to
contribute to this discipline, this discipline that has contributed so much to me. | would

like to follow in the footsteps of those weed scientists/ecologists that have insplded me
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Bruce Maxwell, Lisa Rew, to namesjua couple. What attracts me to this discipline is its
diversity, and | have aimed throughout my academic career to be diverse ashaed.
had the opportunity to participate in projects at all levels of biological organi&ation
from molecules to ecgstem$ using principles from the most basic to the most applied
science When | first sat down with folks from Colorado State Univeraftgr the
completions of a masterOs degoediscuss entering a Ph.D. program, | remember
explicitly telling them | vanted my experience to cover trismgéN my exactwords were
Omolecules to ecosystems.O In retrospect, | would not suggest to any nasve young
scientist (such as | was or may still be) embarking on the start of a Ph.D. to request
working on a set of projesthat spans such a rangs it may cause undue personal and
financial hardships as well as taking much longer to finidbever, Ido encourage
anyone interested in the weed sciences to get as much exposure as possible to this
diversity. The currentrad future issues in weed science demand it. From problems
associated with herbicide resistance to invasion, our discipline will continue to require
thinking that integrategrinciplesof physiology, molecular biolgg population genetics,
ecology, statists, and quantitative modeling.

| have obtained skills over the last few years upon which to build. These skills
include, most importantly, how to thiNkto question everything in every concalle
way. | want to dedicate my life, both professioaatl personal, to learningeing a
better communicator, and being a better listeh&@ope my prior, current, and future
experiences afford me the opportunity to be a leader within my discipline and make

meaningful contributions.
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Appendix A is a supplement to Chapter Three of this dissertation. It contains two
tables for an extra analysis referenced in the manuscript.

TableA.1 Logistic regression coefficient estimates for models predicting the probability
of occurrence o€irsium arvensdor each of the three neighboring management units.
These models are different from those in the main text as they include an interaction
between elevation and wildfire

Variablé YNP p-valué GNF p-valué PVAL p-valué
(Intercept) -1.215E+01 <0.001 2.071E+00 0.454 7.757E+00 0.143
ELEV -2.476E04 0.317 -5.216E03 <0.001 -7.174E03 0.012
SLOPE 470902 <0.001 2.416E03 0.918 6.371E03 0.884
DRDS 1.800E04 <0.001 6.360E05 0.769 4.710E05 0.937
DSTMS 7.05804 <0.001 -2.591E03 0.002 -6.951E04 0.142
DTRLS -1.166£04 <0.001 6.728E04 <0.001 1.174E04 0.120
WILDFIRE 1° -3.972E+00 < 0.001 -2.719E+00 0.594 2.151E+01 0.561
SOLAR 2.450E02 <0.001 2.171E02 0.002 -2.014E02 0.093
TWI 3.283E01 <0.001 9.692E02 0.271 2.433E01 0.002

ELEV*WILDFIRE1® 2.000E03 <0.001 1.968E03 0.419 -9.186E03 0.646

®Abbreviations for environmental variables in Table 1
Pp-valuesbased on the-approximation to the CHsquared distribution
‘WILDFIRE 1 = categorical variable where 1 = present
dnteraction term

Table A.2 Results ofCirsium arvensenodel transferability to each of the management
units for the model built in YNPral summarized in Table A.1

Management Unii Mean AUCG Lower Bound Upper Boun

YNP 0.744 0.722 0.768
GNF 0.519 0.440 0.597
PVAL 0.508 0.423 0.598

®MeanAUC: mean area under the receiver operating curve; the value for YNP represents
an internal validation of the model built in YNP

PLower and Upper bounds for approximate 95% confidence intervals around the mean
AUC
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Summary and analysis of deviance tablesforindigenouglant species occupancy

models and related box and whisker plots

This appendix contains the detailed results for the general linear models with logit
link functions used to quantify noigenous plant species (NIS) occupancy within our
study system, Paradise Valley, Montana, U.S.A. Summary tables for parameter estimates
from fitted logistic regression models contain codes and abbreviations for landduse an
environmental variables described in Tabl2and Tablet.3 of the corresponding
manuscript. Box and whisker plots were also generated to illustrate the changes in
predicted probabilities of NIS occupancy with the inclusion of categorical land use
variables. Similar figures were included within the manuscript for which this appendix
supplements; howevdigures included in Appendix Bre presented by species thereby
allowing visual comparisons among predictions for occupancy models to be assessed on a

per species basis.
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TableB.1 Summary table of logistic regression predic8ngmus tectoruneccupancy
(numeric land use history codes in Table 2)

Model 12 Model 2 Model 3!

Variable Estimate p-valué Estimate p-valué Estimate p-valué
Intercept 7.582E+00 <0.001 7.714E+00 <0.001 4.106E+00 0.001
ELEV -8.259E03 <0.001 -8.599E03 <0.001 -7.997E03 <0.001
SLOPE 3.361E02 0.003 3.918E02 <0.001 2.828E02 0.023
DRDS -2.655E04 0.180 -8.022E05 0.694 -3.004E05 0.889
DSTMS -6.019E04 <0.001 -5.792E04 <0.001 -5.127E04 <0.001
DTRLS 1.221E04 <0.001 1.419E04 <0.001 1.390E04 <0.001
WILDFIRE1 2.221E+00 <0.001 2.195E+00 <0.001 2.851E+00 <0.001
SOLAR 3.275E02 <0.001 3.271E02 <0.001 3.569E02 <0.001
TWI -9.521E02 0.002 -5.944E02 0.071 -6.426E02 0.075
Exurban 3.502E01 0.228

Irrigated Ag. -8.009E01 0.016

Rangeland -2.337E01 0.336

3 1.869E+00 <0.001
4 2.667E+00 <0.001
23 3.090E+00 <0.001
31 2.791E+00 <0.001
32 3.920E+00 <0.001
34 1.326E+00 0.012
43 2.804E+00 <0.001
323 1.845E+01 0.965
341 -1.135E+00 0.317
343 1.791E+00 0.009

®Model 1, Model 2, Model 3 refers tdIS occupancy predicted by environmental

variables only, by environmental + current land use, and by environmental + historic land

use, respectively
Pp-values were adjusted for overdispersion and were based cdigtetution
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TableB.2 Analysis of @viance tables describing the percent change in model deviance
when each of the variables was omitted forBhemus tectorunoccupancy models

Model 1: 16.19% deviance explainec Model 2: 16.93% deviance explained

Variable Deviance #D p- Deviance

Omitted #df (D) (%) valué #df (D) #D (%) p-valué
None 4082.4 4046.2

ELEV 1 4364.1 6.90 <0.001 1 4319.5 6.75 <0.001
SLOPE 1 4100.1 0.44 0.006 1 4069.1 0.57 0.002
DRDS 1 4086.0 0.09 0.210 1 4046.5 0.01 0.711
DSTMS 1 4135.7 1.31 <0.001 1 4090.5 1.50 <0.001
DTRLS 1 4129.6 1.16 <0.001 1 4106.7 1.10 <0.001
WF 1 4201.8 2.93 <0.001 1 4157.0 2.74 <0.001
SOLAR 1 4220.3 3.38 <0.001 1 4176.3 3.22 <0.001
TWI 1 4102.2 0.49 0.003 1 4052.8 0.16 0.088
LU.C? NA NA NA NA 3 4082.4 0.89 0.001
LU.H? NA NA NA NA NA NA NA NA

Model 3: 23.50% deviance explained
#df Deviance D) #D (%) p-value

3726.1

1 3948.5 5.97 <0.001
1 3736.6 0.28 0.026
1 3726.2 <0.01 0.891
1 3759.1 0.88 <0.001
1 3778.8 1.41 <0.001
1 3882.2 4.19 <0.001
1 3872.1 3.92 <0.001
1 3732.6 0.17 0.081
NA NA NA NA
10 4082.4 9.56 <0.001

a LU.C and LU.H are abbreviations for Current Land Use and Historic Land Use,
respectively

b p-values were adjusted for overdispersion and were based ordibiBution (Zuur et
al. 2009)
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TableB.3 Summary table of logistic regression predic8rgmus inermi®ccupancy
(numeric land use history codes in Table 2)

Model 12 Model 2 Model 3!

Variable Estimate p-value Estimate p-value Estimate p-value
Intercept 2.139E+00 0.536 8.033E02 0.982 4.248E+00  0.309
ELEV 2.038E03 0.231 4.036E03 0.019 3.478E03 0.089
SLOPE -2.236E01 <0.001 -2.124E01 <0.001 -2.415E01 <0.001
DRDS 1.164E03 0.006 2.366E04 0.634 3.213E04 0.570
DSTMS -3.044E03 <0.001 -2.045E03 <0.001 -2.481E03 <0.001
DTRLS -4.890E05 0.379 -3.209E05 0.589 -1.212E04 0.103
WILDFIRE1 3.826E+00 <0.001 2.881E+00 <0.001 2.703E+00 <0.001
SOLAR -4.235E02 <0.001 -4.039E02 <0.001 -4.407E02 <0.001
TWI 4.760E03 0.933 -1.094E01 0.054 -1.549E01 0.009
Exurban 1.334E01 0.722

Irrigated Ag. 1.270E+00 0.011

Rangeland -8.856E01 0.016

3 -2.605E+00 <0.001
4 6.796E02 0.924
23 -3.839E01 0.401
31 -3.534E+00 <0.001
32 1.423E01 0.709
34 -1.820E+00  0.006
43 -1.523E+01  0.977
323 8.829E01 0.118
341 9.782E01 0.200
343 3.686E01 0.731

®Model 1, Model 2, Model 3 refers tdIS occupancy predicted by environmental
variables only, by environmental + current land use, and by environmental + historic land
use, respectively



162

TableB.4 Analysis of deviance tables describthg percent change in model deviance
when each of the variables was omitted forBhemus inermi®ccupancy models

Model 1: 28.46% deviance explaint Model 2: 33.40% deviance

explained

Variable Deviance #D Deviance #D

Omitted #df (D) (%) p-value #df (D) (%) p-valué
None 762.7 710.0

ELEV 1 764.1 0.18 0.241 1 715.2 0.73 0.023
SLOPE 1 813.3 6.63 0.000 1 756.0 6.48 <0.001
DRDS 1 770.2 0.98 0.006 1 710.3 0.04 0.635
DSTMS 1 822.8 7.88 0.000 1 731.0 2.96 <0.001
DTRLS 1 763.5 0.10 0.376 1 710.3 0.04 0.587
WF 1 855.9 12.22 0.000 1 761.4 7.24 <0.001
SOLAR 1 783.8 2.77 0.000 1 7279 2.52 <0.001
TWI 1 762.7 0.00 0.933 1 713.8 0.54 0.052
LU.C? NA NA NA NA 3 762.7 7.42 <0.001
LU.H? NA NA NA NA NA NA NA NA

Model 3: 44.45% deviance explainec
Deviance #D

#df (D) (%) p-value
592.2
1 595.0 0.47 0.095
1 638.2 7.77 <0.001
1 592.5 0.05 0.570
1 616.0 4.02 <0.001
1 595.0 0.47 0.096
1 616.6 4.12 <0.001
1 606.5 2.41 <0.001
1 599.1 1.17 0.009
NA NA NA NA
10 762.7 28.79 <0.001

a LU.C and LU.Hare abbreviations for Current Land Use and Historic Land Use,
respectively
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TableB.5 Summary table of logistic regression predictegbascum thapsus
occupancy (numeric land usetiois/ codes in Table 2)

Model 12 Model 2 Model 3!

Variable Estimate p-value Estimate p-value Estimate p-value
Intercept 6.107E+00 0.032 5.101E+00 0.086 -1.187E+01  0.990
ELEV -8.146E03 <0.001 -8.412E03 <0.001 -7.537E03 <0.001
SLOPE 5.795E02 0.001 6.277E02 0.002 4.638E02 0.031
DRDS -1.726E03 <0.001 -2.073E03 <0.001 -2.535E03 <0.001
DSTMS 2.577E05 0.090 -1.659E04 0.447 -1.503E04 0.502
DTRLS -1.875E04 0.011 -2.113E04 0.003 -1.792E04 0.012
WILDFIRE1 4.779E+00 <0.001 5.109E+00 <0.001 5.289E+00 <0.001
SOLAR 1.491E02 0.005 1.175E02 0.028 1.295E02 0.020
TWI 1.356E01 0.026 2.266E01 0.001 2.264E01 0.001
Exurban 1.061E+00 0.013

Irrigated Ag. -1.443E+01  0.975

Rangeland 1.421E+00 <0.001

3 1.677E+01  0.986
4 2.113E01 1.000
23 1.663E+01  0.986
31 1.686E+01  0.986
32 -1.775E02 1.000
34 1.538E+01  0.987
43 1.606E+00  0.999
323 7.318E01 1.000
341 1.508E+01  0.987
343 1.876E+01 0.984

®Model 1, Model 2, Model 3 refers tdIS occupancy predicted by environmental

variables only, by environmental + current land use, and by environmental + historic land

use, respectively
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TableB.6 Analysis of deviance tables describing the percent change in model deviance
when each of #hvariables was omitted for tMerbascum thapsusccupancy models

Model 1: 28.05% deviance Model 2: 30.85% deviance explained
explained
Variable Deviance #D Deviance
Omitted #df (D) (%) p-value #df (D) #D (%) p-valué
None 877.7 843.5
ELEV 1 913.2 4.06 <0.001 1 878.7 4.17 <0.001
SLOPE 1 887.5 1.07 0.002 1 853.1 1.13 0.002
DRDS 1 890.2 141 <0.001 1 860.4 2.00 <0.001
DSTMS 1 877.7 0.00 0.902 1 844.1 0.07 0.441
DTRLS 1 885.1 0.85 0.006 1 853.6 1.19 0.002
WF 1 1097.2 24.81 <0.001 1 1074.3 27.36 <0.001
SOLAR 1 886.0 0.76 0.004 1 848.6 0.60 0.024
TWI 1 882.4 0.54 0.029 1 853.7 1.20 0.001
LU.C? NA NA NA NA 3 877.7 4.04 <0.001
LU.H? NA NA NA NA NA NA NA NA

Model 3: 33.16% deviance explainec
Deviance #D

#df (D) (%) p-value
815.3
1 839.2 294 <0.001
1 819.7 0.55 0.035
1 838.2 2.81 <0.001
1 815.7 0.06 0.498
1 822.3 0.86 0.008
1 1034.6 26.91 <0.001
1 821.0 0.70 0.017
1 825.0 1.19 0.002
NA NA NA NA
10 877.7 7.65 <0.001

a LU.C and LU.H are abbreviations for Current Land UseHiatbric Land Use,
respectively



166

P m
.
‘ - *
s
mm;ommnoom@%r - 3 o H‘ﬂ.( L g
[ =4
(3] -
Il :
.. ME
[
&
2 @oooox}moooz_:m{fm
-l
-2
=
2 Oq"l.””m
?- 4
L <
™M g
[
=
oo
DD 0 i3 B
E] -
x -
HH F5 s
2
2
oo o 0o }-«ﬂ]{—;w
'g —
5 g
o oomoo | = < 5
2 fre
= -
I o P fffff *-:rg
m g
o

90 S0 ¥0 €0 C0 O 00
ZI2pPon
‘Aouednad0 H13A jo AYijigeqold paidipald

ol o 10} m:m&mmﬁ -

g0 30 ¥0 €0 ¢0 V0o 00

€ I9PON
‘AauednadQ H13 jo ANjigeqoid paidipald

Historic Land Use Category

Rangeland

Current Land Use Category

T
323
Rangeland

z
:

+
I
Irigated.Ag
- Q
——
LI | T
32 23
Irrigated Ag

: (-
CCRERNED @ -+ 5
= —
w —
il "5 s
£
2
COW oD FHHE o &
-
5 %
00 ComADC a+ - = © ‘*{I‘w g
5 2
s 5
: i [
o

T T T T T T T T T T T T T
90 S0 ¥0 €0 €0 L0 00 g0 S0 vO0 E0 ¢O0 L0 0O

T |9poN ‘AouednadQ HL3A o Alljigeqold paidipald
FigureB.3 Predicted probabilities oferbascum thapsy¥ETH) occupancy for Models

1 and 2 plotted against current land use categories, and Models 1 and 3 plotted against
historic land use categories



167

TableB.7 Summary table of logistic regression predicti®ygnoglossum officinale
occupancy (numeric land use history codes in Table 2)

Model 12 Model 2 Model 3!

Variable Estimate p-value Estimate p-value Estimate p-value
Intercept -1.310E+01 <0.001 -1.252E+01 <0.001 -1.732E+01 <0.001
ELEV 5.565E03 0.001 5.283E03 0.002 8.482E03 <0.001
SLOPE 4.457E02 0.064 6.045E02 0.018 4.379E02 0.124
DRDS 1.097E04 0.788 -4.179E04 0.407 -2.099E04 0.720
DSTMS -8.339E04 0.043 -9.444E05 0.833 -6.040E04 0.168
DTRLS 4934E04 <0.001 5.546E04 <0.001 6.375E04 <0.001
WILDFIRE1 2.044E+00 <0.001 1.909E+00 <0.001 1.755E+00 <0.001
SOLAR -1.921E02 0.001 -2.002E02 0.001 -2.119E02 0.002
TWI -8.245E03 0.912 -5.828E02 0.438 -5.961E02 0.455
Exurban 1.230E+00 0.010

Irrigated Ag. 9.975E01 0.072

Rangeland -4.814E01 0.172

3 -1.328E+00  0.005
4 -8.410E01 0.278
23 -1.575E+01  0.985
31 8.627E01 0.138
32 4.519E01 0.447
34 -5.914E01 0.355
43 -1.607E+01  0.987
323 -8.313E01 0.236
341 -3.891E01 0.681
343 4.294E+00 <0.001

®Model 1, Model 2, Model 3 refers tdIS occupancy predicted by environmental

variables only, by environmental + current land use, and by environmental + historic land

use, respectively
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TableB.8 Analysis of deviance tables describing the percent change in model deviance
when each of the variables was omitted for@yaoglossum officinaleccupancy models

Model 1: 22.53% deviance Model 2: 26.50% deviance
explained explained
Variable Deviance #D Deviance #D
Omitted #df (D) (%) p-value #df (D) (%) p-valué
None 595.6 565.1
ELEV 1 606.7 1.87 0.001 1 57494 1.74 0.002
SLOPE 1 598.9 0.55 0.072 1 570.41 0.94 0.021
DRDS 1 595.7 0.01 0.789 1 565.8 0.12 0.403
DSTMS 1 600.0 0.73 0.037 1 565.14 0.01 0.833
DTRLS 1 676.9 13.64 <0.001 1 659.15 16.64 <0.001
WF 1 622.3 4.48 <0.001 1 586.16 3.73 <0.001
SOLAR 1 606.9 1.89 0.001 1 576.23 1.97 0.001
TWI 1 595.6 0.00 0912 1 565.71 0.11 0.433
LU.C? NA NA NA NA 3 595.62 5.40 <0.001
LU.H? NA NA NA NA NA NA NA NA

Model 3: 35.62% devaince explainec
Deviance #D

#df (D) (%) p-value
495.0
1 513.2 3.67 <0.001
1 497.3 046 0.133
1 495.1 0.03 0.719
1 4969 0.39 0.165
1 596.2 20.45 <0.001
1 508.1 2.64 <0.001
1 505.3 2.08 0.001
1 495.6 0.12 0.450
NA NA NA NA
10 595.6 20.33 <0.001

a LU.C and LU.H are abbreviations for Current Land Use and Historic Land Use,
respectively
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TableB.9 Summary table of logistic regression predicti®gntaurea maculosa
occupancy (numeric land usetiois/ codes in Table 2)

Model 12 Model 2 Model 3!

Variable Estimate p-value Estimate p-value Estimate p-value
Intercept 1.550E+01 <0.001 1.728E+01 <0.001 1.614E+01 <0.001
ELEV -1.164E02 <0.001 -1.416E02 <0.001 -1.509E02 <0.001
SLOPE -1.028E01 <0.001 -9.250E02 <0.001 -8.057E02 <0.001
DRDS 1.498E04 0.377 4.049E04 0.021 6.194E04 0.001
DSTMS -3.778E04 0.001 -6.030E04 <0.001 -7.538E04 <0.001
DTRLS 8.106E05 0.001 1.051E04 <0.001 1.040E04 <0.001
WILDFIRE1 -1.725E01 0.869 7.058E01 0.505 -1.287E+01 0.984
SOLAR 2.363E02 <0.001 2.523E02 <0.001 2.168E02 0.001
TWI -2.167E01 <0.001 -1.192E01 <0.001 -7.444E02 0.022
Exurban 6.826E01 0.360

Irrigated Ag. -1.463E+00  0.062

Rangeland 7.623E01 0.300

3 3.525E+00 <0.001
4 -1.037E+01  0.981
23 1.072E+00  0.087
31 3.363E+00  0.000
32 1.912E+00 0.000
34 3.606E+00  0.000
43 4.584E+00 0.000
323 1.036E+00 0.351
341 1.853E+01  0.977
343 -1.210E+01  0.991

®Model 1, Model 2, Model 3 refers tdIS occupancy predicted by environmental

variables only, by environmental + current land use, and by environmental + historic land

use, respectively
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TableB.10 Analysis of deviance tables describing the percent change in model deviance
when each of theariables was omitted for th@entaurea maculosaccupancy models

Model 1: 18.64% deviance Model 2: 22.13% deviance explaine
explained
Variable Deviance #D Deviance #D
Omitted #df (D) (%) p-value #df (D) (%) p-valué
None 2789.0 2669.3
ELEV 1 29915 7.26 <0.001 1 2912.8 9.12 <0.001
SLOPE 1 28429 1.93 <0.001 1 2707.8 1.44 <0.001
DRDS 1 2789.8 0.03 0.378 1 2674.7 0.20 0.021
DSTMS 1 2801.5 0.45 <0.001 1 2696.4 1.02 <0.001
DTRLS 1 2799.7 0.38 0.001 1 2685.3 0.60 <0.001
WF 1 2789.1 <0.01 0.866 1 2669.7 0.01 0.543
SOLAR 1 2804.8 0.56 <0.001 1 2685.7 0.61 <0.001
TWI 1 2852.3 2.27 <0.001 1 2684.0 0.55 <0.001
LU.C? NA NA NA NA 3 2789.0 4.48 <0.001
LU.H? NA NA NA NA NA NA NA NA

Model 3: 24.67% deviance explainec
Deviance #D

#df (D) (%) p-value
2581.6
1 2846.3 10.25 <0.001
1 2609.8 1.09 <0.001
1 2593.3 0.45 <0.001
1 2621.2 1.53 <0.001
1 2596.8 0.59 <0.001
1 2582.3 0.03 0.411
1 2593.8 0.47 <0.001
1 2586.9 0.21 0.021
NA NA NA NA
10 2789.0 8.03 <0.001

a LU.C and LU.H arebbreviations for Current Land Use and Historic Land Use,
respectively
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TableB.11 Summary table of logistic regression predict@igsium arvens@ccupancy
(numeric land use history codes in Table 2)

Model 12 Model 2 Model 3!

Variable Estimate p-value Estimate p-value Estimate p-value
Intercept 1.165E+01 0.048 1.268E+01 0.055 1.074E+01 0.164
ELEV -1.112E02 0.001 -1.249E02 0.001 -1.108E02 0.023
SLOPE 3.874E02 0.350 5.316E02 0.217 1.403E02 0.787
DRDS -1.252E04 0.822 6.879E05 0.904 -1.258E03 0.048
DSTMS 3.339E05 0.936 -3.053E06 0.995 3.913E04 0.433
DTRLS 2.407E04 0.004 2.599E04 0.003 3.796E04 <0.001
WILDFIRE1 5.323E+00 <0.001 5.633E+00 <0.001 6.114E+00 <0.001
SOLAR -1.462E02 0.194 -1.685E02 0.137 -9.100E03 0.511
TWI 1.843E01 0.019 2.258E01 0.009 1.398E01 0.122
Exurban 1.395E+00 0.211

Irrigated Ag. 2.153E01 0.859

Rangeland 7.872E01 0.467

3 -7.584E01 0.217
4 -1.350E+01  0.986
23 2.079E+00  0.000
31 5.005E01 0.484
32 -1.122E+00 0.304
34 -1.115E+00  0.392
43 -1.209E+01  0.994
323 -3.747E01 0.752
341 -6.793E01 0.610
343 3.520E+00 0.001

®Model 1, Model 2, Model 3 refers tdIS occupancy predicted by environmental

variables only, by environmental + current land use, and by environmental + historic land

use,respectively
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TableB.12 Analysis of deviance tables describing the percent change in model deviance
when each of the variables was omitted forGirsium arvenseccupancy models

Model 1: 13.87% deviance Model 2: 14.86% deviance
explained explained
Variable Deviance #D Deviance #D
Omitted #df (D) (%) p-value #df (D) (%) p-valué
None 381.8 3775
ELEV 1 396.2 3.77 <0.001 1 392.0 3.86 <0.001
SLOPE 1 382.7 0.21 0.365 1 378.9 0.36 0.236
DRDS 1 381.9 0.01 0.821 1 377.5 0.00 0.904
DSTMS 1 381.9 0.00 0.936 1 377.5 0.00 0.995
DTRLS 1 390.6 2.30 0.003 1 387.0 2.53 0.002
WF 1 417.7 9.39 <0.001 1 411.8 8.86 <0.001
SOLAR 1 383.6 0.46 0.187 1 379.8 0.56 0.130
TWI 1 387.2 1.40 0.021 1 384.1 1.76 0.010
LU.C? NA NA NA NA 3 381.8 1.14 0.223
LU.H? NA NA NA NA NA NA NA NA

Model 3: 26.53% deviance explainec
Deviance #D

#df (D) (%) p-value
325.7
1 3322 197 0.011
1 3258 0.02 0.789
1 329.8 125 0.043
1 326.3 0.18 0.438
1 342.1 5.03 <0.001
1 352.6 8.24 <0.001
1 326.2 0.13 0.510
1 328.1 0.73 0.123
NA NA NA NA
10 381.8 17.23 <0.001

a LU.C and LU.H are abbreviations for Current Land UseHiatbric Land Use,
respectively
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APPENDIX C

CHAPTER FIVE SUPPLEMENTARY TABLES
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Appendix C contains the summary tables for the generalized linear mixed model

analyses performed in Chapter Five.

TableC.1 Results of generalized linear mixed models for densiBrafmnus tectorum
andLinaria dalmatica

ResponseBromus tectorunbensty Responselinaria dalmatica
Density
Std. Std.
Model Term Estimate Errof z-value p-value Estimate Erro? z-value p-value
Random Intercept 0.835 0.914 0.509 0.714
Intercept 4262 0.361 11.795 <0.001 2.944 0.232 12.694 <0.001
Suitability Index 0.894 0.947 0.944 0.345 -1.917 0.423 -4.535 <0.001
Herbicide
Treatment®
Untreated 2009 -0.262 0.036 -7.216 <0.001 -0.279 0.099 -2.818 0.005
Untreated 2011 -0.379 0.039 -9.811 <0.001 0.169 0.095 1.783  0.075
Treated 2010 -0.847 0.060 -14.132 <0.001 -0.920 0.144 -6.371 <0.001
Treated 2011 -1.590 0.065 -24.449 <0.001 -1.561 0.171 -9.154 <0.001
Edge (Of -0.832 0.045 -18.582 <0.001 -0.712 0.129 -5.518 <0.001
Interactions
Suitability*Pre
Treatment 1.353 0.092 14.760 <0.001 0.178 0.223 0.800 0.423
Suitability*Untreate
d 2011 1.450 0.097 14.907 <0.001 -0.105 0.217 -0.482 0.630
Suitability*Treated
2010 -1.092 0.158 -6.893 <0.001 -0.273 0.345 -0.790 0.430
Suitability*Treated
2011 2.037 0.156 13.055 <0.001 -0.320 0.417 -0.767  0.443
Suitability*Edge
(@) 1.208 0.112 10.753 <0.001 -0.663 0.316 -2.099 0.036
Edge (O)*Untreated
2009 -0.225 0.057 -3.933 <0.001 -0.053 0.160 -0.331 0.741

Edge (O)*Untreated
2011 -0.159 0.067 -2.386  0.017 0.145 0.171 0.850 0.395
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Edge (O)*Treated

2010 -0.374 0.093 -4.045 <0.001 0.106 0.207 0.510 0.610
Edge (O)*Treated

2011 0.033 0.098 0.340 0.734 0.825 0.292 2.826 0.005
Suitability*Untreate

d 2009*Edge (O) -0.378 0.141 -2.690  0.007 -0.008 0.392 -0.021  0.983
Suitability*Untreate

d 2011*Edge (O) 0.085 0.162 0.523 0.601 0.224 0.416 0539 0.590
Suitability*Treated

2010*Edge (O) 0.725 0.236 3.074 0.002 0.444 0525 0.845 0.398
Suitability*Treated

2011*Edge (O) -0.589 0.229 -2.568 0.010 -3.979 1.156 -3.443 <0.001

®Estimate and standard error (Std.Error) for random inteemppl to the variance and
residual standard deviation, respectively

Herbicide Treatment: Untreated 2010 set to zero (baseline);([Ejgener edge set to
zero (baseline)

Table C.2 Results of generalized linear mixed modelsffaargetspecies richess 0.5
m? atBromus tectorurandLinaria dalmaticaenvironmental suitability sites

Response: Species Richness Response: Species Richness
(B. tectorun (L. dalmaticg
Std. z- p- Std. p-

Model Term Estimate Errof value value Estimate Erro® z-value value
Random Intercept 0.025 0.158 0.020 0.142
Intercept 2.159 0.121 17.879 <0.001 1.362 0.104 13.144 <0.001
Suitability Index -2.160 0.345 -6.253 <0.001 0.162 0.177 0.917 0.359
Herbicide
Treatment”
Untreated 2009 -0.164 0.123 -1.334 0.182 0.064 0.112 0.576 0.565
Untreated 2011 -0.024 0.128 -0.187 0.852 0.273 0.117 2.325 0.020
Treated 2010 -0.442 0.172 -2.570 0.010 -0.155 0.144 -1.078 0.281
Treated 2011 -0.140 0.161 -0.871 0.384 0.168 0.140 1.196 0.232
Interactions
Suitability* Pre
Treatment 0.718 0.359 2.002 0.045 -0.134 0.191 -0.698 0.485
Suitability*Untreated
2011 0.704 0.375 1.878 0.060 -0.250 0.202 -1.237 0.216
Suitability*Treated
2010 0.609 0.491 1.240 0.215 0.075 0.246 0.305 0.760
Suitability*Treated
2011 0.886 0.457 1.940 0.052 -0.622 0.249 -2.503 0.012

®Estimate and standard error (Std.Error) for random intercept equal to the variance and
residual standard deviation, respectively
PHerbicide Treatment: Untread 2010 set to zero (baseline)



179

Table C.3 Resultsf generalized linear mixed models for EN ratio (number of exotic to
number of native plant species 0.5)natBromus tectorunandLinaria dalmatica
environmental suitability sites

Response: EN Ratio Response: EN Ratio
(B. tectorun (L. dalmaticg
Std. z- p- Std. z- p-

Model Term Estimate Error® value value Estimate Error value value
Random Intercept 0.176 0.419 0.143 0.378
Intercept -0.440 0.276 -1.591 0.112 0.466 0.230 2.028 0.043
Suitability Index 0.392 0.775 0.506 0.613 -2.002 0.410 -4.878 <0.001
Herbicide Treatment’
Untreated 2009 0.096 0.261 0.369 0.712 0.272 0.235 1.157 0.247
Untreated 2011 -0.011 0.270 -0.042 0.966 0.319 0.241 1.323 0.186
Treated 2010 0.037 0.379 0.098 0.922 0.437 0.311 1.406 0.160
Treated 2011 -0.307 0.356 -0.863 0.388 -0.034 0.305 -0.111 0.912
Interactions
Suitability* Pre
Treatment -0.354 0.754 -0.470 0.639 0.259 0.423 0.613 0.540
Suitability*Untreated
2011 -0.152 0.782 -0.194 0.846 -0.398 0.444 -0.897 0.370
Suitability*Treated
2010 -2.016 1.095 -1.841 0.066 -0.645 0.564 -1.144 0.253
Suitability*Treated
2011 0.406 1.001 0.406 0.685 0.628 0.562 1.118 0.264

®Estimate and standard error (Std.Error) for random intercept equal to the variance and
residual standard deviation, respectively
PHerbicideTreatment: Untreated 2010 set to zero (basgline



