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RESUMO

Modelos de distribuicdo de espécies, também coabeaomo modelos bioclimaticos ou
modelos de nicho ecoldgico, tém sido aplicados imeras questdes ecoldgicas, incluindo
espécies invasoras. Essa tese identificou as pailsciendéncias e lacunas de estudos sobre o
uso de modelos de distribuicdo de espécies padizprea distribuicdo potencial de espécies
invasoras (primeiro artigo). Adicionalmente, apliese modelos de distribuicdo de espécies
para predizer a distribuicdo potenciallEfagrostis planaNees na América do Sul e verificar
se ocorreu mudanca de seu nicho bioclimatico demprocesso de invaséo (segundo artigo).
Finalmente, avaliou-se a resposta em relacdo @s a@e ocorréncia de cinco gramineas
Africanas invasoras nas Americas frente as mudasiigaaticas (terceiro artigo). O primeiro
artigo realiza uma analise cienciométrica sobremde modelos de distribuicdo de espécies
para predizer a distribuicdo potencial de espérieasoras. O segundo artigo utiliza o
Algoritmo GARP como técnica de modelagem e foramdos dois modelos para predizer a
distribuicdo potencial dE. plana um utilizando dados da regi&o nativa da espédigcé do
Sul) e outro com dados da regido nativa e invaftegides da Argentina, Brasil e Uruguai).
Posteriormente, cada modelo foi projetado na Amaédo Sul para identificar regides
favoraveis ao estabelecimentoEleplanae verificar se os registros de ocorréncia da éspéc
encontram-se dentro das regifes preditas comralbelpilidade pelos modelos. Além disso, a
hipotese de que espécies podem alterar o seu diohético durante o processo de invaséo
foi avaliada pareE. planaatravés de analises estatisticas multivariadager€iro artigo

aplica distintas técnicas de modelagem disponineismbiente computacional BIOMOD,



seguidas de conjunto de previsbes para predizestrébdicdo potencial das cinco gramineas

invasoras Africanas nas Américas frente as mudaniigasticas globais.

Palavras-chave: cienciometria, conjunto de previsbes, GARP, graagnéAfricanas

invasoras, invasao biologica, mudanca de nicho emtddi mudancas climaticas globais.



ABSTRACT

Species distribution models, also known as biodiitnaodels or ecological niche models,
have been applied in numerous ecological issuedudimg invasive species. This thesis
indentified the main trends and gaps in studieshenuse of species distribution models to
predict the potential distribution of invasive sgsc(first paper). Additionally, it includes
species distribution modelling to predict the ptitdrdistribution ofEragrostis plana\ees in
South America and assess the potential shift dfidslimatic niche in the process of invasion
(second paper). Finally, it includes as assessmérthe response in terms of areas of
occurrence of five invasive African grasses in fmericas under climate changes (third
paper). The first paper provides a scientometrialysms on the use of species-distribution
models to predict the potential distribution of aswe species. The second paper uses the
algorithm GARP as modelling method and created tmmdels to predict the potential
distribution ofE. plana the first one used data from the native regioou{B Africa) and the
second one data from both the native and invadedjefhina, Brazil, and Uruguay).
Subsequently, each model was projected in Southridento identify regions favorable to the
establishment oE. planaand assess whether the occurrence records are ¥athin regions
predicted by the models with high probability. Maver, the hypothesis that species can shift
their bioclimatic niche during the invasion processas evaluated folE. plana using
multivariate statistical analysis. The third papgplies distinct modelling methods available
in the BIOMOD package, followed by ensembles fostiog to predict the potential

distribution of five invasive African grasses in &nitas under climate changes.

\Y



Keywords: biological invasion,ensemble forecasting, environmental niche shift,RBA

global climate change, invasive African grassegrnsometric.
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1. INTRODUCAO GERAL

1.1. Modelos de Distribuicdo de Espécies

Nas duas ultimas décadas a aplicacdo de modeldistdbuicdo de espécies, também
conhecidos como modelos bioclimaticos e modelosni#o ecoldgico (ver Elith &
Leathwick 2009 para outras denominacdes), cresgesideravelmente (Guisan & Thuiller
2005). Tais modelos séo criados a partir de téatecmodelagem que relaciona registros de
ocorréncia da espécie com um conjunto de preditam@sientais para encontrar ambientes
adequados, onde uma populacdo possa se mantef (Eviean & Zimmermann 2000,
Anderson et al. 2003). Os resultados produzem giesi probabilisticas de onde a espécie
podera ou ndo estar presente e a area projetadgenta a distribuicdo potencial da espécie
estudada baseada nos preditores ambientais ubiéizad modelagem (Guisan & Thuiller

2005, Araujo & Guisan 2006) (Figura 1).

2t -0 . . .
.o .‘ & Registros de presenca da espécie
= £
[
[=)]
vl
5
temperatura S | Preditores ambientais
precipitagio 3 (mapas tematicos)
_ revelo ’ _S
solo S
1
'_
- _ . - . ~ . .
5._2 3. Distribuicdo potencial prevista

Figura 1. Esquema ilustrando o processo de criacdo de utelmde distribuicdo de espécie
(adaptada de Scachetti-Pereira & de Siqueira 2007).



1.1.1. Registros de Ocorréncia da Espécie e Prediégs Ambientais

Os registros de ocorréncia da espécie, ou sejastnegde presenca e auséncia, sdo
representados na forma de coordenadas geografitasde e longitude) e utilizados para
alimentar, calibrar e validar os modelos de disigho de espécies (Guisan & Zimmermann
2000, Guisan & Thuiller 2005). Os registros de enes da espécie sao obtidos dos acervos
de colecbes de herbarios e museus (Elith & Leath@@07) e de coletas de espécimes e/ou
observacdes de campo (Soberén & Peterson 2004 dikso, a disponibilidade de bases de
dados de biodiversidade, via internet (ver Tabgtara algumas bases de dados disponiveis),
tém contribuido para o facil acesso aos registegsresenca das espécies (Canhos et al. 2004,
Graham et al. 2004, Soberdon & Peterson 2004). Bwo dado, os registros de auséncia séo
raros e quando disponiveis devem ser usados camaedado (Gu & Swihart 2004). Esse
cuidado € necessario porque no momento de coleiafeagem a espécie pode nao ter sido
detectada embora esteja presente no habitat. Aiedpécie pode estar ausente no local, mas
por razdes histéricas (por exemplo, barreiras gdiogs), interacdes bidticas (por exemplo,
competicdo e predacdo) ou humanas, embora o habjgadequado (Hirzel et 2002, Gu
& Swihart 2004).

Os preditores ambientais consistem de mapas tesatnde cada mapa possui um
conjunto de células continuas no espaco geogréficovalores de um determinado preditor
ambiental. Os preditores mais frequentemente adibs sdo oriundos de dados refinados
através de técnicas de interpolacédo, por exempldogiclimaticos (New et al. 2002, IPCC

2001, Hijmans et al. 2005), e de dados de imagersatélites (Bradley & Fleishman 2008,



Andrew & Ustin 2009), por exemplo cobertura e uso sblo, topograficos, indices de

cobertura vegetal e tipos de vegetacdo e dadadidelade e temperatura dos oceanos.

Tabela 1 Bases de dados de biodiversidade disponiveisté@met.

Base de dados

Organismos Site

Global Biodiversity

Information Facility (GBIF)

InfoNatura

Instituto H6rus

FishBase

Herpnet

South African National
Biodiversity Institute
(SANBI)

SpeciesLink

animais, http://www.gbif.org

microorganismos e
plantas

aves, mamiferos dttp://www.natureserve.org/infonatur

anfibios da a
Ameérica do Sul

animais e plantagttp://www.institutohorus.org.br

invasoras do Brasil

Peixes http://www.fishbase.org

anfibios e répteis http://www.herpnet.org

animais e plantashttp://www.sanbi.org

da Africa do Sul

animais, http://splink.cria.orqg.br

microorganismos e

plantas



Continuacao da Tabela 1.

Global Invasive Species animais, http://www.issg.org/database/welco

Database (GISD) microorganismos eme
plantas invasores

Tropicos plantas http://www.tropicos.org

Existe um consenso de que, em escalas mais argfaal(ou continental), preditores
climaticos, tais como precipitacdo e temperatla,mais apropriados para criar modelos de
distribuicdo de espécies. Por outro lado, em escalanores (regional ou local) outros
preditores tornam-se importantes, tais como colzruuso do solo (Luoto et al. 2007,
Tingley & Herman 2009, Titeux et al. 2009). Assinonm 0s bancos de dados de
biodiversidade, as bases de dados ambientais digi®isdo também diversas (Canhos et al.

2004, Sillero & Tarroso 2010) (ver Tabela 2 pagualas bases de dados disponiveis).

Tabela 2 Bases de dados ambientais disponiveis via irtterne

Bases de dados Tipo de dado Site

Intergovernmental Panel orclimaticos http://www.ipcc.ch

Climate Change (IPCC)

Climatic Research Unit (CRU) climaticos http://www.cru.uea.ac.uk
PRISM climaticos http://www.prism.oregonstate.edu
Worldclim climaticos http://www.worldclim.org




Continuacao da Tabela 2

HydrolK Elevation Derivative topograficos http://eros.usgs.gov

Database

Global Land Cover cobertura da terra http://edc2.usgs.gov/glcc/glce.php
Ocean Biogeographic dados ambientais http://www.iobis.org

Information System (OBIS)  aquaticos

Global Land Use Data uso da terra http://www.sage.wisc.edu/iamdata

Diante desta vasta disponibilidade de dados, esttélm sido desenvolvidos para
comparar o desempenho de diversos preditores ataisigara prever a distribuicdo potencial
de espécies (Parra et al. 2004, Seoane et al. 20040 & Heikkinen 2008, Peterson &
Nakazawa 2008) ou conjunto de preditores ambient@isisan & Hofer 2003, Pearson et al.
2004, Bomhard et al. 2005). Entretanto, dentro mieguande conjunto inicial de preditores
ambientais pode existir preditores correlacionamogpreditores com baixo poder preditivo e,
portanto, € necessario realizar uma pré-selecgoeditores ambientais usando, por exemplo,
Andlise de Componentes Principais (PCA) ou Arvoee Regressdo, para reduzir a
dimensionalidade do conjunto inicial, 0 que por ez proporciona coeréncia na explanagao

dos resultados dos modelos (Segurado et al. 2006).



1.1.2. Técnicas de Modelagem e Conjunto de Previsde

Atualmente, existem diversas técnicas de modelageen podem ser usadas para
relacionar os registros de ocorréncia da espécie wm conjunto de preditores ambientais
(Guisan & Thuiller 2005, Heikkinen et al. 2006) (v€abela 3 para algumas técnicas
disponiveis). Além disso, existem programas e antésecomputacionais para modelagem
que disponibilizam somente uma técnica de modelatgsmcomo MAXENT (Phillips et al.
2006) e DesktopGarp (Stockwell & Noble 1992), e mmites com varias técnicas de
modelagem, tais como BIOMOD (Thuiller et al. 2008)pdEco (Guo & Liu 2010) e
OpenModeller (Sutton et al. 2007) (ver Tabela 4apalguns programas e ambientes

computacionais disponiveis).



Tabela 3 Algumas técnicas de modelagem disponiveis, clasetécnica segundo a

abordagem empregada e exemplos de estudos qoarapiia técnica.

Técnica de modelagem Classe

Estudos

Modelo Aditivo Generalizado

(GAM)

Modelo Linear Generalizado (GLM)Regressao

Curvas de Regressao Adaptativas

Multivariadas (MARS)

Algoritmo Genético para Producgéo

de Conjunto de Regras (GARP)

Florestas Aleatorias (RF)

Aprendizagem
Maxima Entropia (MAXENT)
de Maquina

Redes Neurais Atrtificiais (ANN)

Maquinas de Vetores de Suporte

(SVM)

Granadeiro et al. 2004, Trivedi et al.
2008

Guisan & Hofer 2003, Brotons et al.
2007

Leathwick et al. 2005, Mateo et al.

2010

Peterson et al. 2003, Sanchez-Flores
2007

Benito-Garzoén et al. 2007, Calleja et
al. 2009

Giovanelli et al. 2008, Phillips &
Dudik 2008

Hilbert & Ostendorf 2001, Dedecker

et al. 2004

Guo et al. 2005, Drake et al. 2006



Continuacao da Tabela 3.

AgquaMaps
BIOCLIM

Surface Range Envelope (SRE)

DOMAIN

Mahalanobis

Analise Discriminante Multivariada

(MDA)

Arvore de Classificacédo (CTA)

Andlise Fatorial de Nicho Ecolégico

(ENFA)

Envelope

Ambiental

Distancia

Ambiental

Classificacao

Ordenacéao

Ready et al. 2010
Beaumont et al. 2005, 2007

Beaumont & Hughes 2002

Carpenter et al. 1993
Farber & Kadmon 2003,

Rotenberry et al. 2006

Manel et al. 1999

Vayssiéres et al. 2000, Thuiller et

al. 2003

Cassinello et al. 2006, Acevedo et

al. 2007




Tabela 4 Ambiente computacional ou programa, técnicas ddatagem e site do ambiente

computacional ou programa.

Ambiente Técnica de modelagem Site

computacional

ou programa

Diva-Gis BIOCLIM e DOMAIN http://www.diva-gis.org
BIOMOD GLM, GAM, CTA, ANN, http://r-forge.r-

OpenModeller

MAXENT

BIOMAPPER

ModEco

DesktopGarp

MDA, MARS, GBM, RF e project.org/projects/biomod

SRE

AquaMaps, ANN, http://www.openmodeller.souceforge.ne

BIOCLIM, Climate Space t
Model, Envelope Score,
Algoritmos de Distancia

Ambiental, GARP, SVM,

Maxent
Maxent http://www.cs.princeton.edu/~schapire/
maxent
ENFA http://www.unil.ch/biomapper

BIOCLIM, DOMAIN, GLM, http://gis.ucmerced.edu/ModEco

CTA, ANN, Maxent, SVM,
naive Bayes e rough sets

GARP http://www.nhm.ku.edu/desktopgarp




Em geral, as técnicas de modelagem séo classificatiadois grupos baseados nos
tipos de dados utilizados: i) técnicas que empregamente registros de presenca, por
exemplo, BIOCLIM e DOMAIN, e ii) técnicas que emgaen registros de presenca e
auséncia, por exemplo, GLM e GAM. Entretanto, algsrtécnicas de modelagem utilizam
registros de presenca e pontos escolhidos aleatmia na regido de estudo, conhecidos
como pseudo-auséncias, para construir os modelobpra estas técnicas ainda sejam
classificadas como técnicas que empregam somegigtros de presenca porque nao ha
emprego real de registros de auséncia na criacéwdelo (por exemplo, GARP e MAXENT
(Tsoar et al. 2007).

Desta forma, estudos tém comparado o desempenhdifelentes técnicas de
modelagem para tentar encontrar técnicas estatisticte mais robustas (Segurado & Araujo
2004, Elith et al. 2006, Leathwick et al. 2006, drset al. 2007) e estudos que comparam e
discutem os resultados dos mapas de distribuicBmgial de determinada espécie(s) criados
por diferentes técnicas de modelagem (Nabout @080, Colombo & Joly 2010, Wang et al.
2010). No entanto, é dificil chegar num consen$wesa técnica de modelagem mais robusta.
Assim, para reduzir as incertezas das previsdes)jd& New (2007) sugerem combinar as
previsdes dos modelos individuais criados por ceda das técnicas de modelagem de forma
a produzir um conjunto de previsdes.

Existem varias métricas que podem ser utilizadaa pantetizar um conjunto de
previsdes (Araujo & New 2007). No caso de estudw®leendo modelos de distribuicdo de
espécies, os métodos de consenso sdo os maidapliddarmion et al. 2009). Os métodos

de consenso vao de simples funcdes aritméticascdano média e mediana (Aradjo & New
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2007, Marmion et al. 2009), a métodos que possuenalgoritmo pré-seletivo, tais como
média ponderada e Analise de Componentes Prindiplaisller 2004, Marmion et al. 2009).
Marmion et al. (2009) compararam o desempenho deocmétodos de consenso mais
aplicados em estudos de modelos de distribuic@sécies e constataram que os métodos de
consenso média ponderada e média foram estatigitanmais robustos que 0s outros
métodos e modelos individuais que constituem o ew® Além disso, 0 emprego de
conjunto de previsbes tem demonstrado previsdesstad em estudos de modelos de
distribuicdo de espécies (Coetzee et al. 2009, &Bascual et al. 2009, Diniz-Filho et al.

2010, Marini et al. 2010, Ogawa-Onishi et al. 208@hlgren et al. 2010).

1.1.3. Aplicacdes doModelos de Distribuicdo de Espécies

Os modelos de distribuicdo de espécies tém sidicadpls em inUmeras questdes
ecologicas (ver Guisan & Thuiller 2005). Por exemphodelos tém sido aplicados para: i)
auxiliar na determinacdo de areas prioritarias mamaservacdo (Chen & Peterson 2002,
Ortega-Huerta & Peterson 2004, Garcia 2006, Matirl. 2009), ii) conservacao de espécies
endémicas, raras e ameacadas (Guisan et al. 2806iqdeira et al. 2009, Carvalho et al.
2010, Lomba et al. 2010), iii) prever a distribwiggotencial de espécies invasoras (Peterson
et al. 2003, Giovanelli et al. 2008, Thuiller et &005, Stohlgren et al. 2010) e iv)
compreender o impacto das mudancas climaticas igloba distribuicio de espécies
(Bakkenes et al. 2002, de Siqueira & Peterson 28€8jjo et al. 2006, Ogawa-Onishi et al.

2010).
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1.1.3.1.Modelos de Distribuicdo de Espécies InvasorasMudanca de Nicho

No contexto de espécies invasoras, os modelossti#bdicdo de espécies podem ser
criados com os registros de ocorréncia e preditangsientais da regido nativa da espécie.
Posteriormente, o modelo criado € projetado forauderegido nativa para identificar regides
que apresentem caracteristicas ambientais adequemasstabelecimento dessa espécie
(Peterson & Vieglais 2001, Peterson 2003) (Figyraagsumindo que o nicho se conserva no
espaco e tempo (Pearman et al. 2008). Modelosstiéhdicdo de espécies também podem ser
criados usando registros de ocorréncia e preditordgsentais da regido invadida pela espécie,
assumindo que a espécie esta em equilibrio com io ambiente (Wilson et al. 2007).
Posteriormente, o modelo criado € projetado forassuke regido invadida para identificar
regides que apresentem caracteristicas ambiedigsiadas ao estabelecimento dessa espécie
(Figura 3). Sendo assim, modelos tém sido criadaototcom dados da regido nativa da
espécie (Peterson et al. 2003, Fonseca et al. Ed@#pla et al. 2007, Giovanelli et al. 2008),
como com dados da regido invadida pela espécie-Bdmumins et al. 2006, Estrada-Pefa et

al. 2007, Oliveira eal. 2010).
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Figura 2. Esquema ilustrando o processo de criacdo de welmde distribuicdo de espécies
usando dados da regido nativa da espécie e pogiesjecdo em uma nova regido indicando
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Figura 3. Esquema ilustrando o processo de criacdo de whelmde distribuicdo de espécies
usando dados da regido invadida pela espécie erjposprojecdo em uma nova regiao

indicando areas potenciais para o seu estabeleimen
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Entretanto, caso o processo de invasdo ndo estajméente completo, os modelos
criados com dados da area invadida pela espécia@imente ndo serdo robustos para
predizer sua distribuicdo potencial (BroennimannG&isan 2008). Além disso, alguns
modelos criados com registros de ocorréncia e mggmaticos da area nativa da espécie
quando projetados fora de sua regido nativa paeatiftar regibes que apresentem
caracteristicas ambientais adequadas ao estabetdoinia espécie foram capazes de predizer
somente a regido de introducédo, mas nao a redgidrnigadida pela espécie (Broennimann et
al. 2007, Estrada-Pefia et al. 2007). Isto levgatbse de que espécies podem alterar o seu
nicho ambiental durante o processo de invasao.nBime&nn et al. (2007), por exemplo,
usando dados da area nativa (Europa) de uma grammvesoraCentaurea maculosbam.)
na Ameérica do Norte, mostraram que o modelo criadcapaz de predizer corretamente a
regido de introducédo nos Estados Unidos, mas n&giao total de invasédo. Neste sentido,
estudos tém sugerido como alternativa o uso desddel@mbas as regides nativa e invadida
para criar os modelos de distribuicdo de espécaieasoras (Mau-Crimmins et al. 2006,
Broennimann & Guisan 2008, Beaumont et al. 200%&jua 4), pois podem ser mais
representativos para identificar regides onde a@spode se dispersar (Mau-Crimmins et al.
2006). Além disso, andlises adicionais tém sido regguas, tais como medidas de
sobreposicao de nicho e/ou analises estatisticiis/amadas, para avaliar a hipétese de que
espécies podem alterar o seu nicho ambiental duaptocesso de invaséo (Broennimann et

al. 2007, Beaumont et al. 2009a, Mata et al. 2010).
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Figura 4. Esquema ilustrando o processo de criagcdo de whelmde distribuicdo de espécies
usando dados da regido nativa e invadida pela iespéposterior projecdo em uma nova

regido indicando areas potenciais para o seu éstabento

1.1.3.2.Modelos de Distribuicdo de Espécies Invasordsente as Mudancas Climaticas
Globais

No contexto de mudancas climaticas globais, os tasd¥e distribuicdo de espécies
sdo criados com registros de ocorréncia de espézigweditores climaticos atuais.
Posteriormente, o modelo criado é projetado no roesspaco geografico ou em um novo
espaco sob cenario de clima futuro para predizdistaibuicdo potencial futura da espécie

(Pearson & Dawson 2003, Thuiller 2004). Neste dentnodelos de distribuicdo de espécies
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tém sido aplicados para predizer o impacto das ngagaclimaticas sobre a distribuicdo
potencial de espécies invasoras, tais como plgB@aumont et al. 2009b, Bradley 2009,
Parker-Allie et al. 2009), insetos (Roura-Pasctial.€2004) e anfibios e répteis (Rodder et al.
2008, Rodder et aR009). Os modelos criados tém demonstrado qustiabdicédo potencial

de determinadas espécies invasoras pode diminuadi@/ 2009, Bradley et al. 2009) ou

aumentar (Kriticos et al. 2003, Bradley et al. 20fténte as mudancas climaticas.

1.1.4. Uso dos Mapas de Modelos de Distribuicdo despécies Invasoras em Acdes de
Prevencao e Restauracao

Invasdes biologicas e mudancas climaticas reprsensérias ameacas a
biodiversidade mundial (Sala et al. 2000, Thomaal.e2004). A distribuicdo potencial de
espécies invasoras predita por modelos de distébuile espécies podem servir de base para
medidas pro-ativas. Por exemplo, 0os casos preditosnvasao/dispersao potencial apos
estabelecimento da espécie dentro da regido invadikpansao potencial da espécie invasora
frente as mudancas climaticas podem ser usados basw para medidas de prevencdes
atuais e futuras (Arriaga et al. 2004, Lee et D& Bradley et al. 2010), uma vez que
medidas de controle e erradicagcdo sdo muitas viemdigazes e com custos elevados
(Simberloff 2003, Hulme 2006). Por outro lado, atcacdo da distribuicdo potencial de
espécies invasoras frente as mudancas climaticds @aar oportunidades de restauracéo

(Bradley & Wilcove 2009, Bradley et al. 2009).
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1.2. Organizacgéo da Tese

Essa tese investiga as tendéncias sobre o uso dielanale distribuicdo de espécies
para predizer a distribuicdo potencial de espéigasoras e aplica estes modelos para
predizer a distribuicdo potencial de gramineassoras Africanas nas Ameéricas. Para isso, o
presente estudo foi estruturado em trés artigori@®eiro artigo busca identificar as
principais tendéncias e lacunas de estudos solse de modelos de distribuicdo de espécies
para predizer a distribuicdo potencial de espédmsmsoras atraves de uma analise
cienciométrica. O segundo artigo aplica modeloslid&ibuicdo de espécies para predizer a
distribuicdo potencial da graminea AfricaBeagrostis planaNees na América do Sul. Para
esse estudo, o algoritmo GARP foi utilizado conumiga de modelagem e foram criados dois
modelos: um utilizando dados da regi&o nativa géaes (Africa do Sul) e outro com dados
da regido nativa e invadida (regides da ArgentBrasil e Uruguai). Posteriormente, cada
modelo foi projetado na América do Sul para ides@ifregides favoraveis ao estabelecimento
de E. planae verificar se os registros de ocorréncia da éspg&tcontram-se dentro das
regides preditas com alta probabilidade pelos nosd@llém disso, a hipotese de que espécies
podem alterar o seu nicho climatico durante o mauele invasao foi verificado pdtaplana
através de analises estatisticas multivariadasre@ito artigo aplica modelos de distribuicao
de espécies para predizer o impacto das mudanga&ichs globais sobre a distribuicdo de
cinco gramineas invasoras Africanas nas Américagnk utilizadas diversas técnicas de
modelagem disponiveis no ambiente computacionaM®D foram utilizadas, seguidas de
conjunto de previsdes para predizer a distribujgdiencial das cinco gramineas invasoras

Africanas nas Américas frente as mudancas clinggtabais.
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A primeira secao, Introducédo Geral, de uma margaral, definiu e abordou modelos
de distribuicdo de espécies, assim como suas @pdisaincluindo espécies invasoras. Da
segunda a quarta secdo (capitulos) encontram-g€artigos. Os artigos | e Il seguem a
formatacéo de citacao e referéncias bibliografitaperioddiological InvasionsO artigo
segue a formatacao de citacao e referéncias hiéfiogs do period®&lobal Change Biology
Finalmente, a ultima secdo, Consideracfes Fingisipa as principais conclusfes desses

artigos.
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Predicting biological invasions using species-distrution models: a scientometric
analysis-?

Abstract
We conducted a scientometric analysis to determm@enain trends and gaps of studies about
the use of ecological niche models (ENMs) to pretiie distribution of invasive species. We
used the database of the Thomson Institute forn8fee Information (ISI). We found 190
papers published between 1991 and 2010 in 82 jmuriiae number of papers was low in the
1990s, but began to increase after 2003. One-tifitide papers were published by researchers
from the United States of America, and consequetitly USA were also the most studied
region. The majority of studies were carried outdrrestrial environments, while only a few
investigated aquatic systems, probably because rtagoaquatic predictor variables are
scarce or unavailable for most regions in the wdgldecies-occurrence records were mainly
composed of presence-only records, and almost 70%eostudies were carried out with
plants and insects. Twenty-three different disiitm modeling methods were used. The
Genetic Algorithm for Rule-set Production (GARP)swn#sed most often. Our scientometric
analysis showed a growing interest in the use dfI&ENXb predict the distribution of invasive
species, especially in the last decade, which abally related to the increase in species
introductions worldwide. Among some important galpat need to be filled, the relatively
small number of studies conducted in developingnttes and in aquatic environments

deserves careful attention.

! Com colaboracédo de Fabiana Schneck & Adriano Ssnktelo
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Introduction
The intensification of global trade is continuoushgreasing the number of exotic species
(also known as non-native species or non-indigerspexies) introduced intentionally or
accidentally to a new area (Westphal et al., 200B& majority of the species do not succeed
in establishing in the areas where they were intted (Mack et al., 2000), but once
established, they may spread and cause ecologid&draeconomic problems (Pimentel et al.,
2005), becoming invasive species (Mack et al., 2000

Biological invasions are causing dramatic changegabal biodiversity, often leading
to a decline and/or extinction of native species¢ket al., 2000; Pimentel et al., 2005). The
development and use of preventive measures towdtainvasive species are thus a priority
in biodiversity conservation (Hulme, 2006). Prewasnimeasures are more cost-effective than
control and/or eradication measures (Leung et2802). In this context, Ecological Niche
Models (ENMs), also known as Bioclimatic Models,n@te Envelopes, Habitat Models,
Species Distribution Models, Range Maps, and Reso@election Functions (Elith and
Leathwich, 2009), have been applied to predictgbtential distribution of exotic species
(Jiménez-Valverde et al., 2011). ENMs are fittedi&da from a species’ native area and are
then used to identify suitable areas for the ewtlatlent of the invasive species in a new
region (Peterson and Vieglais, 2001). Models can bk built using data from the native and
invaded areas to predict the potential distribut@ninvasive species (Broennimann and
Guisan, 2008). The models are constructed usirgyiaty of modeling methods and combine
species-occurrence records (geographical coordirtdtéhe occurrence records) with a set of

predictor variables (e.g., climate, land use tyged salinity). Models are used to predict
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suitable habitats in which species are able to ta@ira population in order to persist through
time (see Guisan and Thuiller, 2005 and Mateo .e28l11 for reviews). Modeling methods
are classified into two groups based on the typacolirrence-records input used to create the
models: i) methods that use presence-only recadg, (BIOCLIM and DOMAIN), and ii)
methods that use presence and absence records ldgigtic regression and generalized
additive model (GAM)) (Tsoar et al., 2007). Sometmoeds use pseudo-absence data (see
Engler et al., 2004 to a definition of pseudo-alsettata and ways to generate these data) for
model construction (e.g., Genetic Algorithm for &gkt Production (GARP) and Maximum
Entropy (MAXENT)), but these are still classified methods that use presence-only records
because there is no real use of absence recottls tonstruction of the model (Tsoar et al.,
2007).

Scientometric studies use quantitative analysesldotify irregularities, patterns, or
trends that may exist in publications of a givesidiof scientific research (e.g. Melo et al.,
2006). For instance, in the case of biological siwas, two scientometric studies found a
growing academic interest in invasion ecology icerd decades (Pysek et al., 2006; Qiu and
Chen, 2009). In the area of ENMs, Cayuela et &l092 used publications from the period
1995-2007 to perform a scientometric study on tipplieations of ENMs to support
conservation planning in tropical areas.

We conducted a scientometric study focused on sleeotfi ecological niche models to
predict the distribution of invasive species. Walgred papers published in peer-reviewed
scientific journals from 1991 to 2010. Our main sfiens were: i) Is the number of papers on

the use of ENMs to predict the distribution of iai& species increasing? ii) Is there a
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temporal trend in the quality or visibility (Scamet al., 2009) of the journals, measured by
their impact factor, in which these papers wereliphbd? iii) Which countries are the major
publishers of papers using ENMs to predict therithigstion of invasive species? iv) What are
the main characteristics of the studies on thisjestib(predictor variables, methods,

organisms, and regions studied)? v) What are the gagpos in the studies on this subject?

Material and Methods
We used the database of the Thomson Institute foren8fic Information (ISI;

www.isiknowledge.comto search for papers. The analysis was basedaparp published

between 1991 and 2010 that contained in the t#hestract, or keywords the following
combination of words: “invasion* and ecological méc model* or bioclimatic model* or
ecological niche model* or climate envelope* or ita@bmodel* or species distribution
model* or resource selection function* or range MapVe collected the data from the
Thomson ISI in April 2011.
We analyzed each paper according to (i) year ofigation, (ii) journal of publication

and impact factor of each journal, (iii) numberaitfations, (iv) first author’'s country, (v)
region covered by the study, (vi) type of speciesuorence records (presence-only, or
presence and absence), (vii) biological groupsa@glgmphibians, birds, fish, fungi, insects,
mammals, other invertebrates, plants, and repti(esi) type of predictor variables (aquatic,
climatic, human, land cover, land use, soil prapsrttopographic, and vegetation), (ix)
spatial scale of the study (global, continentatjamal, regional, and local), (x) environment

covered by the study (aquatic or terrestrial), éadmethods used to generate the models in
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each study. We also obtained the journal impadbfacfrom the Journal Citation Reports
(JCR) published in the year of publication of egaper (JCR 1990-2009). We used the
scheme presented by Pearson and Dawson (2003¥igm dke environmental predictors to
different spatial scales of study.

We used a regression tree to identify possibleds@ver time in the number of papers
on the use of ENMs to predict the distribution mfasive species. This method partitions the
predictor variable in segments that are composesirbifar values of the response variable.
Each segment is then partitioned again and théiparprocess continues until the number of
observations is considered small (De’Ath and Falsic2000; see Melo et al., 2006 for a
similar use of this method). We used the relatimeticbution (x1000) of papers in relation to
the total number of papers published in a giverr yeall journals in the ISI database. We
conducted the analysis using the packgggt (Therneau and Atkinson, 2010) in tie
environment (R Development Core Team, 2010).

To test if the impact factor of the journals in winithe papers were published
increased through the years, we standardized tiregbimpact factor in a given year to the
maximum impact factor for a journal in the field @fology in the same year. We initially
conducted a linear regression. However, becausigedfriangular arrangement of the data in
the scatter diagram, we conducted a permutatidrides/aluate whether this pattern could be
generated by chance (Bardsley et al., 1999). Téieetaluated simultaneously whether the
mean and the variation of the impact factors irgedan recent years. We used the software

Ecosim (Gotelli and Entsminger, 2001), module “Mesmology” to conduct the analysis.
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Results

A total of 190 papers related to the use of ENMpramict the distribution of invasive species
were published between 1991 and 2010. From 1999%9, few papers were published, and
in several years no paper appeared on this sulijeetregression tree analysis partitioned the
predictor variable (i.e, year of publication) inaveegments, before and after 2003.5. The
segment from 1991 to 2003 corresponds to the peitid a low and relatively constant
proportion of papers on EMS to predict the distiitou of invasive species. The second
segment (2004 to 2010) reflects the period wittead of increase in the percentage of papers

published (Figure 1).
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The studies were published in 82 journals, althob§hof them contained only one
paper and 10 contained only two papers. The 1éh@sithat published more than two papers
on the distribution of invasive speciasing ENMs accounted for 60% (114 papers) of the
total number of papers (Figure 2a). The journaledsity and Distributions published 21
papers, followed by Biological Invasior{é7 papers) and Weed Research (9 papers). The
mean and the variation of the impact factors ofjtluenals that published papers which used
ENMs to predict the distribution of invasive speciecreased through the years (test for

triangular arrangement of daf= 0.040; Figure 2b).

44



T
o]
N
<
~

o
N

Lo o
— —

sladed Jo JagqwnpN

Kydeiboo3
?Jualasolg

olg g puo 20S Aoy d
16oaboig r

19S paaMm

11971003

INO So1d

[9PON 003

|ddy [093

|o1g Alasuo)

|003 [ddy
160sboig |09 |qO|D
loig 8bueyd qo|9
Say paaM

suoIseAu| [o1g

glisig sisAaig

O @ @O
@) @
@ Co@O

@] @ OO
] @)

@] (©@)
o oW

~0T0¢
~600¢
-800¢
~100¢
~900¢
~500¢
- ¥00¢
-€00¢
~¢00¢
- 100¢
~000¢
6661
8661
~L66T
9661
G661
7661
€661
~C66T
- 1661

—

Q

~

T
<
-

X © < N <
o o o o o

101084 10edW| [RUINOC PazZIpiepURIS

Year
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the distribution invasive species indexed by thefiBm 1991 to 2010 (a) and temporal
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the maximum impact factor for a journal in the digf ecology in the same year; JCR 1990-

2009) of the journals (b).
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Many papers received only 1-5 citations (62 of J@pers), while 13 papers were
never cited (Figure 3a). The most cited article WwasPeterson and Vieglais (2001), which
received 242 citations. Other heavily cited papegse by Peterson (2003), by Thuiller et al.
(2005) and by Broennimann et al. (2007), which iremk 222, 158 and 112 citations,
respectively. The papers by Kearney and Porter QR0Broennimann et al. (2007), and
Peterson (2003) figured among the most cited afeestandardized the number of citations by
the year of publication (i.e., divided the numbgcitations by the number of years since their

publication) (Figure 3b).
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Researchers from 23 countries published paperd\ivisio predict the distribution of
invasive speciefFigure 4a). Sixty-four papers were published seegchers from the United
States of America, followed by Australia (21 papefdew Zealand (14 papers), Canada,
Spain, and South Africa (11 papers, each). Follgwire same trend, the region most studied
was the United States of America (36 papers). Glstalies (32 papers) and North America

(20 papers) were the second and third most studgidns, respectively (Figure 4b).
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Figure 4. Nationality of the first author (a) and the regiomost studied (b) in ecological

niche models to predict the distribution of invasspecies
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Species-occurrence records (n = 178 papers) wenpased mainly of presence-only
records (85.40%), while records on presence andnabswere used in only 14.60% of the
articles. Almost half of the studies were carried with plants (85 of 181 papers). Insects
were the second most investigated biological grd@p papers), followed by other
invertebrates (15 papers), amphibians (11 papisk)and reptiles (10 papers, each), birds (8
papers), fungi (6 papers), mammals (5 papers)algae (2 papers).

We identified eight types of predictor variablegdiso construct the ENMs to predict
the distribution of invasive species. Climatic afles — such as temperature and precipitation
- were used in 55.18% of the articles, followeddgyographic variables (22.22%). Land cover
(4.44%), land use and vegetation (4.07%, each)atagu such as salinity and dissolved
oxygen - (3.70%), soil properties (2.96%), and harmmasuch as human populations and
footprints - (2.22%) were the other types of vaealused. The climatic variables were most
often used in the global and regional scales (al»®%), while in the national to local scales
other environmental predictors were used (Tablédylitionally, 81.66% of the studies (147
of 180) were carried out in terrestrial environnsgenivhile only 18.34% of the studies
investigated aquatic systems. Most studies in Wwasér environments used only terrestrial
predictor variables (16 of 32 papers) rather thsingiaquatic variables (12 papers) or both
types of variables (4 papers). In contrast, studiesarine or estuarine environments used
only aquatic variables or both types of variabléspépers) to generate ecological niche

models of invasive species.
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Table 1. Percentage of each predictor used in Etd\psedict the distribution of invasive

species within different spatial scales

Spatial scale

Type of predictor  Global Continental National Regb Local
Aquatic 2.78 4.23 3.03 5.66 14.28
Climatic 80.56 61.98 57.57 50.94 20.00
Human 2.78 1.40 - 1.88 8.57
Land cover - 5.63 3.03 5.66 8.57
Land use - 1.40 6.06 9.43 2.85
Soil properties - - 4.54 - 5.71
Topographic 13.88 22.54 24.24 20.77 31.45
Vegetation - 2.82 1.53 11.32 8.57

Twenty-three different methods were used in 180emamf the 190 papers we
analyzed (Figure 5). The Genetic Algorithm for Re& Production (GARP) method was the
most used, appearing in 59 papers, followed byGh8MEX (33 papers), the Maximum

Entropy (MAXENT) (30 papers), and the logistic reggion (LR; 23 papers) methods.
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Figure 5. Number of studies carried out with different methaised to generate ecological
niche models to predict the distribution invasipeses. GARP = genetic algorithm for rule-
set production; MAXENT = maximum entropy; LR = legc regression; GAM = generalized
additive models; GLM = generalized linear model&RT = classification and regression tree
models; ANN = artificial neural networks; ENFA =adagical niche factor analysis; BRT =
boosted regression trees; GBM = generalized boostakels; RF = random forest; MDA =
mixture discriminant analysis; ClimEnv = climatiowelope; SRE = surface range envelope;
MARS = multivariate adaptive regression splinesz#wtnv = fuzzy envelope; SVM =

support vector machines; ED = environmental distanc

Discussion
Our results showed an increase in the number digatiions on ENMs over time, which is
probably related to the increasing interest in &wa species in recent decades (Pysek et al.,

2006). In parallel to the increasing interest ioldgical invasions, the application of ENMs in
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different areas of ecology has been widely useds@uand Thuiller, 2005), contributing to
the growth of studies on ENMs to predict the dmttion of invasive species the last
decade.

Although most of the papers were published in anffew journals, the majority of
these journals have high impact factors and arengntbe main journals in the subject
categories of Ecology and Biodiversity Conservatiearther, the growing interest of ENMs
to predict the distribution of invasive speciesalso apparent in the increases of journals’
impact factors, including journals with high imp#&attors in more recent years.

Citation frequency is also a criterion to quantifye impact and quality of a paper,
although controversial (see Leimu and Korichevap®(nd Padial et al.,, 2010 for
discussions). According to Garfield (2006), mosblmihed papers are never cited or cited
only a few times. However, our results do not supplearly this suggested pattern since 60%
of the papers were cited more than 5 times. Ambaegriost cited articles, the one by Peterson
and Vieglais (2001) explores the applicability @nbioinformatic tools (GARP) to predict
species invasions, and was published in the beginaf the last decade when interest in
ENMs to predict the distribution of invasive speckeegan to increase. The other papers that
were highly cited are a review (Peterson, 2003) amidles that tested new approaches and
new tools to predict invasions (Thuiller et al. 089 Broennimann et al., 2007). For instance,
Peterson and Vieglais (2001) and Peterson (20@3ted ENMs using data of the native
region of the species, and thus assumed niche m@ti®® across space and time. On the
other hand, Broennimann et al. (2007) demonstriteigh ENMs and additional analyses

that a species may alter its niche during the ilovaprocess. This means that some models
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created with data of the native region of the smechay not predict the total region of
invasion. Therefore greater attention is needetht@rpretation of model predictions. The
paper by Thuiller et al. (2005) is a broad studt thuilds multispecies projections to examine
global risks of species invasions, in contrast tevipus studies that focused on creating
models for one specific species.

The United States of America was the country thaived the largest number of first
authors and concentrated most of the studies. Dbgign of the United States of America
reflects its high investment in infrastructure aedearch (Fazey et al., 2005), providing basic
data for the development of studies on ENMs to iptduigh-risk areas for invasions. This
may allow researchers and governments to focusreweption rather than eradication or
control strategies. Similarly, in a recent biblidnestudy, Qiu and Chen (2009) showed that
research on biological invasions is mostly condiigte developed countries, following the
general pattern noted by Pysek et al. (2008). Atseresting is the strong contribution of
Australia and New Zealand, which figured out amtregcountries with the largest number of
authorships and studies. This is likely due to gmeblems caused by invasive species
(specially vertebrates and plants) to the remagkabld endemic biota of the pacific islands,
including Australia and New Zealand. For instano@asive vertebrates contributed to the
extinction of many mammals and birds in both caest(Kingsford et al., 2009). The low
representation of developing countries in studies this subject may have several
explanations, such as fewer resources for sciergifidies and scarcity of data on exotic

species (see Nufiez and Pauchard, 2010 for moraretfmns).
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Species-occurrence records serve as the primaayfdaENMs (Mateo et al., 2011),
and the large number of studies composed by presamy records may be attributed to the
fact that presence records are easier to obtaimand reliable, since they typically derive
from herbarium specimens, museum collections, @&id bbservations by experts (Mateo et
al., 2011). In contrast, absence records are raredylable, since species absence is more
difficult to confirm, and often a recorded absergactually nothing more than an undetected
presence (Elith and Leathwick, 2009). Additionallsgcent advances in biodiversity
informatics and the development of extensive datadaon biodiversity available via the
Internet (Mateo et al.,, 2011) have facilitated #@eguisition of presence-only records to
generate ENMs. The implications in using presemdg-tecords or presence and absence to
create ENMs was discussed by Mateo et al. (2011).

Plants and insects were the biological groups nuittn used for predict the
distribution of invasive species. Invasive inseatsl plants can cause severe economic
problems in cropland production systems, urban renwments, or natural environments
(Pimentel et al., 2005) and, according to Pyse#l.e2008), it is the impact of the invasive
species that determines whether or not it is studi®r instance, Pimentel et al. (2005)
estimated that about 30% of the US$ 120 billionuatiy spent for invasive species in USA is
directed to invasive plants. Despite the larger am@f studies on invasive plants than on
invasive animals (Pysek et al., 2008; Qiu and CRBBAY; our results), invasive insects have a
prominent place in the list of invasive exotic fauwvorldwide (Kenis et al., 2009), and this
will probably lead to increasing interest in ENMs predict the distribution of invasive

species during the coming years.

54



We found that climatic variables are the type @dictor most used. The applicability
of predictor variables is influenced by the spasieéhle in the modelling process: at global,
continental and national scales the climate appkafse the dominant factor determining
species distributions, while at regional to loczdles topography and land use become more
important (Pearson and Dawson, 2003). This patsepmobably related to the fact that small
spatial scales are associated with fine data reésol) while large scales are associated with
coarse data resolutions (see Pearson and Daws608, &l Mateo et al., 2011 for more
explanations). Our results showed that the spstile was also the determining factor in the
choice of environmental predictors used to crdageENMs.

Most of the studies on ENMs to predict the distiidnu of invasive species were
developed in terrestrial environments, whereasiesuish aquatic environments are few. For
many years, the attention of governments and ssienvas focused on terrestrial invasive
species (Pysek et al., 2008). Therefore, the langeber of studies on ENMs conducted in the
terrestrial environments is due to greater avditgof information on these organisms (e.qg.,
species occurrence records). Additionally, Puth Bodt (2005) conducted a scientometric
study on the invasion process using publicationthefperiods 1995-2005 and found more
studies in terrestrial environments than aquaticirenments at all stages of the invasion
process. Ecological niche models in aquatic enwrems are limited because the most
important predictor variables to determine the @nes of a species (e.g., water temperature,
salinity, and dissolved oxygen) are scarce or ufaMa for most regions in the world (Ready
et al., 2010). In freshwater environments, the tquaariables are usually restricted to few

sampling points (e.g., water monitoring statiomsjdering the creation of ENMs (McNyset,
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2005; Oliveira et al., 2010). Therefore, many stsdn freshwater environments have used
terrestrial predictor variables to generate ENMsNlyset, 2005). However, it is worth noting
that the use of terrestrial predictor variables peoduce robust models (eg., Hopkins, 2009;
Kumar et al., 2009). In marine environments, theMSN\have been generated using marine
predictor variables, because of the availabilityseferal global databases (e.g., Integrating
Multiple Demands on Coastal Zones with Emphasig\quatic Ecosystems and Fisheries —
Incofish; NOAA World Ocean Database). Moreover, d@quatic environments, species-
occurrence records are scarce, and so far, onhaaidn of aquatic invaders are known
(Ready et al., 2010).

GARP, CLIMEX, MAXENT, and logistic regression wetlge methods most used to
predict the distribution of invasive species (seléhEet al., 2006 to explanations on
advantages and problems of each method). compatiedther In this case, wide availability
may be an important factor, because the three rdsthwst used are software packages of
easy accessibility and use, when methods that neqpecialized knowledge. Moreover,
GARP, CLIMEX, and MAXENT are methods that use preseonly records as the primary
data to create ENMs, and therefore their use isréal/by the greater availability of presence
records than of absence records. Comparative asabfshe statistical performance of GARP
and MAXENT are available (Kumar et al., 2009; Coblmmand Joly, 2010; Oliveira et al.,
2010; Terribile et al., 2010). The CLIMEX methodshaeen mainly applied to evaluate the
invasion potential of exotic organisms (Kriticosatt, 2003). The logistic regression is also
frequently used in ecological niche models, althoitgbelongs to the group of presence-

absence methods (Guisan and Thuiller, 2005).
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Our scientometric analysis showed a growing inteagsl popularity in the use of
ENMs to predict the distribution of invasive speagiespecially in the last decade. However,
some important gaps need to be filled, such asréhaively small numbers of studies
conducted in developing countries and in aquatisrenments. The lack of studies on these
two issues cannot be scientifically justified, €inmany developing countries harbor the
highest biodiversity in the world (Nuiiez and Paudh2010), and invading species are a
major concern in biodiversity conservation. Detitiata on invasive species distribution are
usually not available in developing countries sratailability is limited and little disclosure
(Rodriguez, 2001), forming a gap in the constructbpredictive models for invasive species
in these regions. However, it is worth noting ttiad few papers on ENMs to predict the
distribution of invasive species carried out in @leping countries found in the present study
does not necessarily represent a total lack ofiesutbut may be related to the fact that such
studies are only available in other small or reglomlatabases. Moreover, aquatic
environments are more vulnerable to invasive spdtian terrestrial environments (Ready et
al., 2010). Ecological niche models can be usedti@ngthening the development and use of
preventive measures to deal with invasive spedibsrefore, basic information, records of
occurrence of invasive species and predictor veesalare urgently needed to that researchers
can devote more effort to studies of ENMs to pretiie distribution of invasive species, both

in developing countries and in all types of ecamyst.
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Predicting the current distribution and potential spread of the exotic gras€ragrostis

plana Nees in South America and identifying a bioclimatiaiche shift during invasiort

Abstract

Eragrostis planas a perennial grass introduced from South Afracéhe state of Rio Grande
do Sul in southern Brazil. Currently it is consiggran invasive grass in several regions of the
world, including South America, where it has causedative ecological and socio-economic
impacts. Species distribution models, using bioatimvariables, are often used to predict the
potential distribution of invasive species. In teisidy we prepared two species distribution
models forE. planausing the Genetic Algorithm for Rule-set Product{@ARP), the first
based on data from its native region (South Afriaajl the second on data from both the
native and invaded (South America) regions. We tpasjected each model onto South
America to identify regions vulnerable to invasioy the species, and compared our results
with available records of the species in South AcaerFinally, we explored the model’s
predictions for the existence of a bioclimatic mcshift during the invasion process ©f
planain South America, using multivariate statisticablysis. The model created with native
distribution data was only to predict (with highopability) the region of introduction di.
plana in South America. However, the current distributicas well as the region of
introduction of the species, were reliably predichy the model created with data from both
native and invaded regions. Our multivariate analgsipports a hypothesis of bioclimatic

niche shift during the invasion processofplanain South America.
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Introduction

Biological invasions by exotic grasses are a thieathe maintenance of biodiversity
(D’Antonio and Vitousek 1992; Pivello et al. 1999)hey can negatively affect the native
community structure (Brewer 2008; Hoffmann and Hasian 2008; Yoshioka et al. 2010) and
ecosystem properties and processes (Williams angcB&2000; Holly et al. 2009), as well as
cause many negative impacts on human economidgtagi{Pimentel et al. 2001).

Species of African grasses have been introduceddeatdally or intentionally in
different parts of the world (Filgueiras 1990; Dt#nio and Vitousek 1992; Pivello et al.
1999; Williams and Baruch 2000). In many instant¢bese grasses spread successfully and
displaced native plants (Pivello et al. 1999; Brew808) and caused problems for native
herbivores (Yoshioka et al. 2010). South Americebbes several invasive grasses native to
South Africa, includingDigitaria decumbensStent., Eragrostis ciliaris (L.) R. Brown,
Eragrostis planaNees Hyparrhenia rufa(Nees) Stapf.Panicum coloratuml., Panicum
maximumJacq., andRhynchelytrum repen@Villd.) C.E.Hubb. (Filgueiras 1990; Williams
and Baruch 2000).

Eragrostis planaknown as fan lovegrass (or capim-annoni in Braml)a perennial
grass (Kissmann 1991; Bredenkamp et al. 1996) atvSouth Africa (Reis and Coelho
2000; Medeiros et al. 2004). It was introduced ihi® state of Rio Grande do Sul in southern
Brazil in 1957 (Reis and Coelho 2000), as a comanti of forage seedChloris gayana
Kunth andEragrostis curvulaSchrader) imported from South Africa (FerreiraleR@08a, b).

In 1971, the species was identified as a high-piatieforage species and was propagated and
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marketed as seed in several regions of Rio Grandeull and other states of Brazil (Parana,
Mato Grosso and Santa Catarina States) (Medeirals 2009).

Eragrostis planahas low forage quality compared to native spedias @are abundant
in natural grasslands in southern Brazil (Reis @o&lho 2000; Medeiros and Focht 2007,
Medeiros et al 2009). In addition, the speciesVasus undesirable effects of an invasive
grass that confer a competitive advantage overl lepacies, sometimes resulting in a
monoculture (Reis and Coelho 2000), including rapiivth, a long reproductive phase (Reis
and Coelho 2000; Lisboa et al. 2009), a potentialogpathic effect (Ferreira et al. 2008a), a
persistent seed bank (Kissmann 1991; Ferreira. 08I8b), and a high capacity to colonize
native pastures, roadsides, and farmlands (Medetrak 2004). In 1979, the sale of seeds and
seedlings of the species was banned in Rio Grand&u by the Brazilian Ministry of
Agriculture (Reis and Coelho 2000). The speciesugently an invasive grass in several
regions of Asia, India, South America, and the EdhiStates (Boechat and Longhi-Wagner
2000; USDA 2009). Because of the ecological andoseconomic threat, as well as the
difficulty of control or eradication once it hasdoene established (Reis and Coelho 2000;
Medeiros et al. 2009), it is important to explore
the potential oE. planato invade new areas.

In recent years, studies have evaluated specigshditon models (SDM) based on
bioclimatic variables to predict the potential disiition of invasive plants (Peterson et al.
2003; Thuiller et al. 2005; Broennimann et al. 20Biennimann and Guisan 2008). These
models combine species presence and absence remodddioclimatic spatial response

surfaces to create a predictive model of a specgplirements for the predictors examined.
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The resulting model is then projected onto a neegggphical space, as a map of the potential
distribution of the species (Peterson and Viedai31; Peterson 2003).

Models are usually created with occurrence recaras bioclimatic predictors of the
native region of a plant species, to predict itagive potential (Peterson et al. 2003; Fonseca
et al. 2006; Raimundo et al. 2007), assuming clonaiche conservation across space and
time. However, some models created with occurregacerds and bioclimatic predictors of
the native region have been able to predict regodnstroduction, but not the total region of
invasion (Broennimann et al. 2007; Estrada-Perfia.e2007), raising the possibility that a
species may alter its climatic niche during theasion process. Accordingly, studies have
suggested that a better alternative for predictibnpotential regions subject to species
invasions is the use of occurrence records andilmatic predictors from both native and
invaded regions to create species-distribution nso@&elk 2004; Mau-Crimmins et al. 2006;
Broennimann and Guisan 2008). Studies of specgsilition models have used additional
analyses, such as measures of niche overlap arttvanialte statistical analysis, to evaluate
the hypothesis that a species may alter its clonaiche during the invasion process
(Broennimann et al. 2007; Broennimann and Guisd@82Beaumont et al. 2009; Mata et al.
2010).

In the present study, we developed two speciesiulisibon models based on
bioclimatic predictors forEragrostis plana.The first model included occurrence records
(presence-absence) from its native region (Soutle#f and the second included occurrence
records (presence-absence) from its native regidnpaesence records from invaded regions

in South America. We projected each bioclimatic elodnto South America to identify
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regions vulnerable to invasion by the species,amlpared our results with available records
of this grass in South America. Further, we expldtee possibility of a bioclimatic niche shift
during the invasion process dragrostis planain South America, using multivariate

statistical analysis.

Methods

Occurrence records ofEragrostis plana and bioclimatic predictors

We obtained 4816 georeferenced occurrence recdrls mglanain its native range in South
Africa. The dataset comprised 2780 presence an@ aB8ence records (Fig. 1). Data from
invaded regions in South America included 438 geoeaced presence records of the current
distribution ofE. plana This dataset comprised 417 presence records B@nil, 20 from
Uruguay, and one from Argentina (Fig. 1). The ooence records were obtained from field
surveys in South Africa and Brazil and from dat&sasaintained by the Global Biodiversity
Information Facility - GBIF fttp://www.gbif.org, Instituto Horus
(http://www.institutohorus.org.pr and South African Biodiversity Institute — SANBI

(http://www.sanbi.org/

We initially considered 19 bioclimatic variables @sssible predictors. These were: i)
annual mean temperature, ii) mean temperature aivange (mean of the monthly difference
of the maximum and minimum temperatures), iii) iesmality, iv) temperature seasonality,
V) maximum temperature of the warmest month, vinimum temperature of the coldest
month, vii) temperature annual range, viii) meangerature of the wettest quarter, ix) mean

temperature of the driest quarter, X) mean temperabf the warmest quarter, xi) mean
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temperature of the coldest quarter, xii) annuatipr&tion, xiii) precipitation in the wettest
month, xiv) precipitation in the driest month, ¥secipitation seasonality, xvi) precipitation
in the wettest quarter, xvii) precipitation in tladgiest quarter, xviii) precipitation in the
warmest quarter, and xix) precipitation in the eslidquarter. The bioclimatic data were
obtained from the Worldclim database (Hijmans et. &005; available at

http://www.worldclim.org with a spatial resolution of 30 arc seconds {dan?).
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Fig. 1 Presence and absence record&migrostis planain its native region of occurrence
(South Africa) used to create species distributioodels. /A = presence records ard=

absence records
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Pre-processing of bioclimatic predictors
We employed regression tree analysis and Spearoragiations to reduce the original set of
bioclimatic predictors to those predictors thatyiled the highest predictive power and that
were not strongly correlated with each other. Walwted the relationship between the
occurrence records (presence and absencd]. gflanain South Africa and bioclimatic
variables, using a regression tree (De'ath andi¢tabr2000). We selected eight bioclimatic
variables included in the first nodes of the rasgltree model: i) temperature seasonality, ii)
maximum temperature of the warmest month, iii) mimm temperature of the coldest month,
iv) mean temperature of the wettest quarter, viuahprecipitation, vi) precipitation in the
wettest month, vii) precipitation seasonality, ani) precipitation in the wettest quarter.
Additionally, Spearman correlations among thesétejoclimatic variables were employed
to avoid strong colinearity among predictors. Welaeded one of the variables in variable
pairs that had a coefficient of correlation highlean 0.8. The reduced set of bioclimatic
variables used to model the distributionEofplanacomprised: i) temperature seasonality, ii)
minimum temperature of the coldest month, iii) méamperature of the wettest quarter, iv)
precipitation seasonality, and v) precipitatiortie wettest quarter.

The regression tree analysis was carried out ugiagpackage rpart (Therneau and
Atkinson 2008) run under the R environment, versdoh2 (The R Development Core Team
2008). We used the class method, appropriate fobimary response data (presence-absence

records).
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Species Distribution Models

We used the Genetic Algorithm for Rule-set Produc(iGARP) (Stockwell and Noble 1992;
Stockwell and Peters 1999) to create the two spafigribution models. The use of GARP to
predict potential areas subjected to species iomasias discussed by Peterson and Vieglais
(2001) and Peterson (2003). We used presence aeti@drecords dE. planain its native
range (South Africa) and presence records in theded range (South America). For each
dataset (native region or native plus non-natiggores), we divided equally and randomly the
occurrence records into training (to create the efjodnd testing (to evaluate the model)
datasets (Fielding and Bell 1997; Anderson et GD32 Araujo et al. 2005). The species
distribution modeling was conducted using the atgor GARP with best subsets (Anderson
et al. 2003) run under the openModeller Desktop sieer 1.0.8

(http://openmodeller.sourceforge.ndutton et al. 2007).

We used the area under the curve (AUC) of a receiperating characteristic (ROC)
to evaluate the predictive accuracy of fitted medglielding and Bell, 1997; Lobo et al.
2008). The AUC, a criterion independent of a thoégi{Lobo et al. 2008), ranges from 0.5
(random accuracy) to a maximum value of 1.0 (pédezrimination). The AUC values were
interpreted using the classification of Pearce &edrier (2000): excellent AUC > 0.90;
reasonable 0.70 < AUC < 0.90; and poor 0.50 < AUTA.

We projected the fitted models onto South Amerisiagifive classes of probability of
occurrence. Additionally, we included in the remgtprobability maps the currently known

presence records in South America. These maps ezhald to evaluate whether the
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predictions matched the actual occurrences, amtetdify regions with a high probability of

invasion.

Bioclimatic niche shift

We explored the similarity between presence rectyaia native and invaded regions
in terms of bioclimatic variables using Principabr@ponents Analysis (PCA). Additionally,
we tested the hypothesis of no difference in hioatic niches in the native and invaded
regions, using a distance-based Multivariate Anslysf Variance (MANOVA) with
randomization testing.

The PCA was carried out using the package adedy(@wd Dufour 2007), run under
the R environment, version 2.7.2 (The R Developn@are Team 2008). The MANOVA was
performed using the software MULTIV version 2.41l@i2006). We opted for the sum of
squares between groups (Qb statistic accordingjlay P0O06) as a criterion to assess whether
the difference between groups was significant §Piind Orléci 1996). This analysis was
carried out using the Euclidean distance, obtafn@m bioclimatic variables of the presence
records used in modeling, and the data were prehljotransformed by centering and

normalization. The randomization test was run Widlo0 iterations.

Results
The evaluation of the model within the native ranf&. planashowed an AUC of 0.89 and
0.88 for the training and the test data, respéegtiseiggesting reasonable predictive power of

the model. The projection of the model fitted te thata from the native region onto South
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America showed a high probability of occurrenceegions including the present distribution
of E. planain the region of Mesopotamia (Corrientes Provincefrgentina, southern and
northeastern Brazil, and Uruguay (Fig. 2). The nhadso indicated high probabilities of
occurrence in the lowlands along the Andes, Pamggi®n (Buenos Aires, Cordoba, and
Santa Fe Province) in Argentina, Bolivia, and Pasyg where no presence records are
currently available. A few records from central-tees Brazil were located in regions
predicted by the model as having a low probabdftpccurrence (Fig. 2).

The model built for the invaded range f planain South America using data from
both native and invaded regions showed an AUC%# @nd 0.91 for the training and the test
data, respectively, suggesting excellent predigieeer of the model. The projection of the
model onto South America showed a high probabhiitgccurrence oE. planain all regions
where it is currently recorded (the Mesopotamidamgn northeastern Argentina, southern
Brazil, and Uruguay), including the few records dentral-western Brazil that were not
predicted by the previous model (Fig. 3). The maalsb predicted a high probability of
occurrence oE. planain regions where it is currently known to be abssuath as in the state
of Rondbnia (Brazil), including parts of region®indified with the previous model (Fig. 3).
Given the proximity to southern Brazil, where tlpeaes is widespread, these regions are
likely to be invaded by the species in the futimerelation to the model fitted to the data from
the native region alone, there was an increaséanrégion suitable for the spread of the
species. In particular, many areas of savanna &@e)y in the center of South America, are

now predicted to have a high probability of occnoe The detached area of savanna north of
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the Amazon Forest (the state of Roraima in Brahilse to Venezuela) was also predicted to

be suitable foE. plana
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The PCA indicated different bioclimatic conditiohstween the presence records in
South Africa and in South America (Fig. 4). The MBMA test rejected the hypothesis of no

difference in the bioclimatic niches in South A&iand South America (p = 0.001).

Axis2

Axist

Fig. 4 Principal Components Analysis (PCA) of the bioclimaconditions for the presence
records ofEragrostis planan its native (South Africa) and invaded (South Aita&) regions.
Black dots indicate records in the native bioclimatiche, and gray dots indicate invaded

bioclimatic niche

Discussion
The bioclimatic predictors and the GARP algorithged to build the models performed very
well in predicting the distribution dt. planain South America. It is widely recognized that

bioclimatic variables, particularly temperature gmdcipitation, play an important role in the
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prediction of the potential distribution of plantexies at large scales (Thuiller et al. 2005;
Broennimann et al. 2007). Our results support evistudies that reported the successful
use of GARP and bioclimatic variables in the predit of the potential distributions of
invasive plant species (Peterson 2003; Petersaln 2003; Fonseca et al. 2006).

The model created with occurrence records and ibiatic predictors from the native
region (South Africa) was able to predict, with ighhdegree of probability, the region of
introduction ofE. planain South America (Rio Grande do Sul, southern Byakut not its
current enlarged distribution. Similarly, previctsdies have shown that models created with
data from the native regions were able to preddgian of introduction, but not the total
region of invasion (Broennimann et al. 2007; Fitrpl et al. 2007; Loo et al. 2007,
Beaumont et al. 2009). Broennimann et al. (20@f)ekample, used occurrence records from
the native region (Europe) of an invasive we@dr(taurea maculosiaam.) in North America,
and showed that the models were able to correadlgigt region of introduction in the United
States, but not the full extent of the occupiedare@fter invasion.

The current distribution and the region of introtiloie (Rio Grande do Sul, Brazil) of
E. planaare predicted with a high level of probability byranodel created with occurrence
records and bioclimatic predictors from both nati@outh Africa) and invaded (South
America) regions. This result is consistent withttbf Broennimann and Guisan (2008), who
found better prediction of the distribution of avasive weed using models created with both
native and invaded ranges than with models crewiitdl only the native range. Models
created with both native and invaded ranges mateetpresent the range of bioclimatic

conditions under which the species can spread (VZOB4; Mau-Crimmins et al. 2006;
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Broennimann & Guisan 2008; Beaumont et al. 200@cabhse a species may shift its
bioclimatic niche during the invasion process (Bruenann et al. 2007).

Previous studies of species-distribution modelsxgisadditional analyses, such as
measures of niche overlap and multivariate staistanalysis, have shown evidence of a
bioclimatic niche shift during the invasion procesfsspecies (Broennimann et al. 2007;
Broennimann and Guisan 2008; Beaumont et al. 20@fa et al. 2010; Medley 2010). Our
multivariate analysis supports a hypothesis ofaglbmhatic niche shift during the invasion of
E. planainto South America. This niche shift may be a cougece of various processes,
including the absence of enemies and competitora fts native range in the invaded region
and/or a rapid evolutionary change after introductiln the former case, previous studies
have concluded that the absence of native herl@ygathogens, and predators may explain
the invasion and spread of plant species (KeaneCaanmley 2002; Mitchell and Power 2003;
DeWalt et al. 2004; Vila et al. 2005). In the lattase, founding effects and evolutionary
processes associated with small populations matteaapid adaptive evolutionary changes
during the invasion process (Lee 2002; Parker. &043; Lavergne and Molofsky 2007).

Eradication and/or control of an invasive specigsrats establishment is costly and
often difficult to implement (Pimentel et al. 200%imberloff 2003). Prevention is the best
management strategy, and is often the most costtefé approach (DiTomaso 2000; Davies
and Sheley 2007). Our model indicated uninvadedonsgin South America that have
favorable conditions for the establishment E©&f plana Parts of these regions are near

presently infested areas. These regions need iggatograms to prevent the spread of the
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species by monitoring and control of its main reutd dispersal, and developing better

practices of pasture management (Medeiros et 8B)20
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Impact of climate changes on the distributions ofrivasive African grasses in the

Americas: predicted scenarios from ensemble foreces

ABSTRACT
Aim We explore the impact of climate change on theritligions of five invasive African

grasses in the Americas.

Location Chloris gayana, Hyparrhenia rufa, Panicum maximuP@nnisetum ciliare and

Urochloa muticaare native in the Africa and invasive in Americas.

Methods We created ensembles forecasting consisting oégtions derived from five niche
models (ANN, CTA, GAM, MDA, and MARS) available the BIOMOD package. Current
and future (2080) American distributions for eactaisive grass species were modeled using
the atmosphere-ocean general circulation model PAd3) and two gas emission scenarios

(A2a and B2a).

Results In the general, our ensembles forecasting usingageeconsensus method showed
excellent predictive performance. The species gayanaand P. maximumhave high
probabilities to disappear of some regions curyemtkcupied. The speciés rufa, P. ciliare,

andU. muticashould reduce slightly their spatial distributions

®> Com colaboracédo de Miguel B. Aratjo & Adriano Seliv!
® As referéncias bibliograficas seguem as regrgsetimdo Global Change Biology
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Main conclusionsThe future disappearance ©f gayanaand P. maximunfrom many areas
is associated mainly with precipitation conditioR&storation opportunities may arise due to
potential reduction in distributions of these fivevasive African grasses in the Americas

under climate changes.

Keywords: biological invasions, climate warming, consensus method and species

distributions models
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INTRODUCTION

Biological invasions have been recognized as oriteeofjreatest global challenges for species
conservation in the last centuries (Maatkal, 2000). Introductions, accidental or intentional,
of exotic species into new environments are comgnas$ociated with increased global trade
and transport (Hulme, 2009). In the new environm&mme exotic species have become
invasive causing significant ecological and ecormdamage (Mackt al, 2000; Pimentebt

al., 2001). Invasive plant species threaten natiodibersity (Macket al, 2000) and change
ecosystem function (Mack & D’Antonio, 1998). In ditmh, invasive plants have caused
enormous economic impacts, with costs (pest managerand restoration of invaded
ecosystems) reaching billions of dollars (Pimeateidl, 2001).

Among the invasive plants, grasses are especialhpitant because many species: i)
have high seed production, germination, and surviate, ii) rapid growth, iii) can spread
very easily, iv) tolerate fire, and v) are ablentodify severely the environment where they
dominate (D’Antonio & Vitousek, 1992). In the Ameais, many African exotic grasses were
introduced intentionally for degraded grasslanddoration, forage or ornamental purposes
and accidentally through contaminated crop seedHBigws & Baruch, 2000). Some of these
exotic grasses have escaped from cultivated anedsnzaded anthropogenic and natural
regions (Williams & Baruch, 2000) causing seriou®legical impacts (see Williams &
Baruch, 2000 for review).

Invasions by exotic plants may amount to other glaallenges (see Bradley al,
2010a for review) such as climate change or climeening (e.g., rising temperatures and

altered precipitation regimes) (Dukes & Mooney, 3:9%altheret al, 2009). Climate change
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may affect many aspects of invasive plants: i) ffyaifie impact of invasive species on native
species and ecosystem, ii) facilitate the estaflesit and spread of invasive species into new
regions, and iii) altered effectiveness of cona@dication strategies (Hellmaenal, 2008,
Bradleyet al, 2010a). Long-term observational and experimesttalies suggest that climate
change favors invasive plant species over natieeisp (Dukes & Mooney, 1999; Buckland
et al, 2001; Verlinden & Nijs, 2010).

Predictive models have been developed and appbedgsessing the impacts of
climate change on invasive plants (Thuilgral, 2007; Bradleyet al, 2010a). In the last
decade, species distribution models have becomertan tools to predict the potential
distribution of invasive grasses under global ctenghange scenarios (Beaumenal., 2009;
Bradley, 2009; Bradlegt al, 2009; Parker-Allieet al, 2009; Bradleet al, 2010b). Species
distribution models, also termed bioclimatic enyp&lomodelling or ecological niche
modelling, are constructed using a modelling mettsm Guisan & Thuiller, 2005; Elitt
al., 2006; and Heikkineret al, 2006 to available modelling methods) that corebin
presence/absence or presence-only data of a spEceegiven geographical space with a
series of spatial environmental data (see Guisatildmermann, 2000; Guisan & Thuiller,
2005 to review). The resulting model is then prtgddn the same geographical space under a
scenario of future climate or onto a new spacewsi® the potential distribution of the
species (Peterson & Vieglais, 2001; Peterson, 2003)

Species distribution models are created assumiad) $becies distribution is in
equilibrium with current environmental conditionGuisan & Zimmermann, 2000; Guisan

and Thuiller, 2005) and that the environmental aiohthe species is conserved spatially and
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temporally (Pearmaat al,, 2008). A recent study, however, showed thatsieaspecies may
shift its environmental niche during the invasiorogess (Broennimanmt al, 2007).
Therefore, multivariate statistical analyses arch@ioverlap have been used to evaluate the
hypothesis that invasive species may alter itsrenuiental niche during the invasion process
(Broennimann & Guisan, 2008; Mataal., 2010; Medleyet al, 2010).

Currently, the potential applications of speciestribution models in distinct
ecological issues is immense (Guisan & Thuillel)®0 as well as the number of modelling
methods available to create these models (see iG&sehuiller, 2005; Elithet al, 2006 to
modelling methods available). In addition, a numbfestudies have demonstrated differences
in performance among modelling methods (SeguradAr&ljo, 2004; Elithet al, 2006;
Tsoaret al, 2007) and there is no consensus on the apptepriathod to create the species
distribution models (Pearsat al, 2006). In this context, Aradjo & New (2007) segted the
use of ensemble forecasting as a potential alieendbr reducing uncertainty among
modelling methods. Ensembles forecasting are aeaateng the combination of predictions
produced by different modelling methods (Aradjo &M 2007). Ensembles forecasting have
been applied to predict the impact of climate cleaog biodiversity patterns (Coetzeeal,
2009; Diniz-Filhoet al, 2010; Mariniet al, 2010), including biological invasions (Roura-
Pascuakt al, 2009; Bradlet al, 2010b; Stohlgreert al,, 2010).

In the present study, we will assess the poteiiglact of climate changes on the
distributions of invasive African grasses in the éimas. As the invasive species were mostly
from tropical areas in Africa, our general expdotatvas an increase in the area occupied by

species toward temperate regions of the Americattis purpose, we generated ensembles
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forecasting to current and to future potential rdbstions of each grass species. We selected
five invasive African G grass species considered aggressive and widesprése Americas
Chloris gayanaKunth (common name Rhodes grasbklyparrhenia rufa (Nees) Stapf
(common name Jaragu®anicum maximundacg. (common name Guinea grass and capim
colonido) Pennisetum ciliargL.) Link. (syn. Cenchrus ciliarisL., common name Buffel
grass), andUrochloa mutica(Forsk.) Stapf (syrBrachiaria mutica common name Para grass

and capim angola) (Williams & Baruch, 2000).

METHODS

Species of study

The specieC. gayanawas intentionally introduced in native tropicavaana and cleared
forest to improve pasture but escaped from areastgd and invaded natural habitats
(Williams & Baruch, 200D The gras#. rufa, P. maximumand U. muticawere introduced
in the humid tropics of Central and South Amerizamprove forage quality but escaped from
areas planted and invaded natural habitats (Widli&Baruch, 200D Hyparrhenia rufawas
intentionally introduced, whered maximumand U. muticawere accidentally introduced
trough the slave ships in the Brazil (Parsons, 1#fgueiras, 1990)Pennisetuntiliare is
drought resistant, present high biomass produgtifBandersonet al, 1999) and was
intentionally introduced in the arid and semi-arajions of North and South America for
degraded grasslands restoration and rangeland veyment (D’Antonio & Vitousek, 1992;

Williams & Baruch, 2000). However, the species pedafrom the planted areas and become
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invasive in natural habitats causing threat toveasipecies (D’Antonio & Vitousek, 1992; De
la Barrera, 2008).

Williams & Baruch (2000) shows the distribution thfese five African grasses in
Americas. The specigS. gayanaoccur in humid tropics and sub-tropi¢$, rufa in humid
and sub-humid tropics, Central and South Ameritamaximumin tropics of Central and
South America, and South Eastern United St&esjliare in arid and semi-arid tropics and
sub-tropics, North Mexico, and southwestern Unigdtes, andJ). muticain humid tropics

and sub-tropics.

Species and climate data
We obtained the occurrence records of the fivesiweagrasses in different online databases,

including the Global Biodiversity Information Fatyl— GBIF (ttp://www.gbif.org, Instituto

Horus fttp://www.institutohorus.org.pr SpeciesLink ifttp://splink.cria.org.jr and Tropicos

(http://www.tropicos.or)y A total of 292 presence records were compiledfogayana(103
native in Africa and 189 invasive in Americas), b9 H. rufa (77 native in Africa and 542
invasive in Americas), 785 foP. maximum(159 native in Africa and 626 invasive in
Americas), 488 foP. ciliare (162 native in Africa and 326 invasive in Amerigand 175 for
U. mutica(92 native in Africa and 83 invasive in Americas).

We used the annual average of maximum and mininempérature and annual total
precipitation to both current and future conditioi®e annual averages of maximum and
minimum temperatures were extracted from monthlgrages of maximum and minimum

temperatures and the annual total precipitatiomfroonthly total precipitation at a resolution
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of 20 km x 20 km (10 arc-minute) from the WorldCloatabasehftp://ww.worldclim.org

(Hijmans et al, 2005). Current climate conditions are the resillinterpolation of climate
data recorded between 1950 and 2000 (Hijmans 2085b). Future climate conditions for the
year 2080(estimated 2070 - 2099 interyalere obtained from HadCM3 global circulation
model as well as two gas emission scenarios: i) &2d i) B2a (IPCC 2001). The A2
scenario is considered more pessimistic than B&) higher emissions of greenhouse gases

(IPCC, 2001).

Climatic niche shift

Invasive species may shift its climatic niche dgrthe invasion process (Broennimann et al.
2007). Therefore, we tested the hypothesis of wdiffee in climatic niches in the native
(Africa) and invaded (Americas) regions for each speciasgudistance-based Multivariate
Analysis of Variance (db-MANOVA) with randomizatidesting.

The db-MANOVA tests were performed using the sofevMULTIV version 2.4
(Pillar, 2006), using the sum of squares betweenpmg (Qb statistic according to Pillar, 2006)
as criterion (Pillar & Orléci, 1996). These anadysivere carried out using the Euclidean
distance, obtained from current climate variableshe presence records both in native and
invaded regions. Data were previously transformgdcéntering and normalization. The
randomization test was run with 1000 iterations.

Difference in climatic niche in the native and ided regions was evident only Gt
gayana(p = 0.027). Thus, we used presence records amenticlimate variables from both

native and invaded regions to create the specstsiition models o€. gayanaForH. rufa,

100



P. maximumP. ciliare, andU. muticg species that are at equilibrium with their ennireent,
we created models using presence records and tulieratic variables from the invaded

region.

Species distribution models
For each of the five species, we created specrsitiition models using five modelling
methods: i) Artificial Neural Networks (ANN), ii) I@ssification Tree Analysis (CTA), iii)
Generalized Additive Models (GAM), iv) Multiple Agéve Regression Splines (MARS),
and v) Mixture Discriminant Analysis (MDA). ANN ia machine learning method, CTA and
MDA are classification methods, and GAM and MAR$® aegression methods (see Elth
al., 2006 and Heikkineet al, 2006 to description of each modelling methodje Bpecies
distribution models were created using the pack@MOD (Thuiller et al, 2009) run under
the R environment, version 2.8.1 (The R Developn@ore Team, 2008). All models require
presence and absence records and thus we creatadbpsbsences for each species by using
the ‘random strategy’ in BIOMOD. The number of pdewabsences created equaled the
number of presence records for each species medttiply 10 (Jenseet al, 2008; Beaumont
et al, 2009). Moreover, all species distribution mode&se created using default parameters
of BIOMOD.

To evaluate the predictive performance of each maescribed above, we randomly
separated 70% of the occurrence records as traghataycalibratio and 30% for testing
(evaluation the model, and this procedure was repeated 10 .tiwWesused the average area

under the curve (AUC) derived from receiver opa@atharacteristitROC) plot of the cross-
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validation to evaluate the predictive performanéemmdels (Fielding & Bell, 199%. The
AUC values were interpreted using the classificatid Pearce & Ferrier (2000): excellent
AUC > 0.90; reasonable 0.70 > AUC < 0.90; and @66 > AUC < 0.70.

We used 100% of available presence records to mdikel calibration of the models.
Subsequently, & projected the models calibrated onto current atémconditions of
Americas, as well as future American climate caodg for 2080. For each of the five
species, we created five current predictions (wdifierent modelling methods) and 10
projections of future potential distributions (comdtion of five modelling methods, one
global circulation model and two gas emission sgespfor 2080, in a total of 15 models per

species.

Ensemble forecasting

For each of the five considered grass species,energted an ensemble forecasting to current
predictions and to projections of future potentistributions of each gas emission scenarios
(A2 and B3J for year 2008. For this purpose, we used averagsersus method based on
AUC values (Araudjo & New, 2007; Marmiaat al, 2009).

For each ensemble forecasting, we create a distibmap using five probability of
occurrence classes. On the current distribution ofagach species, we included the known
presence records of the species. These maps allosvéd examine the impact of climate
changes on the current presence records of theespétaddition, in order to assess reduction

or increase in the potential distribution of eapeaes under climate changes, we calculate
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the percentage of grid cells where each specipeeiicted to occur with high probability in

the current and future climate (year of 2080) urgdey emission scenarios (A2a and B2a).

RESULTS

The average consensus method based on values AUC fgayana, H. rufa, P. maximum,
and P. ciliare was 0.903, 0.911, 0.901, and 0.915 respectively, ingtigaexcellent
performance of ensemble forecasting. However, far $peciesU. mutica the average
consensus method was 0.840, indicating reasonabigrmance.

The ensembles forecasting of the invasive grassmsesi that some species have low
probabilities of persistence and may be locallyrettin 2080 from areas currently occupied
(Figure 1). In this study, we consider high probaes of disappearance the two classes of
low probability of occurrence and probabilitiestbé species remain the others classes. Thus,
C. gayanashows a high probability to disappear from norghd&xazil and decrease its extent
of occurrence in areas far from the Atlantic cq&$gure 1a). The results fat. rufa shows
that the species should remain in most of the aceasently occupied (Figure 1b). The
predicted areas occupied By maximurare very dependent on the scenario used (Figyre 1c
For the B2a model, it should remain in most ofdheas currently occupied. However, for the
scenario A2a the species has high probability sdglearance of countries of the northwest
of the South American, although new areas may Heniaed in central and south of
Argentina (Figure 1c). The area occupied By ciliare should decrease slightly in both

scenarios, particularly in Central Brazil (Figurel).lUrochloa muticashould have its
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distribution drastically reduced, remaining mos#tgtricted to small areas in northwest South

America (Figure 1e).
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Figure 1. Occurrence probabilities at current ctemand future scenario (2080) for five

invasive grasses in Americas: @) gayana (b) H. rufa, (c) P. maximum(d) P. ciliare, and

(e) U. muticaobtained with ensemble forecasting

The current potential distribution of all five irsige grass species will decrease in

2080. In the general, the decrease will be gréatdRa than in the B2a scenario (Table 1).

Table 1. Invasive grass species, percentage ofogiid where each species is predicted to

occur with high probability in the current and frguclimatic (year of 2008) under gas

emission scenarios (B2a and A2a).

Species Current 2080

B2a A2a
Chloris gayana 4.46% 6.41% 2.66%
Hyparrhenia rufa 20.61% 14.98% 13.44%
Panicum maximum 19.12% 18.18% 0%
Pennisetum ciliare 10.27% 7.84% 9.40%
Urochloa mutica 21.60% 2.77% 1.66%

DISCUSSION

To reduce uncertainty of modelling methods, ensemlbbrecasting have been applied to

assess the potential impact of climatic changeiodiversity, including endemic amphibians

and reptiles (Carvalhet al, 2010), endemic and rare birds (Coeteeal, 2009, Mariniet
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al., 2009), endemic and rare plant (Lomdtaal, 2010), invasive plants (Beaumagit al,
2009; Stohlgreret al, 2010) and insects (Diniz-Filhet al, 2010). These ensembles
forecasting are generated using different consemmibods (see Marmioet al, 2009 to a
recent evaluation of the methods available) incigdhe average consensus employed in our
study. In our study, the average consensus methdddeoensemble forecasting procedure
produced excellent predictive performance, corratwg results of a previous study
(Marmion et al, 2009). However, the predictive performance afegnble forecasting fdd.
mutica was reasonable. Studies have evaluated the effédample size on the predictive
performance of species distribution models (Stodk&ePeterson, 2002; Hernandez al,
2006), including models created with some modellimgthods used in this study, as such
GAM, MARS and MDA (McPhersoet al, 2004; Wiszet al, 2008). For example, Wist

al., (2008) found that, generally, the performanceahaf models decreased with decreasing
number of available occurrence records. In thegmtestudy, the specids. muticahad the
lowest number of presence records. Thus, the raatmmodel performance f&f. mutica
can be due to the small sample size.

Previous studies have demonstrated that invasigesgs may disappear of regions
currently occupied (Bradlest al, 2009; Parker-Allieet al, 2009). An example is provided by
B. tectorum(cheatgrass), which is predicted to disappear gibrs of southern Nevada and
southern Utah (Bradlegt al, 2009). In the present study, the grasSeggayanaand P.
maximumhave high probability of disappear of many regiom2080. The climate projections
generated by the HadCM3 model show anomalies ofigitation and temperature in

northeast Brazil and anomalies of precipitation South American (coast of Peru and
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Ecuador) in 2080 (Nobret al, 2008). For northeast Brazil the model predicizyrease of
temperature and decrease of annual total precégitdless than 500 mm) in 2080. For the
northwest of the South America (coast of Peru aadaHor) the model predicts increase of
annual total precipitation, with anomalies slightipre intense in the A2a scenario (Nobte
al., 2008).Chloris gayanahas high probability of disappear of northeastzBran fact, the
climate variable most important f@. gayanawas annual total precipitation (Appendix S1).
Thus, the decrease of precipitation appear to berthin reason for the disappearanc€ of
gayanain northeast Brazil. Previous work have highlighteat the species is only able to
maintain viable populations in areas with 600-15@® of annual precipitation (Ponsees
al., 2010).Panicum maximunpredominates in regions with annual precipitatisually in
excess of 1000 mm (Skerman & Riveros, 1992), has tlwerance to low temperatures
(Brotel et al, 2002), and only tolerates flooding for shortipgs (Skerman & Riveros, 1992).
Currently the northwest of the South American sholigh values of annual total
precipitation. ForP. maximum the climate variable most important was annudhlto
precipitation followed by annual average of minimtemperature (Appendix S1). Increases
in precipitation may cause excessive flooding a& #oil (Dias-Filho & Carvalho, 2000).
Thus, the disappearance Bf maximumin northwest of the South American (coast of Peru
and Ecuador) may be associated with increase afadrtatal precipitation, since the species
only tolerates short periods of flooding (SkermarR&eros, 1992). The species does not
tolerate low temperatures (Skerman & Riveros, 138%) thus potential colonization of new
areas in central and south Argentina may be dtieetoncrease in annual average of minimum

temperature.
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According to Bardleyet al (2009), some studies have used only temperature
conditions to predict the impact of climate changes potential distribution of invasive
species (e.g. Beerling, 1993). On the other hamel,pbtential distribution of species under
climate changes has been predicted using both efutanditions of precipitation and
temperature (Kriticoget al, 2003; Parker-Allieet al, 2009; Bradleyet al, 2010). In the
present study, the future disappearance in sevegadns ofC. gayanaand P. maximumis
associated mostly with precipitation conditionsfroborating the study by Bradley (2009)
that demonstrated the importance of precipitatimmdd@ions on future distribution dromus
tectorum(cheatgrass), an invasive annual grass, in theewellorth America.

The results of ensemble forecasts showed thatpeeiesH. rufa, P. ciliare andU.
mutica have the potential to remain in mostly of the arearrently occupied. These results
are due to the physiological characteristics os¢hgpecies, usually able to resist or tolerate
the climate changes predicted for 2080. For inggrcrufais resistant to drought (Baruch &
Fernandez, 1993Rennisetum ciliarés a species that survives in semi-arid and ardatk,
with annual precipitations in the range 200 to 1800 (Coxet al, 1988, Ibarrat al, 1995).
Urochloa muticasurvives in warm and high precipitation conditioims the tropics and

subtropics (Smithsonian Marine Station at Fort ¢&€2010 -http://www.sms.si.edu/irlspeg/

and is tolerant to flooding (Baruch, 1994; Mattnsl, 2005). In addition, the {grasses have
physiological characteristics that confer themlartmce to high temperatures (Colletzal,
1998; Ward, 1999). For. ciliare and U. muticag the climate variable most important was
annual average of minimum temperature, andHorrufa was annual total precipitation

followed by annual average of minimum temperatépendix S1).
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Studies have used species distribution modelsedigrthe impact of climate changes
on potential distribution of invasive grass spedidsadleyet al, 2009; Parker-Alliect al.,
2009; Bradleyet al, 2010b). Our results suggest that the climatengbs will reduce the
current areas of high probability of occurrence tioe five invasive grass species studied,
coinciding with results of other models constructedEurasian invasive grass in the North
America (Bradley, 2009; Bradlest al, 2009) and for invasive Eurasian &d G grasses in
South Africa (Parker-Allieet al, 2009), with reductions greater under the A2antthee B2a
scenario.

According to Bradleyet al (2009), restoration opportunities may arise m lthtations
subjected to reductions or eliminations of invassecies under climate changes. For
instance, it would allow traditional restorationtvhative species present originally (Bradley
et al, 2009) or a transformative restoration with thi¥dduction of new native species (see
Bradley & Wilcove, 2009 to more details). Activestoration programs are highly desirable
in these areas because locations no longer suii@bf@evious invaders may be occupied by
others new invasive species. In this context, miodeand experimental studies are needed to
assess the impact of climate changes on nativeespand other new native species in the
locations unsuitable for each of the five grasscigseconsidered in the present study. The
results of these studies can be used in restorglams in the locations that in the future

should become unsuitable for the invasive grassispe
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SUPPLEMENTARY MATERIAL
The following supplementary material is availate this paper:
Appendix S1 Importance of each climate variable in the modeéated for each species

grass and the average importance of each variable.

Methods Annual total Annual average of Annual average of

precipitation  maximum minimum
temperature temperature
Chloris ANN 0.531 0.405 0.381
gayana CTA 0.689 0.058 0.368
GAM 0.769 0 0.147
MARS 1.341 0.522 0.359
MDA 0.472 0.324 0.219
Average 0.7604 0.2618 0.2948
Hyparrhenia ANN 0.611 0.134 0.809
rufa
CTA 0.585 0 0.46
GAM 0.443 0.319 0.273
MARS  0.540 1.212 0.594
MDA 0.632 0.031 0.403
Average 0.5622 0.3392 0.5078
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Continuation of Appendix S1.

Panicum

maximum

Pennisetum

ciliare

Urochloa

mutica

ANN
CTA
GAM
MARS
MDA

Average

ANN
CTA
GAM
MARS
MDA

Average

ANN

CTA
GAM
MARS

MDA

0.336

0.528

0.473

1.325

0.240

0.5804

0.442

0.389

0.544

0.275

0.017

0.076

0.94

0.587

0.215

0.300

0.220

0.129

0.531

0.279

0.297

0.287

0.518

0.013

0.048

0.2326

0.26

1.152

0.034

0.598

0.401

0.305

0.792

0.185

0.4562

0.340

0.470

0.316

0.799

0.944

0.5738

1.076

0.986

0.879

1.211

0.713
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Continuation of Appendix S1.

Average 0.324 0.2892 0.973

The importance of each climate variable was obthiuseng the function “Varimportance” in
BIOMOD (see Thuilleret al.,2009 for details). This function gets the valuanoportance of
each variable for each modelling method used tateréhe models. Therefore, we use the

average value of each variable of the methods.
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3. CONSIDERACOES FINAIS

O uso de modelos de distribuicdo de espécies padizpr a distribuicdo potencial de
espécies invasoras aumentou especialmente nasasiltioas décadas. Entretanto, algumas
lacunas precisam ser preenchidas, tais como o oUmedativamente pequeno de estudos

realizados em paises em desenvolvimento e ambegbesicos.

O modelo de distribuicdo de espécie criado com slaldoarea nativa e invadida foi mais
robusto para predizer a distribuicdo atualEslagrostis planana América do Sul do que o
modelo criado com dados somente da area nativan Aliéso,E. planaalterou seu nicho

bioclimético durante o processo de invasdo na Ara&lo Sul.

Os modelos de distribuicdo de espécies criadoskaptanaindicam regides favoraveis ao
seu estabelecimento na América do Sul. Assimsesfarmacfdes podem ser usadas em
acOes de planejamento ambiental e nas tomadascikfalele forma direcionada para as

regides favoraveis ao estabelecimento ded&hana America do Sul.

As mudancas climaticas globais irdo alterar a iisgdo potencial das cinco gramineas
Africanas invasoras nas Ameéricas. As espéciddoris gayanae Panicum maximum
apresentam alta probabilidade de desapareceremegidss que ocupam atualmente, devido
principalmente as mudancas nas condi¢cdes de pegg@pi Tanto o desaparecimento quanto a
contracdo da distribuicdo potencial das gramineasleqn ocasionar futuramente

oportunidades de restauracéo nas regides imprgqgaiasestas gramineas nas Americas.
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