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RESUMO  

Modelos de distribuição de espécies, também conhecidos como modelos bioclimáticos ou 

modelos de nicho ecológico, têm sido aplicados em inúmeras questões ecológicas, incluindo 

espécies invasoras. Essa tese identificou as principais tendências e lacunas de estudos sobre o 

uso de modelos de distribuição de espécies para predizer a distribuição potencial de espécies 

invasoras (primeiro artigo). Adicionalmente, aplicou-se modelos de distribuição de espécies 

para predizer a distribuição potencial de Eragrostis plana Nees na América do Sul e verificar 

se ocorreu mudança de seu nicho bioclimático durante o processo de invasão (segundo artigo). 

Finalmente, avaliou-se a resposta em relação às áreas de ocorrência de cinco gramíneas 

Africanas invasoras nas Américas frente às mudanças climáticas (terceiro artigo). O primeiro 

artigo realiza uma análise cienciométrica sobre o uso de modelos de distribuição de espécies 

para predizer a distribuição potencial de espécies invasoras. O segundo artigo utiliza o 

Algoritmo GARP como técnica de modelagem e foram criados dois modelos para predizer a 

distribuição potencial de E. plana: um utilizando dados da região nativa da espécie (África do 

Sul) e outro com dados da região nativa e invadida (regiões da Argentina, Brasil e Uruguai). 

Posteriormente, cada modelo foi projetado na América do Sul para identificar regiões 

favoráveis ao estabelecimento de E. plana e verificar se os registros de ocorrência da espécie 

encontram-se dentro das regiões preditas com alta probabilidade pelos modelos. Além disso, a 

hipótese de que espécies podem alterar o seu nicho climático durante o processo de invasão 

foi avaliada para E. plana através de análises estatísticas multivariadas. O terceiro artigo 

aplica distintas técnicas de modelagem disponíveis no ambiente computacional BIOMOD, 
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seguidas de conjunto de previsões para predizer a distribuição potencial das cinco gramíneas 

invasoras Africanas nas Américas frente às mudanças climáticas globais.  

 

Palavras-chave: cienciometria, conjunto de previsões, GARP, gramíneas Africanas 

invasoras, invasão biológica, mudança de nicho ambiental, mudanças climáticas globais. 
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ABSTRACT   

Species distribution models, also known as bioclimatic models or ecological niche models, 

have been applied in numerous ecological issues, including invasive species. This thesis 

indentified the main trends and gaps in studies on the use of species distribution models to 

predict the potential distribution of invasive species (first paper). Additionally, it includes 

species distribution modelling to predict the potential distribution of Eragrostis plana Nees in 

South America and assess the potential shift of its bioclimatic niche in the process of invasion 

(second paper). Finally, it includes as assessment of the response in terms of areas of 

occurrence of five invasive African grasses in the Americas under climate changes (third 

paper). The first paper provides a scientometric analysis on the use of species-distribution 

models to predict the potential distribution of invasive species. The second paper uses the 

algorithm GARP as modelling method and created two models to predict the potential 

distribution of E. plana: the first one used data from the native region (South Africa) and the 

second one data from both the native and invaded (Argentina, Brazil, and Uruguay). 

Subsequently, each model was projected in South America to identify regions favorable to the 

establishment of E. plana and assess whether the occurrence records are found within regions 

predicted by the models with high probability. Moreover, the hypothesis that species can shift 

their bioclimatic niche during the invasion process was evaluated for E. plana using 

multivariate statistical analysis. The third paper applies distinct modelling methods available 

in the BIOMOD package, followed by ensembles forecasting to predict the potential 

distribution of five invasive African grasses in Americas under climate changes.  
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Keywords: biological invasion, ensemble forecasting, environmental niche shift, GARP, 
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1. INTRODUÇÃO GERAL 
 
1.1. Modelos de Distribuição de Espécies  
 

Nas duas últimas décadas a aplicação de modelos de distribuição de espécies, também 

conhecidos como modelos bioclimáticos e modelos de nicho ecológico (ver Elith & 

Leathwick 2009 para outras denominações), cresceu consideravelmente (Guisan & Thuiller 

2005). Tais modelos são criados a partir de técnica de modelagem que relaciona registros de 

ocorrência da espécie com um conjunto de preditores ambientais para encontrar ambientes 

adequados, onde uma população possa se manter viável (Guisan & Zimmermann 2000, 

Anderson et al. 2003). Os resultados produzem previsões probabilísticas de onde a espécie 

poderá ou não estar presente e a área projetada representa a distribuição potencial da espécie 

estudada baseada nos preditores ambientais utilizados na modelagem (Guisan & Thuiller 

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

•  

Figura 1. Esquema ilustrando o processo de criação de um modelo de distribuição de espécie 

(adaptada de Scachetti-Pereira & de Siqueira 2007). 
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1.1.1. Registros de Ocorrência da Espécie e Preditores Ambientais 

Os registros de ocorrência da espécie, ou seja, registros de presença e ausência, são 

representados na forma de coordenadas geográficas (latitude e longitude) e utilizados para 

alimentar, calibrar e validar os modelos de distribuição de espécies (Guisan & Zimmermann 

2000, Guisan & Thuiller 2005). Os registros de presença da espécie são obtidos dos acervos 

de coleções de herbários e museus (Elith & Leathwick 2007) e de coletas de espécimes e/ou 

observações de campo (Soberón & Peterson 2004). Além disso, a disponibilidade de bases de 

dados de biodiversidade, via internet (ver Tabela 1 para algumas bases de dados disponíveis), 

têm contribuído para o fácil acesso aos registros de presença das espécies (Canhos et al. 2004, 

Graham et al. 2004, Soberón & Peterson 2004). Por outro lado, os registros de ausência são 

raros e quando disponíveis devem ser usados com certo cuidado (Gu & Swihart 2004). Esse 

cuidado é necessário porque no momento de coleta/amostragem a espécie pode não ter sido 

detectada embora esteja presente no habitat. Ainda a espécie pode estar ausente no local, mas 

por razões históricas (por exemplo, barreiras geográficas), interações bióticas (por exemplo, 

competição e predação) ou humanas, embora o habitat seja adequado (Hirzel et al. 2002, Gu 

& Swihart 2004).   

Os preditores ambientais consistem de mapas temáticos, onde cada mapa possui um 

conjunto de células contínuas no espaço geográfico com valores de um determinado preditor 

ambiental. Os preditores mais frequentemente utilizados são oriundos de dados refinados 

através de técnicas de interpolação, por exemplo, dados climáticos (New et al. 2002, IPCC 

2001, Hijmans et al. 2005), e de dados de imagens de satélites (Bradley & Fleishman 2008, 
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Andrew & Ustin 2009), por exemplo cobertura e uso do solo, topográficos, índices de 

cobertura vegetal e tipos de vegetação e dados de salinidade e temperatura dos oceanos. 

 

Tabela 1. Bases de dados de biodiversidade disponíveis via internet. 

 

Base de dados Organismos Site 

Global Biodiversity 

Information Facility (GBIF) 

animais, 

microorganismos e 

plantas 

http://www.gbif.org 

InfoNatura aves, mamíferos e 

anfíbios da 

América do Sul 

http://www.natureserve.org/infonatur

a 

Instituto Hórus animais e plantas 

invasoras do Brasil 

http://www.institutohorus.org.br 

FishBase Peixes http://www.fishbase.org 

Herpnet anfíbios e répteis http://www.herpnet.org 

South African National 

Biodiversity Institute 

(SANBI) 

animais e plantas 

da África do Sul 

http://www.sanbi.org 

SpeciesLink animais, 

microorganismos e 

plantas 

http://splink.cria.org.br 
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Continuação da Tabela 1. 

  

Existe um consenso de que, em escalas mais amplas (global ou continental), preditores 

climáticos, tais como precipitação e temperatura, são mais apropriados para criar modelos de 

distribuição de espécies. Por outro lado, em escalas menores (regional ou local) outros 

preditores tornam-se importantes, tais como cobertura e uso do solo (Luoto et al. 2007, 

Tingley & Herman 2009, Titeux et al. 2009). Assim como os bancos de dados de 

biodiversidade, as bases de dados ambientais disponíveis são também diversas (Canhos et al. 

2004, Sillero & Tarroso 2010) (ver Tabela 2 para algumas bases de dados disponíveis).  

 

Tabela 2. Bases de dados ambientais disponíveis via internet.  

Bases de dados Tipo de dado Site 

Intergovernmental Panel on 

Climate Change (IPCC) 

climáticos http://www.ipcc.ch 

Climatic Research Unit (CRU) climáticos http://www.cru.uea.ac.uk 

PRISM climáticos http://www.prism.oregonstate.edu 

Worldclim climáticos http://www.worldclim.org 

 

Global Invasive Species 

Database (GISD) 

animais, 

microorganismos e 

plantas invasores 

http://www.issg.org/database/welco

me 

Tropicos plantas http://www.tropicos.org 
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Continuação da Tabela 2. 

Hydro1K Elevation Derivative 

Database  

topográficos http://eros.usgs.gov 

Global Land Cover  cobertura da terra http://edc2.usgs.gov/glcc/glcc.php 

Ocean Biogeographic 

Information System (OBIS)  

dados ambientais 

aquáticos  

http://www.iobis.org 

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

 

Diante desta vasta disponibilidade de dados, estudos têm sido desenvolvidos para 

comparar o desempenho de diversos preditores ambientais para prever a distribuição potencial 

de espécies (Parra et al. 2004, Seoane et al. 2004, Luoto & Heikkinen 2008, Peterson & 

Nakazawa 2008) ou conjunto de preditores ambientais  (Guisan & Hofer 2003, Pearson et al. 

2004, Bomhard et al. 2005). Entretanto, dentro de um grande conjunto inicial de preditores 

ambientais pode existir preditores correlacionados ou preditores com baixo poder preditivo e, 

portanto, é necessário realizar uma pré-seleção de preditores ambientais usando, por exemplo, 

Análise de Componentes Principais (PCA) ou Árvore de Regressão, para reduzir a 

dimensionalidade do conjunto inicial, o que por sua vez proporciona coerência na explanação 

dos resultados dos modelos (Segurado et al. 2006). 
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1.1.2. Técnicas de Modelagem e Conjunto de Previsões 

Atualmente, existem diversas técnicas de modelagem que podem ser usadas para 

relacionar os registros de ocorrência da espécie com um conjunto de preditores ambientais 

(Guisan & Thuiller 2005, Heikkinen et al. 2006) (ver Tabela 3 para algumas técnicas 

disponíveis). Além disso, existem programas e ambientes computacionais para modelagem 

que disponibilizam somente uma técnica de modelagem, tais como MAXENT (Phillips et al. 

2006) e DesktopGarp (Stockwell & Noble 1992), e ambientes com várias técnicas de 

modelagem, tais como BIOMOD (Thuiller et al. 2009), ModEco (Guo & Liu 2010) e 

OpenModeller (Sutton et al. 2007) (ver Tabela 4 para alguns programas e ambientes 

computacionais disponíveis).  
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Tabela 3. Algumas técnicas de modelagem disponíveis, classe da técnica segundo a 

abordagem empregada e  exemplos de estudos que aplicaram a técnica. 

 

Técnica de modelagem Classe Estudos 

Modelo Aditivo Generalizado 

(GAM) 

Granadeiro et al. 2004, Trivedi et al. 

2008  

Modelo Linear Generalizado (GLM) 
Guisan & Hofer 2003, Brotons et al. 

2007  

Curvas de Regressão Adaptativas 

Multivariadas (MARS) 

Regressão 

Leathwick et al. 2005, Mateo et al. 

2010  

   

Algoritmo Genético para Produção 

de Conjunto de Regras (GARP) 

Peterson et al. 2003, Sanchez-Flores 

2007  

Florestas Aleatórias (RF) 
Benito-Garzón et al. 2007, Calleja et 

al. 2009 

Máxima Entropia (MAXENT) 
Giovanelli et al. 2008, Phillips & 

Dudik 2008   

Redes Neurais Artificiais (ANN) 
Hilbert & Ostendorf 2001, Dedecker 

et al. 2004  

Máquinas de Vetores de Suporte 

(SVM)  

Aprendizagem 

de Máquina 

Guo et al. 2005, Drake et al. 2006  
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Continuação da Tabela 3. 

 

 

 

 

 

AquaMaps Ready et al. 2010 

BIOCLIM Beaumont et al. 2005, 2007 

Surface Range Envelope (SRE) 

Envelope 

Ambiental 
Beaumont & Hughes 2002 

   

DOMAIN Carpenter et al. 1993 

Mahalanobis 

Distância 

Ambiental  
Farber & Kadmon 2003, 

Rotenberry et al. 2006 

   

Análise Discriminante Multivariada 

(MDA) 
Manel et al. 1999  

Árvore de Classificação (CTA) 

Classificação 
Vayssiéres et al. 2000, Thuiller et 

al. 2003  

   

Análise Fatorial de Nicho Ecológico 

(ENFA) 
Ordenação 

Cassinello et al. 2006, Acevedo et 

al. 2007 
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Tabela 4. Ambiente computacional ou programa, técnicas de modelagem e site do ambiente 

computacional ou programa.     

Ambiente 

computacional 

ou programa 

Técnica de modelagem Site 

Diva-Gis BIOCLIM e DOMAIN http://www.diva-gis.org 

BIOMOD GLM, GAM, CTA, ANN, 

MDA, MARS, GBM, RF e 

SRE 

http://r-forge.r-

project.org/projects/biomod 

OpenModeller AquaMaps, ANN, 

BIOCLIM,  Climate Space 

Model, Envelope Score, 

Algoritmos de Distância 

Ambiental, GARP, SVM, 

Maxent   

http://www.openmodeller.souceforge.ne

t 

MAXENT Maxent http://www.cs.princeton.edu/~schapire/

maxent 

BIOMAPPER ENFA http://www.unil.ch/biomapper 

ModEco BIOCLIM, DOMAIN, GLM, 

CTA, ANN, Maxent, SVM, 

naïve Bayes e rough sets  

http://gis.ucmerced.edu/ModEco 

DesktopGarp GARP http://www.nhm.ku.edu/desktopgarp 
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Em geral, as técnicas de modelagem são classificadas em dois grupos baseados nos 

tipos de dados utilizados: i) técnicas que empregam somente registros de presença, por 

exemplo, BIOCLIM e DOMAIN, e ii) técnicas que empregam registros de presença e 

ausência, por exemplo, GLM e GAM. Entretanto, algumas técnicas de modelagem utilizam 

registros de presença e pontos escolhidos aleatoriamente na região de estudo, conhecidos 

como pseudo-ausências, para construir os modelos, embora estas técnicas ainda sejam 

classificadas como técnicas que empregam somente registros de presença porque não há 

emprego real de registros de ausência na criação do modelo (por exemplo, GARP e MAXENT 

(Tsoar et al. 2007).  

Desta forma, estudos têm comparado o desempenho de diferentes técnicas de 

modelagem para tentar encontrar técnicas estatisticamente mais robustas (Segurado & Araújo 

2004, Elith et al. 2006, Leathwick et al. 2006, Tsoar et al. 2007) e estudos que comparam e 

discutem os resultados dos mapas de distribuição potencial de determinada espécie(s) criados 

por diferentes técnicas de modelagem (Nabout et al. 2009, Colombo & Joly 2010, Wang et al. 

2010). No entanto, é difícil chegar num consenso sobre a técnica de modelagem mais robusta. 

Assim, para reduzir as incertezas das previsões, Araújo & New (2007) sugerem combinar as 

previsões dos modelos individuais criados por cada uma das técnicas de modelagem de forma 

a produzir um conjunto de previsões.  

Existem várias métricas que podem ser utilizadas para sintetizar um conjunto de 

previsões (Araújo & New 2007). No caso de estudos envolvendo modelos de distribuição de 

espécies, os métodos de consenso são os mais aplicados (Marmion et al. 2009). Os métodos 

de consenso vão de simples funções aritméticas, tais como média e mediana (Araújo & New 
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2007, Marmion et al. 2009), a métodos que possuem um algoritmo pré-seletivo, tais como 

média ponderada e Análise de Componentes Principais (Thuiller 2004, Marmion et al. 2009). 

Marmion et al. (2009) compararam o desempenho de cinco métodos de consenso mais 

aplicados em estudos de modelos de distribuição de espécies e constataram que os métodos de 

consenso média ponderada e média foram estatisticamente mais robustos que os outros 

métodos e modelos individuais que constituem o consenso. Além disso, o emprego de 

conjunto de previsões tem demonstrado previsões robustas em estudos de modelos de 

distribuição de espécies (Coetzee et al. 2009, Roura-Pascual et al. 2009, Diniz-Filho et al. 

2010, Marini et al. 2010, Ogawa-Onishi et al. 2010, Stohlgren et al. 2010).        

 

1.1.3. Aplicações dos Modelos de Distribuição de Espécies 

Os modelos de distribuição de espécies têm sido aplicados em inúmeras questões 

ecológicas (ver Guisan & Thuiller 2005). Por exemplo, modelos têm sido aplicados para: i) 

auxiliar na determinação de áreas prioritárias para conservação (Chen & Peterson 2002, 

Ortega-Huerta & Peterson 2004, Garcia 2006, Marini et al. 2009), ii) conservação de espécies 

endêmicas, raras e ameaçadas (Guisan et al. 2006, de Siqueira et al. 2009, Carvalho et al. 

2010, Lomba et al. 2010), iii) prever a distribuição potencial de espécies invasoras (Peterson 

et al. 2003, Giovanelli et al. 2008, Thuiller et al. 2005, Stohlgren et al. 2010) e iv) 

compreender o impacto das mudanças climáticas globais na distribuição de espécies 

(Bakkenes et al. 2002, de Siqueira & Peterson 2003, Araújo  et al. 2006, Ogawa-Onishi et al. 

2010).  
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1.1.3.1. Modelos de Distribuição de Espécies Invasoras e Mudança de Nicho 

No contexto de espécies invasoras, os modelos de distribuição de espécies podem ser 

criados com os registros de ocorrência e preditores ambientais da região nativa da espécie. 

Posteriormente, o modelo criado é projetado fora de sua região nativa para identificar regiões 

que apresentem características ambientais adequadas ao estabelecimento dessa espécie 

(Peterson & Vieglais 2001, Peterson 2003) (Figura 2), assumindo que o nicho se conserva no 

espaço e tempo (Pearman et al. 2008). Modelos de distribuição de espécies também podem ser 

criados usando registros de ocorrência e preditores ambientais da região invadida pela espécie, 

assumindo que a espécie está em equilíbrio com o meio ambiente (Wilson et al. 2007). 

Posteriormente, o modelo criado é projetado fora de sua região invadida para identificar 

regiões que apresentem características ambientais adequadas ao estabelecimento dessa espécie 

(Figura 3). Sendo assim, modelos têm sido criados tanto com dados da região nativa da 

espécie (Peterson et al. 2003, Fonseca et al. 2006, Ficetola et al. 2007, Giovanelli et al. 2008), 

como com dados da região invadida pela espécie (Mau-Crimmins et al. 2006, Estrada-Peña et 

al. 2007, Oliveira et al. 2010). 
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Figura 2. Esquema ilustrando o processo de criação de um modelo de distribuição de espécies 

usando dados da região nativa da espécie e posterior projeção em uma nova região indicando 

áreas potenciais para o seu estabelecimento  

 

Figura 3. Esquema ilustrando o processo de criação de um modelo de distribuição de espécies 

usando dados da região invadida pela espécie e posterior projeção em uma nova região 

indicando áreas potenciais para o seu estabelecimento 
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Entretanto, caso o processo de invasão não esteja totalmente completo, os modelos 

criados com dados da área invadida pela espécie provavelmente não serão robustos para 

predizer sua distribuição potencial (Broennimann & Guisan 2008). Além disso, alguns 

modelos criados com registros de ocorrência e mapas temáticos da área nativa da espécie 

quando projetados fora de sua região nativa para identificar regiões que apresentem 

características ambientais adequadas ao estabelecimento da espécie foram capazes de predizer 

somente a região de introdução, mas não a região total invadida pela espécie (Broennimann et 

al. 2007, Estrada-Peña et al. 2007). Isto leva à hipótese de que espécies podem alterar o seu 

nicho ambiental durante o processo de invasão. Broennimann et al. (2007), por exemplo, 

usando dados da área nativa (Europa) de uma gramínea invasora (Centaurea maculosa Lam.) 

na América do Norte, mostraram que o modelo criado foi capaz de predizer corretamente a 

região de introdução nos Estados Unidos, mas não a região total de invasão. Neste sentido, 

estudos têm sugerido como alternativa o uso de dados de ambas as regiões nativa e invadida 

para criar os modelos de distribuição de espécies invasoras (Mau-Crimmins et al. 2006, 

Broennimann & Guisan 2008, Beaumont et al. 2009a) (Figura 4), pois podem ser mais 

representativos para identificar regiões onde a espécie pode se dispersar (Mau-Crimmins et al. 

2006). Além disso, análises adicionais têm sido empregadas, tais como medidas de 

sobreposição de nicho e/ou análises estatísticas multivariadas, para avaliar a hipótese de que 

espécies podem alterar o seu nicho ambiental durante o processo de invasão (Broennimann et 

al. 2007, Beaumont et al. 2009a, Mata et al. 2010).         
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Figura 4. Esquema ilustrando o processo de criação de um modelo de distribuição de espécies 

usando dados da região nativa e invadida pela espécie e posterior projeção em uma nova 

região indicando áreas potenciais para o seu estabelecimento 

 

1.1.3.2. Modelos de Distribuição de Espécies Invasoras frente às Mudanças Climáticas 

Globais 

No contexto de mudanças climáticas globais, os modelos de distribuição de espécies 

são criados com registros de ocorrência de espécies e preditores climáticos atuais. 

Posteriormente, o modelo criado é projetado no mesmo espaço geográfico ou em um novo 

espaço sob cenário de clima futuro para predizer a distribuição potencial futura da espécie 

(Pearson & Dawson 2003, Thuiller 2004). Neste sentido, modelos de distribuição de espécies 
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têm sido aplicados para predizer o impacto das mudanças climáticas sobre a distribuição 

potencial de espécies invasoras, tais como plantas (Beaumont et al. 2009b, Bradley 2009, 

Parker-Allie et al. 2009), insetos (Roura-Pascual et al. 2004) e anfíbios e répteis (Rödder et al. 

2008, Rödder et al. 2009). Os modelos criados têm demonstrado que a distribuição potencial 

de determinadas espécies invasoras pode diminuir (Bradley 2009, Bradley et al. 2009) ou 

aumentar (Kriticos et al. 2003, Bradley et al. 2010) frente às mudanças climáticas. 

 

1.1.4. Uso dos Mapas de Modelos de Distribuição de Espécies Invasoras em Ações de 

Prevenção e Restauração 

Invasões biológicas e mudanças climáticas representam sérias ameaças à 

biodiversidade mundial (Sala et al. 2000, Thomas et al. 2004). A distribuição potencial de 

espécies invasoras predita por modelos de distribuição de espécies podem servir de base para 

medidas pró-ativas. Por exemplo, os casos preditos de invasão/dispersão potencial após 

estabelecimento da espécie dentro da região invadida e expansão potencial da espécie invasora 

frente às mudanças climáticas podem ser usados como base para medidas de prevenções 

atuais e futuras (Arriaga et al. 2004, Lee et al. 2008, Bradley et al. 2010), uma vez que 

medidas de controle e erradicação são muitas vezes ineficazes e com custos elevados 

(Simberloff 2003, Hulme 2006). Por outro lado, a contração da distribuição potencial de 

espécies invasoras frente às mudanças climáticas pode criar oportunidades de restauração 

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

Essa tese investiga as tendências sobre o uso de modelos de distribuição de espécies 

para predizer a distribuição potencial de espécies invasoras e aplica estes modelos para 

predizer a distribuição potencial de gramíneas invasoras Africanas nas Américas. Para isso, o 

presente estudo foi estruturado em três artigos. O primeiro artigo busca identificar as 

principais tendências e lacunas de estudos sobre o uso de modelos de distribuição de espécies 

para predizer a distribuição potencial de espécies invasoras através de uma análise 

cienciométrica. O segundo artigo aplica modelos de distribuição de espécies para predizer a 

distribuição potencial da gramínea Africana Eragrostis plana Nees na América do Sul. Para 

esse estudo, o algoritmo GARP foi utilizado como técnica de modelagem e foram criados dois 

modelos: um utilizando dados da região nativa da espécie (África do Sul) e outro com dados 

da região nativa e invadida (regiões da Argentina, Brasil e Uruguai). Posteriormente, cada 

modelo foi projetado na América do Sul para identificar regiões favoráveis ao estabelecimento 

de E. plana e verificar se os registros de ocorrência da espécie encontram-se dentro das 

regiões preditas com alta probabilidade pelos modelos. Além disso, a hipótese de que espécies 

podem alterar o seu nicho climático durante o processo de invasão foi verificado para E. plana 

através de análises estatísticas multivariadas. O terceiro artigo aplica modelos de distribuição 

de espécies para predizer o impacto das mudanças climáticas globais sobre a distribuição de 

cinco gramíneas invasoras Africanas nas Américas. Foram utilizadas diversas técnicas de 

modelagem disponíveis no ambiente computacional BIOMOD foram utilizadas, seguidas de 

conjunto de previsões para predizer a distribuição potencial das cinco gramíneas invasoras 

Africanas nas Américas frente às mudanças climáticas globais.  
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A primeira seção, Introdução Geral, de uma maneira geral, definiu e abordou modelos 

de distribuição de espécies, assim como suas aplicações, incluindo espécies invasoras. Da 

segunda a quarta seção (capítulos) encontram-se os três artigos. Os artigos I e II seguem a 

formatação de citação e referências bibliográficas do período Biological Invasions. O artigo II 

segue a formatação de citação e referências bibliográficas do período Global Change Biology. 

Finalmente, a última seção, Considerações Finais, agrupa as principais conclusões desses 

artigos.     
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Predicting biological invasions using species-distribution models: a scientometric 

analysis1,2 

Abstract  

We conducted a scientometric analysis to determine the main trends and gaps of studies about 

the use of ecological niche models (ENMs) to predict the distribution of invasive species. We 

used the database of the Thomson Institute for Scientific Information (ISI). We found 190 

papers published between 1991 and 2010 in 82 journals. The number of papers was low in the 

1990s, but began to increase after 2003. One-third of the papers were published by researchers 

from the United States of America, and consequently, the USA were also the most studied 

region. The majority of studies were carried out in terrestrial environments, while only a few 

investigated aquatic systems, probably because important aquatic predictor variables are 

scarce or unavailable for most regions in the world. Species-occurrence records were mainly 

composed of presence-only records, and almost 70% of the studies were carried out with 

plants and insects.  Twenty-three different distribution modeling methods were used. The 

Genetic Algorithm for Rule-set Production (GARP) was used most often. Our scientometric 

analysis showed a growing interest in the use of ENMs to predict the distribution of invasive 

species, especially in the last decade, which is probably related to the increase in species 

introductions worldwide. Among some important gaps that need to be filled, the relatively 

small number of studies conducted in developing countries and in aquatic environments 

deserves careful attention. 

 

                                                           
1 Com colaboração de Fabiana Schneck & Adriano Sanches Melo 
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Introduction 

The intensification of global trade is continuously increasing the number of exotic species 

(also known as non-native species or non-indigenous species) introduced intentionally or 

accidentally to a new area (Westphal et al., 2008). The majority of the species do not succeed 

in establishing in the areas where they were introduced (Mack et al., 2000), but once 

established, they may spread and cause ecological and/or economic problems (Pimentel et al., 

2005), becoming invasive species (Mack et al., 2000).  

Biological invasions are causing dramatic changes in global biodiversity, often leading 

to a decline and/or extinction of native species (Mack et al., 2000; Pimentel et al., 2005). The 

development and use of preventive measures to deal with invasive species are thus a priority 

in biodiversity conservation (Hulme, 2006). Preventive measures are more cost-effective than 

control and/or eradication measures (Leung et al., 2002). In this context, Ecological Niche 

Models (ENMs), also known as Bioclimatic Models, Climate Envelopes, Habitat Models, 

Species Distribution Models, Range Maps, and Resource Selection Functions (Elith and 

Leathwich, 2009), have been applied to predict the potential distribution of exotic species 

(Jiménez-Valverde et al., 2011). ENMs are fitted to data from a species’ native area and are 

then used to identify suitable areas for the establishment of the invasive species in a new 

region (Peterson and Vieglais, 2001). Models can also be built using data from the native and 

invaded areas to predict the potential distribution of invasive species (Broennimann and 

Guisan, 2008). The models are constructed using a variety of modeling methods and combine 

species-occurrence records (geographical coordinates of the occurrence records) with a set of 

predictor variables (e.g., climate, land use type, and salinity). Models are used to predict 



 
 

39 

suitable habitats in which species are able to maintain a population in order to persist through 

time (see Guisan and Thuiller, 2005 and Mateo et al., 2011 for reviews). Modeling methods 

are classified into two groups based on the type of occurrence-records input used to create the 

models: i) methods that use presence-only records (e.g., BIOCLIM and DOMAIN), and ii) 

methods that use presence and absence records (e.g., logistic regression and generalized 

additive model (GAM)) (Tsoar et al., 2007). Some methods use pseudo-absence data (see 

Engler et al., 2004 to a definition of pseudo-absence data and ways to generate these data) for 

model construction (e.g., Genetic Algorithm for Rule-set Production (GARP) and Maximum 

Entropy (MAXENT)), but these are still classified as methods that use presence-only records 

because there is no real use of absence records in the construction of the model (Tsoar et al., 

2007).  

Scientometric studies use quantitative analyses to identify irregularities, patterns, or 

trends that may exist in publications of a given field of scientific research (e.g. Melo et al., 

2006). For instance, in the case of biological invasions, two scientometric studies found a 

growing academic interest in invasion ecology in recent decades (Pysek et al., 2006; Qiu and 

Chen, 2009). In the area of ENMs, Cayuela et al. (2009) used publications from the period 

1995-2007 to perform a scientometric study on the applications of ENMs to support 

conservation planning in tropical areas.  

We conducted a scientometric study focused on the use of ecological niche models to 

predict the distribution of invasive species. We analyzed papers published in peer-reviewed 

scientific journals from 1991 to 2010. Our main questions were: i) Is the number of papers on 

the use of ENMs to predict the distribution of invasive species increasing? ii) Is there a 
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temporal trend in the quality or visibility (Scarano et al., 2009) of the journals, measured by 

their impact factor, in which these papers were published? iii) Which countries are the major 

publishers of papers using ENMs to predict the distribution of invasive species? iv) What are 

the main characteristics of the studies on this subject (predictor variables, methods, 

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

 

Material and Methods 

We used the database of the Thomson Institute for Scientific Information (ISI; 

www.isiknowledge.com) to search for papers. The analysis was based on papers published 

between 1991 and 2010 that contained in the title, abstract, or keywords the following 

combination of words: “invasion* and ecological niche model* or bioclimatic model* or 

ecological niche model* or climate envelope* or habitat model* or species distribution 

model* or resource selection function* or range map*”. We collected the data from the 

Thomson ISI in April 2011. 

We analyzed each paper according to (i) year of publication, (ii) journal of publication 

and impact factor of each journal, (iii) number of citations, (iv) first author’s country, (v) 

region covered by the study, (vi) type of species-occurrence records (presence-only, or 

presence and absence), (vii) biological groups (algae, amphibians, birds, fish, fungi, insects, 

mammals, other invertebrates, plants, and reptiles), (viii) type of predictor variables (aquatic, 

climatic, human, land cover, land use, soil properties, topographic, and vegetation), (ix) 

spatial scale of the study (global, continental, national, regional, and local), (x) environment 

covered by the study (aquatic or terrestrial), and (xi) methods used to generate the models in 
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each study. We also obtained the journal impact factors from the Journal Citation Reports 

(JCR) published in the year of publication of each paper (JCR 1990-2009). We used the 

scheme presented by Pearson and Dawson (2003) to assign the environmental predictors to 

different spatial scales of study. 

We used a regression tree to identify possible trends over time in the number of papers 

on the use of ENMs to predict the distribution of invasive species. This method partitions the 

predictor variable in segments that are composed by similar values of the response variable. 

Each segment is then partitioned again and the partition process continues until the number of 

observations is considered small (De’Ath and Fabricius, 2000; see Melo et al., 2006 for a 

similar use of this method). We used the relative contribution (x1000) of papers in relation to 

the total number of papers published in a given year in all journals in the ISI database. We 

conducted the analysis using the package rpart (Therneau and Atkinson, 2010) in the R 

environment (R Development Core Team, 2010).  

To test if the impact factor of the journals in which the papers were published 

increased through the years, we standardized the journal impact factor in a given year to the 

maximum impact factor for a journal in the field of ecology in the same year. We initially 

conducted a linear regression. However, because of the triangular arrangement of the data in 

the scatter diagram, we conducted a permutation test to evaluate whether this pattern could be 

generated by chance (Bardsley et al., 1999). The test evaluated simultaneously whether the 

mean and the variation of the impact factors increased in recent years. We used the software 

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

A total of 190 papers related to the use of ENMs to predict the distribution of invasive species 

were published between 1991 and 2010. From 1991 to 1999, few papers were published, and 

in several years no paper appeared on this subject. The regression tree analysis partitioned the 

predictor variable (i.e, year of publication) in two segments, before and after 2003.5. The 

segment from 1991 to 2003 corresponds to the period with a low and relatively constant 

proportion of papers on EMS to predict the distribution of invasive species. The second 

segment (2004 to 2010) reflects the period with a trend of increase in the percentage of papers 

published (Figure 1). 

 

 

 

 

 

 

 

 

 

 



 
 

43 

19
91

19
92

19
93

19
94

19
95

19
96

19
97

19
98

19
99

20
00

20
01

20
02

20
03

20
04

20
05

20
06

20
07

20
08

20
09

20
10

0.000

0.005

0.010

0.015

0.020
P

ro
po

rt
io

n 
of

 p
ap

ae
rs

 (
x1

00
0)

Year
 

Figure 1. Proportion of papers (x1000) on the use of ecological niche models to predict the 

distribution invasive species in relation to the total number of papers published from 1991 to 

2010, indexed by the Institute for Scientific Information (ISI). The dashed line indicates the 

year (2003.5) in which the regression tree partitioned the data in two segments.  
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The studies were published in 82 journals, although 55 of them contained only one 

paper and 10 contained only two papers. The 16 journals that published more than two papers 

on the distribution of invasive species using ENMs accounted for 60% (114 papers) of the 

total number of papers (Figure 2a). The journal Diversity and Distributions published 21 

papers, followed by Biological Invasions (17 papers) and Weed Research (9 papers). The 

mean and the variation of the impact factors of the journals that published papers which used 

ENMs to predict the distribution of invasive species increased through the years (test for 

triangular arrangement of data, P = 0.040; Figure 2b).  
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Figure 2. Journals that published more than two papers on ecological niche models to predict 

the distribution invasive species indexed by the ISI from 1991 to 2010 (a) and temporal 

variation in the standardized impact factor (journal impact factor in a given year divided by 

the maximum impact factor for a journal in the field of ecology in the same year; JCR 1990-

2009) of the journals (b).  



 
 

46 

Many papers received only 1-5 citations (62 of 190 papers), while 13 papers were 

never cited (Figure 3a). The most cited article was by Peterson and Vieglais (2001), which 

received 242 citations. Other heavily cited papers were by Peterson (2003), by Thuiller et al. 

(2005) and by Broennimann et al. (2007), which received 222, 158 and 112 citations, 

respectively. The papers by Kearney and Porter (2009), Broennimann et al. (2007), and 

Peterson (2003) figured among the most cited after we standardized the number of citations by 

the year of publication (i.e., divided the number of citations by the number of years since their 

publication) (Figure 3b). 
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Figure 3. Number of papers in relation to the number of citations received (a) and temporal 

variation in the standardized (number of citations divided by the number of years since the 

paper was published) number of citations received by each paper (b). Numbers in (b) are: 

1=Peterson and Vieglais (2001); 2=Peterson (2003); 3=Thuiller et al. (2005); 4=Broennimann 

et al. (2007); 5=Pearman et al. (2008); 6=Elith and Leathwick (2009); 7=Kearney and Porter 

(2009)   
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Researchers from 23 countries published papers on ENMs to predict the distribution of 

invasive species (Figure 4a). Sixty-four papers were published by researchers from the United 

States of America, followed by Australia (21 papers), New Zealand (14 papers), Canada, 

Spain, and South Africa (11 papers, each). Following the same trend, the region most studied 

was the United States of America (36 papers). Global studies (32 papers) and North America 

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

niche models to predict the distribution of invasive species 
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Species-occurrence records (n = 178 papers) were composed mainly of presence-only 

records (85.40%), while records on presence and absence were used in only 14.60% of the 

articles. Almost half of the studies were carried out with plants (85 of 181 papers). Insects 

were the second most investigated biological group (29 papers), followed by other 

invertebrates (15 papers), amphibians (11 papers), fish and reptiles (10 papers, each), birds (8 

papers), fungi (6 papers), mammals (5 papers), and algae (2 papers). 

We identified eight types of predictor variables used to construct the ENMs to predict 

the distribution of invasive species. Climatic variables – such as temperature and precipitation 

- were used in 55.18% of the articles, followed by topographic variables (22.22%). Land cover 

(4.44%), land use and vegetation (4.07%, each), aquatic - such as salinity and dissolved 

oxygen - (3.70%), soil properties (2.96%), and human - such as human populations and 

footprints - (2.22%) were the other types of variables used. The climatic variables were most 

often used in the global and regional scales (above 50%), while in the national to local scales 

other environmental predictors were used (Table 1). Additionally, 81.66% of the studies (147 

of 180) were carried out in terrestrial environments, while only 18.34% of the studies 

investigated aquatic systems. Most studies in freshwater environments used only terrestrial 

predictor variables (16 of 32 papers) rather than using aquatic variables (12 papers) or both 

types of variables (4 papers). In contrast, studies in marine or estuarine environments used 

only aquatic variables or both types of variables (4 papers) to generate ecological niche 

models of invasive species.   
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Table 1. Percentage of each predictor used in ENMs to predict the distribution of invasive 

species within different spatial scales 

 Spatial scale 

Type of predictor Global Continental National Regional 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 180 papers of the 190 papers we 

analyzed (Figure 5). The Genetic Algorithm for Rule-set Production (GARP) method was the 

most used, appearing in 59 papers, followed by the CLIMEX (33 papers), the Maximum 

Entropy (MAXENT) (30 papers), and the logistic regression (LR; 23 papers) methods.  
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Figure 5. Number of studies carried out with different methods used to generate ecological 

niche models to predict the distribution invasive species. GARP = genetic algorithm for rule-

set production; MAXENT = maximum entropy; LR = logistic regression; GAM = generalized 

additive models; GLM = generalized linear models; CART = classification and regression tree 

models; ANN = artificial neural networks; ENFA = ecological niche factor analysis; BRT = 

boosted regression trees; GBM = generalized boosted models; RF = random forest; MDA = 

mixture discriminant analysis; ClimEnv = climatic envelope; SRE = surface range envelope; 

MARS = multivariate adaptive regression splines; FuzzyEnv = fuzzy envelope; SVM = 

support vector machines; ED = environmental distance  

 
 
 

Discussion 

Our results showed an increase in the number of publications on ENMs over time, which is 

probably related to the increasing interest in invasive species in recent decades (Pysek et al., 

2006). In parallel to the increasing interest in biological invasions, the application of ENMs in 



 
 

52 

different areas of ecology has been widely used (Guisan and Thuiller, 2005), contributing to 

the growth of studies on ENMs to predict the distribution of invasive species in the last 

decade.    

Although most of the papers were published in only a few journals, the majority of 

these journals have high impact factors and are among the main journals in the subject 

categories of Ecology and Biodiversity Conservation. Further, the growing interest of ENMs 

to predict the distribution of invasive species is also apparent in the increases of journals’ 

impact factors, including journals with high impact factors in more recent years.  

Citation frequency is also a criterion to quantify the impact and quality of a paper, 

although controversial (see Leimu and Koricheva, 2005 and Padial et al., 2010 for 

discussions). According to Garfield (2006), most published papers are never cited or cited 

only a few times. However, our results do not support clearly this suggested pattern since 60% 

of the papers were cited more than 5 times. Among the most cited articles, the one by Peterson 

and Vieglais (2001) explores the applicability of new bioinformatic tools (GARP) to predict 

species invasions, and was published in the beginning of the last decade when interest in 

ENMs to predict the distribution of invasive species began to increase. The other papers that 

were highly cited are a review (Peterson, 2003) and articles that tested new approaches and 

new tools to predict invasions (Thuiller et al., 2005; Broennimann et al., 2007). For instance, 

Peterson and Vieglais (2001) and Peterson (2003) created ENMs using data of the native 

region of the species, and thus assumed niche conservation across space and time. On the 

other hand, Broennimann et al. (2007) demonstrated through ENMs and additional analyses 

that a species may alter its niche during the invasion process. This means that some models 
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created with data of the native region of the species may not predict the total region of 

invasion. Therefore greater attention is needed in interpretation of model predictions. The 

paper by Thuiller et al. (2005) is a broad study that builds multispecies projections to examine 

global risks of species invasions, in contrast to previous studies that focused on creating 

models for one specific species.  

The United States of America was the country that showed the largest number of first 

authors and concentrated most of the studies. The position of the United States of America 

reflects its high investment in infrastructure and research (Fazey et al., 2005), providing basic 

data for the development of studies on ENMs to predict high-risk areas for invasions. This 

may allow researchers and governments to focus on prevention rather than eradication or 

control strategies. Similarly, in a recent bibliometric study, Qiu and Chen (2009) showed that 

research on biological invasions is mostly conducted in developed countries, following the 

general pattern noted by Pysek et al. (2008). Also interesting is the strong contribution of 

Australia and New Zealand, which figured out among the countries with the largest number of 

authorships and studies. This is likely due to the problems caused by invasive species 

(specially vertebrates and plants) to the remarkable and endemic biota of the pacific islands, 

including Australia and New Zealand. For instance, invasive vertebrates contributed to the 

extinction of many mammals and birds in both countries (Kingsford et al., 2009). The low 

representation of developing countries in studies on this subject may have several 

explanations, such as fewer resources for scientific studies and scarcity of data on exotic 

species (see Nuñez and Pauchard, 2010 for more explanations).     
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Species-occurrence records serve as the primary data for ENMs (Mateo et al., 2011), 

and the large number of studies composed by presence-only records may be attributed to the 

fact that presence records are easier to obtain and more reliable, since they typically derive 

from herbarium specimens, museum collections, and field observations by experts (Mateo et 

al., 2011). In contrast, absence records are rarely available, since species absence is more 

difficult to confirm, and often a recorded absence is actually nothing more than an undetected 

presence (Elith and Leathwick, 2009). Additionally, recent advances in biodiversity 

informatics and the development of extensive databases on biodiversity available via the 

Internet (Mateo et al., 2011) have facilitated the acquisition of presence-only records to 

generate ENMs. The implications in using presence-only records or presence and absence to 

create ENMs was discussed by Mateo et al. (2011).  

Plants and insects were the biological groups most often used for predict the 

distribution of invasive species. Invasive insects and plants can cause severe economic 

problems in cropland production systems, urban environments, or natural environments 

(Pimentel et al., 2005) and, according to Pysek et al. (2008), it is the impact of the invasive 

species that determines whether or not it is studied. For instance, Pimentel et al. (2005) 

estimated that about 30% of the US$ 120 billion annually spent for invasive species in USA is 

directed to invasive plants. Despite the larger amount of studies on invasive plants than on 

invasive animals (Pysek et al., 2008; Qiu and Chen, 2009; our results), invasive insects have a 

prominent place in the list of invasive exotic fauna worldwide (Kenis et al., 2009), and this 

will probably lead to increasing interest in ENMs to predict the distribution of invasive 

species during the coming years.  
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We found that climatic variables are the type of predictor most used. The applicability 

of predictor variables is influenced by the spatial scale in the modelling process: at global, 

continental and national scales the climate appears to be the dominant factor determining 

species distributions, while at regional to local scales topography and land use become more 

important (Pearson and Dawson, 2003). This pattern is probably related to the fact that small 

spatial scales are associated with fine data resolutions, while large scales are associated with 

coarse data resolutions (see Pearson and Dawson, 2003 and Mateo et al., 2011 for more 

explanations). Our results showed that the spatial scale was also the determining factor in the 

choice of environmental predictors used to create the ENMs.   

Most of the studies on ENMs to predict the distribution of invasive species were 

developed in terrestrial environments, whereas studies in aquatic environments are few. For 

many years, the attention of governments and scientists was focused on terrestrial invasive 

species (Pysek et al., 2008). Therefore, the large number of studies on ENMs conducted in the 

terrestrial environments is due to greater availability of information on these organisms (e.g., 

species occurrence records). Additionally, Puth and Post (2005) conducted a scientometric 

study on the invasion process using publications of the periods 1995-2005 and found more 

studies in terrestrial environments than aquatic environments at all stages of the invasion 

process. Ecological niche models in aquatic environments are limited because the most 

important predictor variables to determine the presence of a species (e.g., water temperature, 

salinity, and dissolved oxygen) are scarce or unavailable for most regions in the world (Ready 

et al., 2010). In freshwater environments, the aquatic variables are usually restricted to few 

sampling points (e.g., water monitoring stations), hindering the creation of ENMs (McNyset, 
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2005; Oliveira et al., 2010). Therefore, many studies in freshwater environments have used 

terrestrial predictor variables to generate ENMs (McNyset, 2005). However, it is worth noting 

that the use of terrestrial predictor variables can produce robust models (eg., Hopkins, 2009; 

Kumar et al., 2009). In marine environments, the ENMs have been generated using marine 

predictor variables, because of the availability of several global databases (e.g., Integrating 

Multiple Demands on Coastal Zones with Emphasis on Aquatic Ecosystems and Fisheries – 

Incofish; NOAA World Ocean Database). Moreover, in aquatic environments, species-

occurrence records are scarce, and so far, only a fraction of aquatic invaders are known 

(Ready et al., 2010).  

GARP, CLIMEX, MAXENT, and logistic regression were the methods most used to 

predict the distribution of invasive species (see Elith et al., 2006 to explanations on 

advantages and problems of each method). compared with other In this case, wide availability 

may be an important factor, because the three methods most used are software packages of 

easy accessibility and use, when methods that require specialized knowledge. Moreover, 

GARP, CLIMEX, and MAXENT are methods that use presence-only records as the primary 

data to create ENMs, and therefore their use is favored by the greater availability of presence 

records than of absence records. Comparative analyses of the statistical performance of GARP 

and MAXENT are available (Kumar et al., 2009; Colombo and Joly, 2010; Oliveira et al., 

2010; Terribile et al., 2010). The CLIMEX method has been mainly applied to evaluate the 

invasion potential of exotic organisms (Kriticos et al., 2003). The logistic regression is also 

frequently used in ecological niche models, although it belongs to the group of presence-

absence methods (Guisan and Thuiller, 2005).   
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Our scientometric analysis showed a growing interest and popularity in the use of 

ENMs to predict the distribution of invasive species, especially in the last decade. However, 

some important gaps need to be filled, such as the relatively small numbers of studies 

conducted in developing countries and in aquatic environments. The lack of studies on these 

two issues cannot be scientifically justified, since many developing countries harbor the 

highest biodiversity in the world (Nuñez and Pauchard, 2010), and invading species are a 

major concern in biodiversity conservation. Detailed data on invasive species distribution are 

usually not available in developing countries or its availability is limited and little disclosure 

(Rodríguez, 2001), forming a gap in the construction of predictive models for invasive species 

in these regions. However, it is worth noting that the few papers on ENMs to predict the 

distribution of invasive species carried out in developing countries found in the present study 

does not necessarily represent a total lack of studies, but may be related to the fact that such 

studies are only available in other small or regional databases. Moreover, aquatic 

environments are more vulnerable to invasive species than terrestrial environments (Ready et 

al., 2010). Ecological niche models can be used for strengthening the development and use of 

preventive measures to deal with invasive species. Therefore, basic information, records of 

occurrence of invasive species and predictor variables, are urgently needed to that researchers 

can devote more effort to studies of ENMs to predict the distribution of invasive species, both 

in developing countries and in all types of ecosystems.   
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Predicting the current distribution and potential spread of the exotic grass Eragrostis 

plana Nees in South America and identifying a bioclimatic niche shift during invasion3,4 

 

Abstract 

Eragrostis plana is a perennial grass introduced from South Africa to the state of Rio Grande 

do Sul in southern Brazil. Currently it is considered an invasive grass in several regions of the 

world, including South America, where it has caused negative ecological and socio-economic 

impacts. Species distribution models, using bioclimatic variables, are often used to predict the 

potential distribution of invasive species. In this study we prepared two species distribution 

models for E. plana using the Genetic Algorithm for Rule-set Production (GARP), the first 

based on data from its native region (South Africa) and the second on data from both the 

native and invaded (South America) regions. We then projected each model onto South 

America to identify regions vulnerable to invasion by the species, and compared our results 

with available records of the species in South America. Finally, we explored the model’s 

predictions for the existence of a bioclimatic niche shift during the invasion process of E. 

plana in South America, using multivariate statistical analysis. The model created with native 

distribution data was only to predict (with high probability) the region of introduction of E. 

plana in South America. However, the current distribution, as well as the region of 

introduction of the species, were reliably predicted by the model created with data from both 

native and invaded regions. Our multivariate analysis supports a hypothesis of bioclimatic 

niche shift during the invasion process of E. plana in South America. 

 

                                                           
3 Com colaboração de Valério D. Pillar, Anthony Palmer & Adriano S. Melo 
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4 Capítulo submetido à publicação no periódico Austral Ecology em 15 de agosto de 2011  
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Introduction 

Biological invasions by exotic grasses are a threat to the maintenance of biodiversity 

(D’Antonio and Vitousek 1992; Pivello et al. 1999). They can negatively affect the native 

community structure (Brewer 2008; Hoffmann and Haridasan 2008; Yoshioka et al. 2010) and 

ecosystem properties and processes (Williams and Baruch 2000; Holly et al. 2009), as well as 

cause many negative impacts on human economic activities (Pimentel et al. 2001). 

Species of African grasses have been introduced accidentally or intentionally in 

different parts of the world (Filgueiras 1990; D’Antonio and Vitousek 1992; Pivello et al. 

1999; Williams and Baruch 2000). In many instances, these grasses spread successfully and 

displaced native plants (Pivello et al. 1999; Brewer 2008) and caused problems for native 

herbivores (Yoshioka et al. 2010). South America harbors several invasive grasses native to 

South Africa, including Digitaria decumbens Stent., Eragrostis ciliaris (L.) R. Brown, 

Eragrostis plana Nees, Hyparrhenia rufa (Nees) Stapf., Panicum coloratum L., Panicum 

maximum Jacq., and Rhynchelytrum repens (Willd.) C.E.Hubb. (Filgueiras 1990; Williams 

and Baruch 2000). 

Eragrostis plana, known as fan lovegrass (or capim-annoni in Brazil), is a perennial 

grass (Kissmann 1991; Bredenkamp et al. 1996) native to South Africa (Reis and Coelho 

2000; Medeiros et al. 2004). It was introduced into the state of Rio Grande do Sul in southern 

Brazil in 1957 (Reis and Coelho 2000), as a contaminant of forage seed (Chloris gayana 

Kunth and Eragrostis curvula Schrader) imported from South Africa (Ferreira et al. 2008a, b). 

In 1971, the species was identified as a high-potential forage species and was propagated and 
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marketed as seed in several regions of Rio Grande do Sul and other states of Brazil (Paraná, 

Mato Grosso and Santa Catarina States) (Medeiros et al. 2009). 

Eragrostis plana has low forage quality compared to native species that are abundant 

in natural grasslands in southern Brazil (Reis and Coelho 2000; Medeiros and Focht 2007; 

Medeiros et al 2009). In addition, the species has various undesirable effects of an invasive 

grass that confer a competitive advantage over local species, sometimes resulting in a 

monoculture (Reis and Coelho 2000), including rapid growth, a long reproductive phase (Reis 

and Coelho 2000; Lisboa et al. 2009), a potential allelopathic effect (Ferreira et al. 2008a), a 

persistent seed bank (Kissmann 1991; Ferreira et al. 2008b), and a high capacity to colonize 

native pastures, roadsides, and farmlands (Medeiros et al. 2004). In 1979, the sale of seeds and 

seedlings of the species was banned in Rio Grande do Sul by the Brazilian Ministry of 

Agriculture (Reis and Coelho 2000). The species is currently an invasive grass in several 

regions of Asia, India, South America, and the United States (Boechat and Longhi-Wagner 

2000; USDA 2009). Because of the ecological and socio-economic threat, as well as the 

difficulty of control or eradication once it has become established (Reis and Coelho 2000; 

Medeiros et al. 2009), it is important to explore 

the potential of E. plana to invade new areas. 

In recent years, studies have evaluated species distribution models (SDM) based on 

bioclimatic variables to predict the potential distribution of invasive plants (Peterson et al. 

2003; Thuiller et al. 2005; Broennimann et al. 2007; Broennimann and Guisan 2008). These 

models combine species presence and absence records and bioclimatic spatial response 

surfaces to create a predictive model of a species’ requirements for the predictors examined. 
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The resulting model is then projected onto a new geographical space, as a map of the potential 

distribution of the species (Peterson and Vieglais 2001; Peterson 2003).  

Models are usually created with occurrence records and bioclimatic predictors of the 

native region of a plant species, to predict its invasive potential (Peterson et al. 2003; Fonseca 

et al. 2006; Raimundo et al. 2007), assuming climatic niche conservation across space and 

time. However, some models created with occurrence records and bioclimatic predictors of 

the native region have been able to predict regions of introduction, but not the total region of 

invasion (Broennimann et al. 2007; Estrada-Peña et al. 2007), raising the possibility that a 

species may alter its climatic niche during the invasion process. Accordingly, studies have 

suggested that a better alternative for prediction of potential regions subject to species 

invasions is the use of occurrence records and bioclimatic predictors from both native and 

invaded regions to create species-distribution models (Welk 2004; Mau-Crimmins et al. 2006; 

Broennimann and Guisan 2008). Studies of species-distribution models have used additional 

analyses, such as measures of niche overlap and multivariate statistical analysis, to evaluate 

the hypothesis that a species may alter its climatic niche during the invasion process 

(Broennimann et al. 2007; Broennimann and Guisan 2008; Beaumont et al. 2009; Mata et al. 

2010). 

In the present study, we developed two species-distribution models based on 

bioclimatic predictors for Eragrostis plana. The first model included occurrence records 

(presence-absence) from its native region (South Africa), and the second included occurrence 

records (presence-absence) from its native region and presence records from invaded regions 

in South America. We projected each bioclimatic model onto South America to identify 
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regions vulnerable to invasion by the species, and compared our results with available records 

of this grass in South America. Further, we explored the possibility of a bioclimatic niche shift 

during the invasion process of Eragrostis plana in South America, using multivariate 

statistical analysis. 

 

Methods 

Occurrence records of Eragrostis plana and bioclimatic predictors 

We obtained 4816 georeferenced occurrence records of E. plana in its native range in South 

Africa. The dataset comprised 2780 presence and 2036 absence records (Fig. 1). Data from 

invaded regions in South America included 438 georeferenced presence records of the current 

distribution of E. plana. This dataset comprised 417 presence records from Brazil, 20 from 

Uruguay, and one from Argentina (Fig. 1). The occurrence records were obtained from field 

surveys in South Africa and Brazil and from databases maintained by the Global Biodiversity 

Information Facility – GBIF (http://www.gbif.org), Instituto Hórus 

(http://www.institutohorus.org.br), and South African Biodiversity Institute – SANBI 

(http://www.sanbi.org/). 

We initially considered 19 bioclimatic variables as possible predictors. These were: i) 

annual mean temperature, ii) mean temperature diurnal range (mean of the monthly difference 

of the maximum and minimum temperatures), iii) isothermality, iv) temperature seasonality, 

v) maximum temperature of the warmest month, vi) minimum temperature of the coldest 

month, vii) temperature annual range, viii) mean temperature of the wettest quarter, ix) mean 

temperature of the driest quarter, x) mean temperature of the warmest quarter, xi) mean 
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temperature of the coldest quarter, xii) annual precipitation, xiii) precipitation in the wettest 

month, xiv) precipitation in the driest month, xv) precipitation seasonality, xvi) precipitation 

in the wettest quarter, xvii) precipitation in the driest quarter, xviii) precipitation in the 

warmest quarter, and xix) precipitation in the coldest quarter. The bioclimatic data were 

obtained from the Worldclim database (Hijmans et al. 2005; available at 

http://www.worldclim.org) with a spatial resolution of 30 arc seconds (ca. 1 km2). 
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Fig. 1 Presence and absence records of Eragrostis plana in its native region of occurrence 

(South Africa) used to create species distribution models.  = presence records and ● = 

absence records 
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Pre-processing of bioclimatic predictors 

We employed regression tree analysis and Spearman correlations to reduce the original set of 

bioclimatic predictors to those predictors that provided the highest predictive power and that 

were not strongly correlated with each other. We evaluated the relationship between the 

occurrence records (presence and absence) of E. plana in South Africa and bioclimatic 

variables, using a regression tree (De'ath and Fabricius 2000). We selected eight bioclimatic 

variables included in the first nodes of the resulting tree model: i) temperature seasonality, ii) 

maximum temperature of the warmest month, iii) minimum temperature of the coldest month, 

iv) mean temperature of the wettest quarter, v) annual precipitation, vi) precipitation in the 

wettest month, vii) precipitation seasonality, and viii) precipitation in the wettest quarter. 

Additionally, Spearman correlations among these eight bioclimatic variables were employed 

to avoid strong colinearity among predictors. We excluded one of the variables in variable 

pairs that had a coefficient of correlation higher than 0.8. The reduced set of bioclimatic 

variables used to model the distribution of E. plana comprised: i) temperature seasonality, ii) 

minimum temperature of the coldest month, iii) mean temperature of the wettest quarter, iv) 

precipitation seasonality, and v) precipitation in the wettest quarter. 

The regression tree analysis was carried out using the package rpart (Therneau and 

Atkinson 2008) run under the R environment, version 2.7.2 (The R Development Core Team 

2008). We used the class method, appropriate for our binary response data (presence-absence 

records). 
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Species Distribution Models 

We used the Genetic Algorithm for Rule-set Production (GARP) (Stockwell and Noble 1992; 

Stockwell and Peters 1999) to create the two species-distribution models. The use of GARP to 

predict potential areas subjected to species invasions was discussed by Peterson and Vieglais 

(2001) and Peterson (2003). We used presence and absence records of E. plana in its native 

range (South Africa) and presence records in the invaded range (South America). For each 

dataset (native region or native plus non-native regions), we divided equally and randomly the 

occurrence records into training (to create the model) and testing (to evaluate the model) 

datasets (Fielding and Bell 1997; Anderson et al. 2003; Araújo et al. 2005). The species 

distribution modeling was conducted using the algorithm GARP with best subsets (Anderson 

et al. 2003) run under the openModeller Desktop version 1.0.8 

(http://openmodeller.sourceforge.net/) (Sutton et al. 2007). 

We used the area under the curve (AUC) of a receiver operating characteristic (ROC) 

to evaluate the predictive accuracy of fitted models (Fielding and Bell, 1997; Lobo et al. 

2008). The AUC, a criterion independent of a threshold (Lobo et al. 2008), ranges from 0.5 

(random accuracy) to a maximum value of 1.0 (perfect discrimination). The AUC values were 

interpreted using the classification of Pearce and Ferrier (2000): excellent AUC > 0.90; 

reasonable 0.70 < AUC < 0.90; and poor 0.50 < AUC < 0.70. 

We projected the fitted models onto South America using five classes of probability of 

occurrence. Additionally, we included in the resulting probability maps the currently known 

presence records in South America. These maps enabled us to evaluate whether the 
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predictions matched the actual occurrences, and to identify regions with a high probability of 

invasion. 

 

Bioclimatic niche shift 

We explored the similarity between presence records from native and invaded regions 

in terms of bioclimatic variables using Principal Components Analysis (PCA). Additionally, 

we tested the hypothesis of no difference in bioclimatic niches in the native and invaded 

regions, using a distance-based Multivariate Analysis of Variance (MANOVA) with 

randomization testing.  

The PCA was carried out using the package ade4 (Dray and Dufour 2007), run under 

the R environment, version 2.7.2 (The R Development Core Team 2008). The MANOVA was 

performed using the software MULTIV version 2.4 (Pillar 2006). We opted for the sum of 

squares between groups (Qb statistic according to Pillar 2006) as a criterion to assess whether 

the difference between groups was significant (Pillar and Orlóci 1996). This analysis was 

carried out using the Euclidean distance, obtained from bioclimatic variables of the presence 

records used in modeling, and the data were previously transformed by centering and 

normalization. The randomization test was run with 1000 iterations. 

 

Results 

The evaluation of the model within the native range of E. plana showed an AUC of 0.89 and 

0.88 for the training and the test data, respectively, suggesting reasonable predictive power of 

the model. The projection of the model fitted to the data from the native region onto South 
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America showed a high probability of occurrence in regions including the present distribution 

of E. plana in the region of Mesopotamia (Corrientes Province) in Argentina, southern and 

northeastern Brazil, and Uruguay (Fig. 2). The model also indicated high probabilities of 

occurrence in the lowlands along the Andes, Pampas region (Buenos Aires, Cordoba, and 

Santa Fe Province) in Argentina, Bolivia, and Paraguay, where no presence records are 

currently available. A few records from central-western Brazil were located in regions 

predicted by the model as having a low probability of occurrence (Fig. 2). 

The model built for the invaded range of E. plana in South America using data from 

both native and invaded regions showed an AUC of 0.92 and 0.91 for the training and the test 

data, respectively, suggesting excellent predictive power of the model. The projection of the 

model onto South America showed a high probability of occurrence of E. plana in all regions 

where it is currently recorded (the Mesopotamia region in northeastern Argentina, southern 

Brazil, and Uruguay), including the few records in central-western Brazil that were not 

predicted by the previous model (Fig. 3). The model also predicted a high probability of 

occurrence of E. plana in regions where it is currently known to be absent, such as in the state 

of Rondônia (Brazil), including parts of regions identified with the previous model (Fig. 3). 

Given the proximity to southern Brazil, where the species is widespread, these regions are 

likely to be invaded by the species in the future. In relation to the model fitted to the data from 

the native region alone, there was an increase in the region suitable for the spread of the 

species. In particular, many areas of savanna (Cerrado), in the center of South America, are 

now predicted to have a high probability of occurrence. The detached area of savanna north of 
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the Amazon Forest (the state of Roraima in Brazil, close to Venezuela) was also predicted to 

be suitable for E. plana. 
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Fig. 2 Probability map of the model fitted to the distribution data of Eragrostis plana in South 

Africa projected onto South America. Dots indicate presence records of the species 
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Fig. 3 Probability map of the model fitted to the distribution data of Eragrostis plana in South 

Africa and South America, projected onto South America. Dots indicate presence records of 

the species 



 
 

81 

The PCA indicated different bioclimatic conditions between the presence records in 

South Africa and in South America (Fig. 4). The MANOVA test rejected the hypothesis of no 

difference in the bioclimatic niches in South Africa and South America (p = 0.001). 

 

Fig. 4 Principal Components Analysis (PCA) of the bioclimatic conditions for the presence 

records of Eragrostis plana in its native (South Africa) and invaded (South America) regions. 

Black dots indicate records in the native bioclimatic niche, and gray dots indicate invaded 

bioclimatic niche 

 

Discussion 

The bioclimatic predictors and the GARP algorithm used to build the models performed very 

well in predicting the distribution of E. plana in South America. It is widely recognized that 

bioclimatic variables, particularly temperature and precipitation, play an important role in the 
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prediction of the potential distribution of plant species at large scales (Thuiller et al. 2005; 

Broennimann et al. 2007). Our results support previous studies that reported the successful 

use of GARP and bioclimatic variables in the prediction of the potential distributions of 

invasive plant species (Peterson 2003; Peterson et al. 2003; Fonseca et al. 2006). 

The model created with occurrence records and bioclimatic predictors from the native 

region (South Africa) was able to predict, with a high degree of probability, the region of 

introduction of E. plana in South America (Rio Grande do Sul, southern Brazil), but not its 

current enlarged distribution. Similarly, previous studies have shown that models created with 

data from the native regions were able to predict region of introduction, but not the total 

region of invasion (Broennimann et al. 2007; Fitzpatrick et al. 2007; Loo et al. 2007, 

Beaumont et al. 2009). Broennimann et al. (2007), for example, used occurrence records from 

the native region (Europe) of an invasive weed (Centaurea maculosa Lam.) in North America, 

and showed that the models were able to correctly predict region of introduction in the United 

States, but not the full extent of the occupied region after invasion. 

The current distribution and the region of introduction (Rio Grande do Sul, Brazil) of 

E. plana are predicted with a high level of probability by our model created with occurrence 

records and bioclimatic predictors from both native (South Africa) and invaded (South 

America) regions. This result is consistent with that of Broennimann and Guisan (2008), who 

found better prediction of the distribution of an invasive weed using models created with both 

native and invaded ranges than with models created with only the native range. Models 

created with both native and invaded ranges may better represent the range of bioclimatic 

conditions under which the species can spread (Welk 2004; Mau-Crimmins et al. 2006; 
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Broennimann & Guisan 2008; Beaumont et al. 2009), because a species may shift its 

bioclimatic niche during the invasion process (Broennimann et al. 2007). 

Previous studies of species-distribution models using additional analyses, such as 

measures of niche overlap and multivariate statistical analysis, have shown evidence of a 

bioclimatic niche shift during the invasion process of species (Broennimann et al. 2007; 

Broennimann and Guisan 2008; Beaumont et al. 2009; Mata et al. 2010; Medley 2010). Our 

multivariate analysis supports a hypothesis of a bioclimatic niche shift during the invasion of 

E. plana into South America. This niche shift may be a consequence of various processes, 

including the absence of enemies and competitors from its native range in the invaded region 

and/or a rapid evolutionary change after introduction. In the former case, previous studies 

have concluded that the absence of native herbivores, pathogens, and predators may explain 

the invasion and spread of plant species (Keane and Crawley 2002; Mitchell and Power 2003; 

DeWalt et al. 2004; Vila et al. 2005). In the latter case, founding effects and evolutionary 

processes associated with small populations may lead to rapid adaptive evolutionary changes 

during the invasion process (Lee 2002; Parker et al. 2003; Lavergne and Molofsky 2007). 

Eradication and/or control of an invasive species after its establishment is costly and 

often difficult to implement (Pimentel et al. 2001; Simberloff 2003). Prevention is the best 

management strategy, and is often the most cost-effective approach (DiTomaso 2000; Davies 

and Sheley 2007). Our model indicated uninvaded regions in South America that have 

favorable conditions for the establishment of E. plana. Parts of these regions are near 

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

practices of pasture management (Medeiros et al. 2009). 
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Impact of climate changes on the distributions of invasive African grasses in the 

Americas: predicted scenarios from ensemble forecast5,6 

 

ABSTRACT 

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

grasses in the Americas.  

 

Location Chloris gayana, Hyparrhenia rufa, Panicum maximum, Pennisetum ciliare and 

Urochloa mutica are native in the Africa and invasive in Americas. 

 

Methods We created ensembles forecasting consisting of projections derived from five niche 

models (ANN, CTA, GAM, MDA, and MARS) available in the BIOMOD package. Current 

and future (2080) American distributions for each invasive grass species were modeled using 

the atmosphere-ocean general circulation model (HadDCM3) and two gas emission scenarios 

(A2a and B2a). 

 

Results In the general, our ensembles forecasting using average consensus method showed 

excellent predictive performance. The species C. gayana and P. maximum have high 

probabilities to disappear of some regions currently occupied. The species H. rufa, P. ciliare, 

and U. mutica should reduce slightly their spatial distributions.  

                                                           
5 Com colaboração de Miguel B. Araújo & Adriano S. Melo 
6 As referências bibliográficas seguem as regras do período Global Change Biology  
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Main conclusions The future disappearance of C. gayana and P. maximum from many areas 

is associated mainly with precipitation conditions. Restoration opportunities may arise due to 

potential reduction in distributions of these five invasive 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 one of the greatest global challenges for species 

conservation in the last centuries (Mack et al., 2000). Introductions, accidental or intentional, 

of exotic species into new environments are commonly associated with increased global trade 

and transport (Hulme, 2009). In the new environment some exotic species have become 

invasive causing significant ecological and economic damage (Mack et al., 2000; Pimentel et 

al., 2001). Invasive plant species threaten native biodiversity (Mack et al., 2000) and change 

ecosystem function (Mack & D’Antonio, 1998). In addition, invasive plants have caused 

enormous economic impacts, with costs (pest management and restoration of invaded 

ecosystems) reaching billions of dollars (Pimentel et al., 2001). 

Among the invasive plants, grasses are especially important because many species: i) 

have high seed production, germination, and survival rate, ii) rapid growth, iii) can spread 

very easily, iv) tolerate fire, and v) are able to modify severely the environment where they 

dominate (D’Antonio & Vitousek, 1992). In the Americas, many African exotic grasses were 

introduced intentionally for degraded grasslands restoration, forage or ornamental purposes 

and accidentally through contaminated crop seeds (Williams & Baruch, 2000). Some of these 

exotic grasses have escaped from cultivated areas and invaded anthropogenic and natural 

regions (Williams & Baruch, 2000) causing serious ecological impacts (see Williams & 

Baruch, 2000 for review).   

Invasions by exotic plants may amount to other global challenges (see Bradley et al., 

2010a for review) such as climate change or climate warming (e.g., rising temperatures and 

altered precipitation regimes) (Dukes & Mooney, 1999; Walther et al., 2009). Climate change 
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may affect many aspects of invasive plants: i) modify the impact of invasive species on native 

species and ecosystem, ii) facilitate the establishment and spread of invasive species into new 

regions, and iii) altered effectiveness of control/eradication strategies (Hellmann et al., 2008, 

Bradley et al., 2010a). Long-term observational and experimental studies suggest that climate 

change favors invasive plant species over native species (Dukes & Mooney, 1999; Buckland 

et al., 2001; Verlinden & Nijs, 2010).     

Predictive models have been developed and applied for assessing the impacts of 

climate change on invasive plants (Thuiller et al., 2007; Bradley et al., 2010a). In the last 

decade, species distribution models have become important tools to predict the potential 

distribution of invasive grasses under global climate change scenarios (Beaumont et al., 2009; 

Bradley, 2009;  Bradley et al., 2009; Parker-Allie et al., 2009; Bradley et al., 2010b). Species 

distribution models, also termed bioclimatic envelope modelling or ecological niche 

modelling, are constructed using a modelling method (see Guisan & Thuiller, 2005; Elith et 

al., 2006; and Heikkinen et al., 2006 to available modelling methods) that combines 

presence/absence or presence-only data of a species at a given geographical space with a 

series of spatial environmental data (see Guisan & Zimmermann, 2000; Guisan & Thuiller, 

2005 to review). The resulting model is then projected in the same geographical space under a 

scenario of future climate or onto a new space, showing the potential distribution of the 

species (Peterson & Vieglais, 2001; Peterson, 2003).   

Species distribution models are created assuming that species distribution is in 

equilibrium with current environmental conditions (Guisan & Zimmermann, 2000; Guisan 

and Thuiller, 2005) and that the environmental niche of the species is conserved spatially and 
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temporally (Pearman et al., 2008). A recent study, however, showed that invasive species may 

shift its environmental niche during the invasion process (Broennimann et al., 2007). 

Therefore, multivariate statistical analyses and niche overlap have been used to evaluate the 

hypothesis that invasive species may alter its environmental niche during the invasion process 

(Broennimann & Guisan, 2008; Mata et al., 2010; Medley et al., 2010). 

Currently, the potential applications of species distribution models in distinct 

ecological issues is immense (Guisan & Thuiller, 2005), as well as the number of modelling 

methods available to create these models (see Guisan & Thuiller, 2005; Elith et al., 2006 to 

modelling methods available). In addition, a number of studies have demonstrated differences 

in performance among modelling methods (Segurado & Araújo, 2004; Elith et al., 2006; 

Tsoar et al., 2007) and there is no consensus on the appropriate method to create the species 

distribution models (Pearson et al., 2006). In this context, Araújo & New (2007) suggested the 

use of ensemble forecasting as a potential alternative for reducing uncertainty among 

modelling methods. Ensembles forecasting are created using the combination of predictions 

produced by different modelling methods (Araújo & New, 2007). Ensembles forecasting have 

been applied to predict the impact of climate change on biodiversity patterns (Coetzee et al., 

2009; Diniz-Filho et al., 2010; Marini et al., 2010), including biological invasions (Roura-

Pascual et al., 2009;  Bradley et al., 2010b; Stohlgren et al., 2010).   

In the present study, we will assess the potential impact of climate changes on the 

distributions of invasive African grasses in the Americas. As the invasive species were mostly 

from tropical areas in Africa, our general expectation was an increase in the area occupied by 

species toward temperate regions of the America. For this purpose, we generated ensembles 
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forecasting to current and to future potential distributions of each grass species. We selected 

five invasive African C4 grass species considered aggressive and widespread in the Americasː 

Chloris gayana Kunth (common name Rhodes grass), Hyparrhenia rufa (Nees) Stapf 

(common name Jaraguá), Panicum maximum Jacq. (common name Guinea grass and capim 

colonião), Pennisetum ciliare (L.) Link. (syn. Cenchrus ciliaris L., common name Buffel 

grass), and Urochloa mutica (Forsk.) Stapf (syn. Brachiaria mutica, common name Pará grass 

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

 
 
METHODS  

Species of study 

The species C. gayana was intentionally introduced in native tropical savanna and cleared 

forest to improve pasture but escaped from areas planted and invaded natural habitats 

(Williams & Baruch, 2000﴿. The grass H. rufa, P. maximum, and U. mutica were introduced 

in the humid tropics of Central and South America to improve forage quality but escaped from 

areas planted and invaded natural habitats (Williams & Baruch, 2000﴿. Hyparrhenia rufa was 

intentionally introduced, whereas P. maximum, and U. mutica were accidentally introduced 

trough the slave ships in the Brazil (Parsons, 1972; Filgueiras, 1990). Pennisetum ciliare is 

drought resistant, present high biomass productivity (Sanderson et al., 1999) and was 

intentionally introduced in the arid and semi-arid regions of North and South America for 

degraded grasslands restoration and rangeland improvement (D’Antonio & Vitousek, 1992; 

Williams & Baruch, 2000). However, the species escaped from the planted areas and become 
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invasive in natural habitats causing threat to native species (D’Antonio & Vitousek, 1992; De 

la Barrera, 2008).     

Williams & Baruch (2000) shows the distribution of these five African grasses in 

Americas. The species C. gayana occur in humid tropics and sub-tropics, H. rufa in humid 

and sub-humid tropics, Central and South America, P. maximum in tropics of Central and 

South America, and South Eastern United States, P. ciliare in arid and semi-arid tropics and 

sub-tropics, North Mexico, and southwestern United States, and U. mutica in humid tropics 

and sub-tropics.   

 

Species and climate data 

We obtained the occurrence records of the five invasive grasses in different online databases, 

including the Global Biodiversity Information Facility – GBIF (http://www.gbif.org), Instituto 

Hórus (http://www.institutohorus.org.br), SpeciesLink (http://splink.cria.org.br), and Tropicos 

(http://www.tropicos.org). A total of 292 presence records were compiled for C. gayana (103 

native in Africa and 189 invasive in Americas), 619 for H. rufa (77 native in Africa and 542 

invasive in Americas), 785 for P. maximum (159 native in Africa and 626 invasive in 

Americas), 488 for P. ciliare (162 native in Africa and 326 invasive in Americas), and 175 for 

U. mutica (92 native in Africa and 83 invasive in Americas).        

We used the annual average of maximum and minimum temperature and annual total 

precipitation to both current and future conditions. The annual averages of maximum and 

minimum temperatures were extracted from monthly averages of maximum and minimum 

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

(Hijmans et al., 2005). Current climate conditions are the result of interpolation of climate 

data recorded between 1950 and 2000 (Hijmans et al. 2005). Future climate conditions for the 

year 2080 ﴾estimated 2070 - 2099 interval﴿ were obtained from HadCM3 global circulation 

model as well as two gas emission scenarios: i) A2a and ii) B2a (IPCC 2001). The A2 

scenario is considered more pessimistic than B2, with higher emissions of greenhouse gases 

(IPCC, 2001).  

 

Climatic niche shift 

Invasive species may shift its climatic niche during the invasion process (Broennimann et al. 

2007). Therefore, we tested the hypothesis of difference in climatic niches in the native 

﴾Africa﴿ and invaded (Americas) regions for each species using distance-based Multivariate 

Analysis of Variance (db-MANOVA) with randomization testing.  

The db-MANOVA tests were performed using the software MULTIV version 2.4 

(Pillar, 2006), using the sum of squares between groups (Qb statistic according to Pillar, 2006) 

as criterion (Pillar & Orlóci, 1996). These analysis were carried out using the Euclidean 

distance, obtained from current climate variables of the presence records both in native and 

invaded regions. Data were previously transformed by centering and normalization. The 

randomization test was run with 1000 iterations. 

Difference in climatic niche in the native and invaded regions was evident only for C. 

gayana (p = 0.027). Thus, we used presence records and current climate variables from both 

native and invaded regions to create the species distribution models of C. gayana. For H. rufa, 
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P. maximum, P. ciliare, and U. mutica, species that are at equilibrium with their environment, 

we created models using presence records and current climatic variables from the invaded 

region.  

 

Species distribution models 

For each of the five species, we created species distribution models using five modelling 

methods: i) Artificial Neural Networks (ANN), ii) Classification Tree Analysis (CTA), iii) 

Generalized Additive Models (GAM), iv) Multiple Adaptive Regression Splines (MARS), 

and v) Mixture Discriminant Analysis (MDA). ANN is a machine learning method, CTA and 

MDA are classification methods, and GAM and MARS are regression methods (see Elith et 

al., 2006 and Heikkinen et al., 2006 to description of each modelling method). The species 

distribution models were created using the package BIOMOD (Thuiller et al., 2009) run under 

the R environment, version 2.8.1 (The R Development Core Team, 2008). All models require 

presence and absence records and thus we created pseudo-absences for each species by using 

the ‘random strategy’ in BIOMOD. The number of pseudo-absences created equaled the 

number of presence records for each species multiplied by 10 (Jensen et al., 2008; Beaumont 

et al., 2009). Moreover, all species distribution models were created using default parameters 

of BIOMOD.  

To evaluate the predictive performance of each model described above, we randomly 

separated 70% of the occurrence records as training data ﴾calibration﴿ and 30% for testing 

﴾evaluation﴿ the model, and this procedure was repeated 10 times. We used the average area 

under the curve (AUC) derived from receiver operating characteristic ﴾ROC﴿ plot of the cross-
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validation to evaluate the predictive performance of models ﴾Fielding & Bell, 1997﴿. The 

AUC values were interpreted using the classification of Pearce & Ferrier (2000): excellent 

AUC > 0.90; reasonable 0.70 > AUC < 0.90; and poor 0.50 > AUC < 0.70. 

We used 100% of available presence records to make a final calibration of the models. 

Subsequently, we projected the models calibrated onto current climate conditions of 

Americas, as well as future American climate conditions for 2080. For each of the five 

species, we created five current predictions (with different modelling methods) and 10 

projections of future potential distributions (combination of five modelling methods, one 

global circulation model and two gas emission scenarios) for 2080, in a total of 15 models per 

species.        

 

Ensemble forecasting 

For each of the five considered grass species, we generated an ensemble forecasting to current 

predictions and to projections of future potential distributions of each gas emission scenarios 

﴾A2 and B2﴿ for year 2008. For this purpose, we used average consensus method based on 

AUC values (Araújo & New, 2007; Marmion et al., 2009). 

For each ensemble forecasting, we create a distribution map using five probability of 

occurrence classes. On the current distribution map of each species, we included the known 

presence records of the species. These maps allowed us to examine the impact of climate 

changes on the current presence records of the species. In addition, in order to assess reduction 

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

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

 

RESULTS 

The average consensus method based on values AUC for C. gayana, H. rufa, P. maximum, 

and P. ciliare was 0.903, 0.911, 0.901, and 0.915 respectively, indicating excellent 

performance of ensemble forecasting. However, for the species U. mutica the average 

consensus method was 0.840, indicating reasonable performance.  

The ensembles forecasting of the invasive grasses showed that some species have low 

probabilities of persistence and may be locally extinct in 2080 from areas currently occupied 

(Figure 1). In this study, we consider high probabilities of disappearance the two classes of 

low probability of occurrence and probabilities of the species remain the others classes. Thus, 

C. gayana shows a high probability to disappear from northeast Brazil and decrease its extent 

of occurrence in areas far from the Atlantic coast (Figure 1a). The results for H. rufa shows 

that the species should remain in most of the areas currently occupied (Figure 1b). The 

predicted areas occupied by P. maximum are very dependent on the scenario used (Figure 1c). 

For the B2a model, it should remain in most of the areas currently occupied. However, for the 

scenario A2a the species has high probability of disappearance of countries of the northwest 

of the South American, although new areas may be colonized in central and south of 

Argentina (Figure 1c). The area occupied by P. ciliare should decrease slightly in both 

scenarios, particularly in Central Brazil (Figure 1d). Urochloa mutica should have its 
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distribution drastically reduced, remaining mostly restricted to small areas in northwest South 

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

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

(e) U. mutica obtained with ensemble forecasting 

 

 

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

2080. In the general, the decrease will be greater in A2a than in the B2a scenario (Table 1).     

 

Table 1. Invasive grass species, percentage of grid cells where each species is predicted to 

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

emission scenarios (B2a and A2a).       

 

DISCUSSION 

To reduce uncertainty of modelling methods, ensembles forecasting have been applied to 

assess the potential impact of climatic change on biodiversity, including endemic amphibians 

and reptiles (Carvalho et al., 2010), endemic and rare birds (Coetzee et al., 2009, Marini et 

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% 
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al., 2009), endemic and rare plant (Lomba et al., 2010), invasive plants (Beaumont et al., 

2009;  Stohlgren et al., 2010) and insects (Diniz-Filho et al., 2010). These ensembles 

forecasting are generated using different consensus methods (see Marmion et al., 2009 to a 

recent evaluation of the methods available) including the average consensus employed in our 

study. In our study, the average consensus method of the ensemble forecasting procedure 

produced excellent predictive performance, corroborating results of a previous study 

(Marmion et al., 2009). However, the predictive performance of ensemble forecasting for U. 

mutica was reasonable. Studies have evaluated the effects of sample size on the predictive 

performance of species distribution models (Stockwell & Peterson, 2002; Hernandez et al., 

2006), including models created with some modelling methods used in this study, as such 

GAM, MARS and MDA (McPherson et al., 2004;  Wisz et al., 2008). For example, Wisz et 

al., (2008) found that, generally, the performance of the models decreased with decreasing 

number of available occurrence records. In the present study, the species U. mutica had the 

lowest number of presence records. Thus, the reasonable model performance for U. mutica 

can be due to the small sample size.   

Previous studies have demonstrated that invasive grasses may disappear of regions 

currently occupied (Bradley et al., 2009; Parker-Allie et al., 2009). An example is provided by 

B. tectorum (cheatgrass), which is predicted to disappear of regions of southern Nevada and 

southern Utah (Bradley et al., 2009). In the present study, the grasses C. gayana and P. 

maximum have high probability of disappear of many regions in 2080. The climate projections 

generated by the HadCM3 model show anomalies of precipitation and temperature in 

northeast Brazil and anomalies of precipitation in South American (coast of Peru and 
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Ecuador) in 2080 (Nobre et al., 2008). For northeast Brazil the model predicts increase of 

temperature and decrease of annual total precipitation (less than 500 mm) in 2080. For the 

northwest of the South America (coast of Peru and Ecuador) the model predicts increase of 

annual total precipitation, with anomalies slightly more intense in the A2a scenario (Nobre et 

al., 2008). Chloris gayana has high probability of disappear of northeast Brazil. In fact, the 

climate variable most important for C. gayana was annual total precipitation (Appendix S1). 

Thus, the decrease of precipitation appear to be the main reason for the disappearance of C. 

gayana in northeast Brazil. Previous work have highlighted that the species is only able to 

maintain viable populations in areas with 600-1500 mm of annual precipitation (Ponsens et 

al., 2010). Panicum maximum predominates in regions with annual precipitation usually in 

excess of 1000 mm (Skerman & Riveros, 1992), has low tolerance to low temperatures 

(Brotel et al., 2002), and only tolerates flooding for short periods (Skerman & Riveros, 1992). 

Currently the northwest of the South American shows high values of annual total 

precipitation. For P. maximum, the climate variable most important was annual total 

precipitation followed by annual average of minimum temperature (Appendix S1). Increases 

in precipitation may cause excessive flooding of the soil (Dias-Filho & Carvalho, 2000). 

Thus, the disappearance of P. maximum in northwest of the South American (coast of Peru 

and Ecuador) may be associated with increase of annual total precipitation, since the species 

only tolerates short periods of flooding (Skerman & Riveros, 1992). The species does not 

tolerate low temperatures (Skerman & Riveros, 1992) and thus potential colonization of new 

areas in central and south Argentina may be due to the increase in annual average of minimum 

temperature.  
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According to Bardley et al. (2009), some studies have used only temperature 

conditions to predict the impact of climate changes on potential distribution of invasive 

species (e.g. Beerling, 1993). On the other hand, the potential distribution of species under 

climate changes has been predicted using both future conditions of precipitation and 

temperature (Kriticos et al., 2003; Parker-Allie et al., 2009; Bradley et al., 2010). In the 

present study, the future disappearance in several regions of C. gayana and P. maximum is 

associated mostly with precipitation conditions, corroborating the study by Bradley (2009) 

that demonstrated the importance of precipitation conditions on future distribution of Bromus 

tectorum (cheatgrass), an invasive annual grass, in the western North America.  

The results of ensemble forecasts showed that the species H. rufa, P. ciliare and U. 

mutica have the potential to remain in mostly of the areas currently occupied. These results 

are due to the physiological characteristics of these species, usually able to resist or tolerate 

the climate changes predicted for 2080. For instance, H. rufa is resistant to drought (Baruch & 

Fernández, 1993). Pennisetum ciliare is a species that survives in semi-arid and arid climate, 

with annual precipitations in the range 200 to 1200 mm (Cox et al., 1988, Ibarra et al., 1995). 

Urochloa mutica survives in warm and high precipitation conditions in the tropics and 

subtropics (Smithsonian Marine Station at Fort Pierce 2010 – http://www.sms.si.edu/irlspec/), 

and is tolerant to flooding (Baruch, 1994; Mattos et al., 2005). In addition, the C4 grasses have 

physiological characteristics that confer them a tolerance to high temperatures (Collatz et al., 

1998; Ward, 1999). For P. ciliare and U. mutica, the climate variable most important was 

annual average of minimum temperature, and for H. rufa was annual total precipitation 

followed by annual average of minimum temperature (Appendix S1).   
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Studies have used species distribution models to predict the impact of climate changes 

on potential distribution of invasive grass species (Bradley et al., 2009; Parker-Allie et al., 

2009; Bradley et al., 2010b). Our results suggest that the climate changes will reduce the 

current areas of high probability of occurrence for the five invasive grass species studied, 

coinciding with results of other models constructed for Eurasian invasive grass in the North 

America (Bradley, 2009; Bradley et al., 2009) and for invasive Eurasian C3 and C4 grasses in 

South Africa (Parker-Allie et al., 2009), with reductions greater under the A2a than the B2a 

scenario.  

According to Bradley et al. (2009), restoration opportunities may arise in the locations 

subjected to reductions or eliminations of invasive species under climate changes. For 

instance, it would allow traditional restoration with native species present originally (Bradley 

et al., 2009) or a transformative restoration with the introduction of new native species (see 

Bradley & Wilcove, 2009 to more details).  Active restoration programs are highly desirable 

in these areas because locations no longer suitable for previous invaders may be occupied by 

others new invasive species. In this context, modelling and experimental studies are needed to 

assess the impact of climate changes on native species and other new native species in the 

locations unsuitable for each of the five grass species considered in the present study. The 

results of these studies can be used in restoration plans in the locations that in the future 

should become unsuitable for the invasive grass species.  
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SUPPLEMENTARY MATERIAL 

The following supplementary material is available for this paper: 

Appendix S1. Importance of each climate variable in the models created for each species 

grass and the average importance of each variable. 

 Methods Annual total 

precipitation 

Annual average of 

maximum 

temperature 

Annual average of 

minimum 

temperature 

ANN 0.531 0.405 0.381 

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 

Chloris 

gayana 

Average 0.7604 0.2618 0.2948 

     

Hyparrhenia 

rufa 

ANN 0.611 0.134 0.809 

 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. 

ANN 0.336 0.215 0.598 

CTA 0.528 0.300 0.401 

GAM 0.473 0.220 0.305 

MARS 1.325 0.129 0.792 

MDA 0.240 0.531 0.185 

Panicum 

maximum 

Average 0.5804 0.279 0.4562 

     

ANN 0.442 0.297 0.340 

CTA 0.389 0.287 0.470 

GAM 0 0.518 0.316 

MARS 0.544 0.013 0.799 

MDA 0 0.048 0.944 

Pennisetum 

ciliare 

Average 0.275 0.2326 0.5738 

     

Urochloa 

mutica 

ANN 0.017 0.26 1.076 

 CTA 0 0 0.986 

 GAM 0.076 0 0.879 

 MARS 0.94 1.152 1.211 

 MDA 0.587 0.034 0.713 
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Continuation of Appendix S1. 

 Average 0.324 0.2892 0.973 

 

The importance of each climate variable was obtained using the function “VarImportance” in 

BIOMOD (see Thuiller et al., 2009 for details). This function gets the value of importance of 

each variable for each modelling method used to create the models. Therefore, we use the 

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

O uso de modelos de distribuição de espécies para predizer a distribuição potencial de 

espécies invasoras aumentou especialmente nas últimas duas décadas. Entretanto, algumas 

lacunas precisam ser preenchidas, tais como o número relativamente pequeno de estudos 

realizados em países em desenvolvimento e ambientes aquáticos. 

 

O modelo de distribuição de espécie criado com dados da área nativa e invadida foi mais 

robusto para predizer a distribuição atual de Eragrostis plana na América do Sul do que o 

modelo criado com dados somente da área nativa. Além disso, E. plana alterou seu nicho 

bioclimático durante o processo de invasão na América do Sul. 

 

Os modelos de distribuição de espécies criados para E. plana indicam regiões favoráveis ao 

seu  estabelecimento na América do Sul. Assim, estas informações podem ser usadas em 

ações de planejamento ambiental e nas tomadas de decisão de forma direcionada para as 

regiões favoráveis ao estabelecimento de E. plana na America do Sul.   

 

As mudanças climáticas globais irão alterar a distribuição potencial das cinco gramíneas 

Africanas invasoras nas Américas. As espécies Chloris gayana e Panicum maximum 

apresentam alta probabilidade de desaparecerem das regiões que ocupam atualmente, devido 

principalmente as mudanças nas condições de precipitação. Tanto o desaparecimento quanto a 

contração da distribuição potencial das gramíneas podem ocasionar futuramente 

oportunidades de restauração nas regiões impróprias para estas gramíneas nas Américas.    


