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RESUMO

A biodiversidade se altera espago e temporalmente através de fatores naturais. No entanto,
acOes antrdpicas sdo consideradas como o principal fator influenciador de transformacdes na
biota do planeta. Estudar e acompanhar as mudangas na biodiversidade se tornou essencial a
ciéncia da Conservagdo, sendo potencializado pela integragdo de campos da biologia com
ferramentas tecnoldgicas, levando a criagdo de grandes bancos de dados globais e o
desenvolvimento de ferramentas como os Modelos de Distribuigdo de Espécies e os Modelos
de Nicho Ecolégico. No presente trabalho foi aplicado a Modelagem de Nicho Ecolégico a
trés espécies de aves brasileiras, através dos algoritmos Bioclim, Generalized Additive Models
(GAM, em inglés), Generalized Linear Models (GLM, em inglés), Maxent ¢ Random Forests,
de modo a testar a influéncia da variagdo do tamanho amostral e da quantidade de pseudo
auséncia e pontos de background na projecao e validacdo estatistica dos modelos. Também foi
avaliado como o modo de geracdao dos pontos de pseudo auséncia e background influenciam a
qualidade e significancia biologica das projecdes. Os resultados obtidos demonstram como a
diminui¢do do tamanho amostral influencia diretamente a proje¢do final ao sub ou
superestimar a espécie modelada, bem como torna dubia a significancia bioldgica dos
modelos. A sub ou superestimacdo da adequabilidade ambiental nos modelos ocorre
independente da espécie modelada, sendo o tamanho amostral, a quantidade de pontos de
pseudo auséncia e background, e o tipo de algoritmo utilizado fatores criticos a construgao
dos modelos de adequabilidade. Deste modo, o presente trabalho evidencia a necessidade do
pesquisador em definir corretamente o objetivo da pesquisa ao fazer uso das técnicas de
Modelagem de Nicho Ecolégico, bem como em selecionar, adequadamente a sua realidade de
estudo, o tipo de algoritmo e a quantidade de pontos de ocorréncia, pseudo auséncia ou, ainda,

de background para que as projegdes tenham validagdo estatistica e biologica.

Palavras-chave: Modelagem de Distribui¢dao de Espécies; SDM; Modelos Ecoldgicos; ENM;

Tamanho da amostra; Adequabilidade Ambiental.
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ABSTRACT

Biodiversity changes spatially and temporally through natural factors. However, anthropic
actions are considered the main factor influencing transformations in the planet's biota.
Studying and tracking changes in biodiversity has become essential to conservation science,
and has been enhanced by the integration of biological fields with technological tools, leading
to the creation of large global databases and the development of tools such as Species
Distribution Models and Ecological Niche Models. In this work we applied the Ecological
Niche Modeling to three species of Brazilian birds, using the Bioclim, Generalized Additive
Models (GAM), Generalized Linear Models (GLM), Maxent, and Random Forests
algorithms, in order to test the influence of sample size variation and the amount of pseudo
absence and background points on the projection and statistical validation of the models. It
also evaluated how the generation mode of the pseudo absence and background points
influence the quality and biological significance of the projections. The results obtained show
how the decrease in sample size directly influences the final projection by under or
overestimating the modeled suitability, as well as making the biological significance of the
models dubious. The under or overestimation of environmental suitability in the models
occurs regardless of the species modeled, and the sample size, the number of points of pseudo
absence and background, and the type of algorithm used are critical factors in the construction
of suitability models. Thus, the present work highlights the need for the researcher to
correctly define the research objective when making use of Ecological Niche Modeling
techniques, as well as to adequately select the type of algorithm and the number of occurrence
points, pseudo absence, or, still, of background for the projections to have statistical and

biological validation.

Keywords: Species Distribution Modeling; SDM; Ecological Models; ENM; Sample Size;

Environmental Suitability.
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1 INTRODUCAO GERAL

O processo de variagdo espago-temporal da biodiversidade, no que se refere a
diversidade e composicao de espécies, ¢ um processo natural influenciado por fatores de larga
escala, de processos ecologicos recorrentes a mudangas ambientais e biogeograficas
histoéricas. Embora grandes mudangas na biodiversidade sejam guiadas por processos naturais,
a influéncia antrépica se apresenta como um dos mais influentes fatores de transformacgao
ambiental e, por consequéncia, de alteragdes na biodiversidade (PINTO-LEDEZMA;
CAVENDER-BARES, 2021).

Em 2019, o relatéorio de avaliagdo global sobre biodiversidade e servicos
ecossistémicos, redigido pela Plataforma Intergovernamental de Politica Cientifica sobre
Biodiversidade e Servigos Ecossistémicos (IPBES, em inglés), apresentou dados preocupantes
quanto ao estado atual e possibilidades futuras para a biodiversidade: aproximadamente um
milhdo de espécies, entre animais e vegetais, encontram-se ameacgadas de extingdo dentro das

proximas décadas (IPBES, 2019).

De acordo com o IPBES (2019), os habitats terrestres apresentam uma reducdo na
abundancia média de espécies nativas de até 20%. A interferéncia humana nos ecossistemas
intactos acontece, principalmente, nos tropicos, regides com altos niveis de biodiversidade.
Somente na América Latina, aproximadamente 100 milhdes de hectares de floresta tropical

foram perdidos para atividades de pecudria no periodo entre 1980 a 2000.

Diante de um cenario pessimista como apresentado pelos relatorios IPBES (2019) e
pelo Painel Intergovernamental para a Mudanga de Clima (IPCC, em inglés) (2019), cresce a
busca por estratégias para o manejo da biota visando a conservagdo da biodiversidade. No
entanto, desenvolver projetos nesse ambito apresenta desafios proprios, como alocagdo de
recursos, escolha de locais para estabelecer sitios de protecdo, ou, ainda, definir as espécies

que serdo priorizadas no projeto (MUSCATELLO; ELITH; KUJALA, 2021).

O avango tecnologico, em especial a informdtica, tem permitido a integragcdo de
informacodes de diferentes areas em grandes bancos de dados virtuais, acessiveis globalmente.
Jetz, McPherson e Guralnick (2012) demonstram como o uso da informatica permite a
estruturacdo de bases de dados contendo informacgdes relativas a distribui¢do das espécies,

item essencial para estudos de conservagao.
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Embora o aumento na coleta e armazenamento de dados de distribui¢do seja notorio e
favorega o estudo das espécies, estes tendem a refletir a situacdo em um ponto no espago € no
tempo, nao refletindo a totalidade da distribuicdo (RONDININI et al., 2006). Porém, ao
combinar dados de observagdo com informag¢des ambientais, ¢ possivel modelar a
adequabilidade ambiental para uma espécie e, entdo, predizer a ocorréncia para auxiliar a

tomada de decisdo no que se refere a conservacao (GUISAN et al., 2013).

Conhecidas como Modelos de Nicho Ecolégico (ENM, em inglés), Modelos de
Distribui¢ao de Espécies (SDM, em inglés), Modelos de Adequabilidade Ambiental (HMS,
em inglé€s), entre outras terminologias, as técnicas de modelagem que integram a distribui¢ao
de uma espécie com fatores ambientais para gerar predigdes espaciais € temporais tornaram-se
mais expressivas apos os anos 2000 (GUISAN; ZIMMERMANN, 2000), apresentando-se
como a principal ferramenta de estudo sobre a distribuicdo de espécies e da adequabilidade
ambiental (ELITH; LEATHWICK, 2009; FRANKLIN; MILLER, 2009; GUISAN;
THUILLER, 2005; PETERSON, 2011).

O termo “Modelo de Distribuicdo de Espécie” tornou-se sindnimo de um conjunto de
técnicas que, por muitas vezes, nao sdo aplicadas com o mesmo objetivo. Peterson e Soberon
(2012) apresentam um panorama dos conceitos principais de modelagem e demonstram como
essa sinonimia € encontrada na literatura: 50.8% dos trabalhos recuperados pelos autores em
um levantamento bibliografico com os termos “species distribution model” e “ecological
niche model” se caracterizavam como estudos de distribuicdo, porém o objeto de estudo real

era o nicho das espécies.

Embora SDMs e ENMs compartilhem técnicas, variaveis, algoritmos, € possam ser
projetados em um mapa, o objeto de estudo e questionamentos referentes a este sdo, em suma,
diferentes. Para que essa “diferenga de objetos” seja entendida, ¢ necessario, primeiro,

entender e delimitar o que estd sendo modelado (PETERSON; SOBERON, 2012).

Colwell e Rangel (2009) discutem a distribui¢do das espécies em duas dimensdes:
tanto no espago geografico quanto no espago ambiental. Soberéon e Peterson (2005)
apresentam um framework que visa englobar os fatores determinantes na distribuicdo de
espécies: o diagrama Biotico-Abiotico-Mobilidade (BAM, em inglés). Para os autores, os

espacos geografico e ambiental sdo, portanto, relacionados.



19

No espago geografico estardo locais de distribuicdo que contém fatores biodticos e
abidticos necessarios para o estabelecimento e manutengdo da espécie, denominados no
framework como B e A, respectivamente. O “M” se refere, portanto, a areas acessiveis a
espécie. Uma vez estabelecido a base do BAM, ¢ possivel, agora, tracar os objetos a se

modelar em cada abordagem (PETERSON; SOBERON, 2012).

Para Peterson e Soberén (2012), a maioria dos trabalhos modernos que se intitulam
como SDMs sdo, na verdade, trabalhos relativos ao nicho das espécies e, portanto, associados
incorretamente com a ideia de um modelo de distribui¢ao. Os autores apresentam que os
modelos atuais sdao iniciados no espaco geografico, treinados no espaco ambiental e,

posteriormente, expressos (i.e., projetados) no espaco geografico novamente.

Essa abordagem implica na comparagdo de areas geograficas com areas do espago
ambiental associadas ou ndo a pontos de presenca para que seja tragado um gradiente de
similaridade que classifique, novamente, o espago geografico como adequado ou inadequado
para a ocorréncia da espécie. Em suma, a maioria dos modelos atuais tem por alvo uma
entidade no espago ambiental (i.e., o0 dominio do nicho) e devem ser, portanto, classificados
como ENM. Em contrapartida, um SDM estritamente deve ndo s6 estimar o nicho da espécie,
mas sua capacidade de dispersdo e/ou colonizagdo do espaco modelado (PETERSON;

SOBERON, 2012).

Em linhas gerais, um SDM ou ENM correlaciona pontos de ocorréncia de uma espécie
com variaveis ambientais para delinear, de forma aproximada, o conjunto de fatores
ecoldgicos requeridos pela espécie (i.e., o nicho realizado) (GUISAN; THUILLER, 2005;
GUISAN; ZIMMERMANN, 2000).

Um modelo SDM ou ENM ¢, usualmente, estruturado em 5 etapas: 1)
conceitualizagdo do modelo (e.g., desenho experimental, revisdo de literatura,
experimentacdo), 2) coleta dos dados de ocorréncia e extracdo de valores das varidveis
ambientais “ponto a ponto”, 3) calibracdo (fitting, em inglés) de um modelo de similaridade
dos locais de ocorréncia, 4) avaliagio do modelo por diferentes métricas (e.g., Receiver
Operating Characteristic - ROC, True Skill Statistic - TSS, Coeficiente Kappa) e 5) predicao,
a partir do modelo, da adequabilidade ambiental ou distribuicao potencial da espécie em uma
regido ou, ainda, para cendrios passados ou futuros (GUISAN; THUILLER;
ZIMMERMANN, 2017; HIJMANS; ELITH, 2021).
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Dos pontos apresentados por Guisan, Thuiller ¢ Zimmermann (2017) e Hijmans e
Elith (2021) quanto a organizacdo de um processo de modelagem, as etapas de obtencao dos
pontos de ocorréncia, selecao dos algoritmos, ajuste (i.e., modelagem propriamente dita dos
dados), avaliacdo e validacdo do modelo podem ser consideradas como essenciais para a

qualidade das projecdes finais.

Grandes bases de dados como a Global Biodiversity Information Facility — GBIF
(www.gbif.org) e speciesLink (www.specieslink.net) permite o acesso a grandes quantidades
de informagdes referentes a ocorréncia de espécies em todo o globo, item essencial para o
desenvolvimento de um SDM ou ENM. Todavia, as bases de dados tendem a ndo apresentar

outra informacao essencial a constru¢ao de um modelo: dados de auséncia.

Independente da abordagem ecolodgica (i.e., nicho ou a distribuicdo potencial), para
que seja possivel ajustar o modelo é necessario que seja feita a relacdo entre dados de
presenga e auséncia da espécie com as varidveis ambientais da area de estudo. Sem essa
relacdo ndo € possivel caracterizar estatisticamente o nicho de uma espécie e, também,
projetd-lo espacialmente em um mapa (DESCOMBES et al., 2022). No entanto, comprovar a
inexisténcia de uma espécie em uma determinada localidade ¢ um desafio ao pesquisador,
uma vez que diferentes fatores podem “mascarar a falta da espécie” no momento de coleta,
especialmente em espécies migratorias ou que se movimentam com frequéncia pelo ambiente
(MACKENZIE; ROYLE, 2005; RAES; AGUIRRE-GUTIERREZ, 2018). Raes e
Aguirre-Gutiérrez (2018) apresentam o argumento de que “a auséncia de presenca nao

significa a presenca de auséncia”, refor¢ando a dificuldade de obter esse dado.

Essencialmente, os processos de modelagem podem ser divididos em métodos de
presenca e presenca-auséncia (BROTONS et al.,, 2004). Estudos comparativos (e.g.,
BROTONS et al.,, 2004; ELITH et al., 2006) demonstram que as metodologias de
presenca-auséncia tendem a possuir performance superior aos métodos que requerem apenas
presenga. Todavia, devido a falta de dados de auséncia real, estes sdo substituidos no processo
de modelagem por pontos de background ou por pseudo auséncia. O tipo de dado de
“auséncia” utilizado depende do tipo de algoritmo utilizado (BARBET-MASSIN et al., 2012)

e, também, do objeto de pesquisa (e.g., nicho, distribuicdo potencial).

Todavia, a sele¢do do tipo de dado de “auséncia” a ser utilizado na modelagem padece
de um dilema analogo aquele enfrentado na nomenclatura de SDM/ENM. Sillero e Barbosa

(2021) discutem como dados de pseudo auséncia e background tendem a ser tratados como o
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mesmo objeto devido a similaridades em sua concepcdo tedrica. No entanto, estes ndo

possuem, de fato, o mesmo significado do ponto de vista metodoldgico.

A diferenga entre um ponto de pseudo auséncia e um ponto de background esta em sua
localizagdo. Embora ambos possam ser amostrados no mesmo espaco geografico, a existéncia

real encontra-se em estratos diferentes do diagrama BAM (SOBERON; PETERSON, 2005).

Gerado artificialmente, o ponto de pseudo auséncia representa um local no espaco
onde a espécie em estudo supostamente ndo ocorre, porém sem real comprovagdo de sua
“auséncia” (BARBET-MASSIN et al., 2012). Como trata-se de um substituto para a auséncia
real, pontos de pseudo auséncia ndo podem ocupar o mesmo espago geografico que pontos de

presenca (i.e., nao pode haver sobreposi¢ao) uma vez que isso seria contraditério.

Pontos amostrados no background (i.e., o espaco ambiental), por sua vez, nao
possuem 0 mesmo requerimento que a pseudo auséncia: o background representa o espectro
de condi¢des ambientais favoraveis ou desfavoraveis a ocorréncia da espécie e, portanto, um
ponto amostrado no background ambiental podera estar no mesmo local geografico que um
ponto de presengca ou auséncia/pseudo auséncia (HALLGREN et al., 2019; ITURBIDE;
BEDIA; GUTIERREZ, 2018; PHILLIPS et al., 2009).

Embora a literatura referente ao tipo de “auséncia” utilizada na modelagem nao seja
escassa (e.g., ENGLER; GUISAN; RECHSTEINER, 2004; LOBO; JIMENEZ- VALVERDE;
HORTAL, 2010; ZANIEWSKI; LEHMANN; OVERTON, 2002), a decisao de gerar pontos
de background ou de pseudo auséncia ¢ uma etapa fundamental da modelagem, sendo
necessario se atentar nao so ao tipo de dado gerado, mas como estes foram selecionados, uma
vez que dados artificiais de auséncia podem impactar negativamente um SDM / ENM

(BARBET-MASSIN et al., 2012; GU; SWIHART, 2004).

De igual modo, a selecdo do tipo de algoritmo para ajustar o modelo ¢ crucial.
Bartbet-Massin e colaboradores (2012) apresenta trés categorias: tipo I (regressao), tipo II
(classificacdo), ou tipo 3 (machine learning). Cada tipo de modelo exigira 1) pontos de
presenca da espécie, 2) um tipo de “auséncia” (i.e., pseudo auséncia ou background ou
auséncia real) e 3) um algoritmo. As estapas 2 e 3 estdo correlacionadas uma vez que o tipo de

algoritmo requer um tipo de “auséncia”.

O processo de modelagem ¢ longo e complexo, comecando antes mesmo da parte

computacional. A escolha do tipo ou qual algoritmo utilizar ou, ainda, qual “auséncia” incluir
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no modelo, sdo decisdes que aparentam possuir maior peso do que a delimitagdo da area de
estudo. No entanto, o tamanho da area influenciara o processo de modelagem (SILLERO et
al., 2021) quanto a quantidade de pontos de ocorréncia e na captura da heterogeneidade

ambiental por parte dos algoritmos.

A extensdao da area de estudo impacta na percep¢ao do espagco ambiental: areas
restritas podem ndo permitir o acesso a amplitude real de ocorréncia da espécie
(CARRETERO; SILLERO, 2016). Por outro lado, a modelagem que inclua o alcance total de
distribuicao da espécie permite aos algoritmos captarem a variabilidade ambiental de forma
mais completa, gerando modelos mais proximos do real (BARBET-MASSIN et al., 2010;
RAES, 2012; CARRETERO; SILLERO, 2016).

Torna-se, portanto, perceptivel que ha uma base compartilhada por SDMs e ENMs no
processo de modelagem: a quantidade de pontos de presenca, o tipo de auséncia utilizado, e
qual algoritmo fara o processamento dos dados. Falhas ou decisdes equivocadas em um
desses pontos (e.g., selecdo da ‘“‘auséncia”, escolha do algoritmo) podera levar ao
enviesamento do modelo final e afetar, portanto, sua qualidade em predizer a adequabilidade

do ambiental para a espécie ou a distribui¢do potencial.

Na avaliagdo estatistica do modelo ¢ possivel quantificar o total de falsos positivos e
falsos negativos. Um falso positivo serd a predicdo incorreta de uma auséncia ou a
demarcagdo de um local como nao adequado para a espécie quando este €, de fato, adequado.
Em contrapartida, um falso negativo serd o oposto: o modelo prediz uma presenca falsa ou um
local adequado que, na verdade, ¢ inadequado. Para a modelagem, falsos positivos e negativos
sdo denominados como erro de omissdo e comissdo, respectivamente (PETERSON;

SOBERON, 2012).

Outro fator fundamental para o desenvolvimento de um modelo ¢ o tamanho amostral
representado pelos pontos de presenga da espécie em estudo. Nao existe um tamanho fixo ou
ideal para a execucdo da modelagem e este tamanho dependera das observagdes realizadas
localmente ou disponiveis em bases de dados ou, ainda, do tipo de algoritmo utilizado

(SILLERO et al., 2021).

Embora o acesso as grandes bases de dados virtuais permita ao pesquisador coletar
uma quantidade consideravel de ocorréncias de uma espécie, muitos desses dados sdo

duplicados ou necessitam de algum tipo de corregao (e.g., remocao de centros urbanos). Raes
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e Aguirre-Gutiérrez (2018) argumentam que ndo € possivel inferir uma relacdo entre
ocorréncia e fatores ambientais a partir de poucos pontos de presenga. Por outro lado,
trabalhos como os de Papes e Gaubert (2007), Hernandez e colaboradores (2008) e van
Proosdij e colaboradores (2016) demonstram como o tipo de algoritmo utilizado pode resultar

em projegdes adequadas mesmo quando o numero de ocorréncias ¢ reduzido.

A variabilidade no tamanho amostral para o desenvolvimento de modelos SDMs e
ENMs ¢ evidenciada na literatura (CALL et al., 2016; SHCHEGLOVITOVA; ANDERSON,
2013; TRAN; VU, 2020), sendo possivel observar modelos construidos com 3-16 pontos
(VAN PROOSDIJ et al., 2016) até milhares de pontos de presenca para uma unica espécie
(BOTELLA et al., 2018).

No entanto, ¢ evidente na literatura que o tamanho amostral utilizado ¢ um ponto
critico no processo de modelagem, uma vez que este influencia a acuracia dos modelos
(BUISSON et al., 2010; TESSAROLO et al., 2014; THIBAUD et al., 2014). Qual o minimo
ou maximo de pontos de ocorréncia a se utilizar na constru¢do de um SDM ou de um ENM?
Nao ha tamanho fixo, sendo necessario o pesquisador refletir com base nos demais passos da
modelagem, bem como no objetivo do estudo para que tal decisdo seja tomada (SILLERO et

al., 2021).

Diante de um cenario de degradacdo ambiental e preocupagdo com a conservagao da
biodiversidade, este projeto avaliou o efeito da reducao do tamanho amostral nos processos de
modelagem da adequabilidade ambiental para cinco algoritmos, bem como testou a influéncia
da quantidade de pseudo auséncia e de pontos de background utilizados nas proje¢des de

adequabilidade ambiental para trés espécies de aves brasileiras.

2 FUNDAMENTACAO TEORICA

2.1 Estrutura da base de dados
Os dados utilizados nos processos de modelagem foram classificados de acordo com a
origem: pontos de ocorréncia das espécies (i.e., dados biodticos), variaveis bioclimaticas das

regides de ocorréncia (i.e., dados abioticos) e pontos de pseudo auséncia e background.
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2.2 Dados bioticos

Foram compilados os dados de ocorréncia de trés espécies de aves brasileiras:
Cantorchilus longirostris Vieillot, 1819 (GBIF Secretariat, 2022), Eupsittula cactorum Kuhl,
1820 (GBIF Secretariat, 2022) e Penelope obscura Temminck, 1815 (GBIF Secretariat,
2022). A escolha das espécies foi baseada na distribui¢do espacial (i.e., tamanho da extensao
da éarea de ocorréncia) e na quantidade de pontos de observagdo disponiveis. Os dados de
ocorréncia foram obtidos na Global Biodiversity Information Facility - GBIF (www.gbif.org),
uma base de dados global de acesso publico a informagdes bidticas. O download, limpeza e
processamento dos dados foi realizado no ambiente R 4.2.2 (R Core Team, 2022) a partir dos
pacotes rgbif 3.7.5 (CHAMBERLAIN et al., 2023), dplyr 1.0.10 (WICKHAM et al., 2022) e
tidyr 1.3.0 (WICKHAM, 2022).

Para cada espécie foi feito o download do méaximo de pontos de ocorréncia disponivel
no GBIF para cada espécie (Tabela 1). Por padrao foram eliminados dados redundantes (i.e.,
pontos duplicados), sem informagdes georreferenciadas e/ou com coordenadas incompletas,
centréides municipais, bem como pontos localizados fora do Brasil ou no oceano. Para
diminuir a incidéncia de erros no conjunto de dados, foram considerados validas apenas
observagdes oriundas de espécimes preservados em museu e de observagdo humana em

campo.

Apo6s a limpeza dos dados brutos, o conjunto de cada espécie foi analisado através do
pacote spThin 0.2.0 (AIELLO-LAMMENS et al., 2015), sendo as ocorréncias filtradas através
da mensuragdo da distincia geografica entre cada ponto. Para tal, foi definido um raio limite
de 10 km no entorno de cada presenca ¢ um nimero maximo de iteragdes do algoritmo de
selecdo em 100 réplicas. Isso permitiu a defini¢do do maior tamanho amostral (i.e., tamanho
N1) que contenha um conjunto de ocorréncias suficientes (i.e., dados unicos e

geograficamente espagados) para modelar a espécie (Tabela 1).

Tabela 1 - Total de pontos obtidos para definicdo do tamanho amostral principal (N1)

Espécie Total Total apos filtragem Total final (N1)
Cantorchilus longirostris 11723 2819 645
Eupsittula cactorum 6004 2391 658

Penelope obscura 23668 5055 1131
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Subsequente as etapas de limpeza e filtragem geografica dos dados, os pontos foram
sorteados aleatoriamente e sem reposi¢do, a partir do tamanho N1, e separados em quatro
tamanhos amostrais, numerados de N1 a N4, contendo ocorréncias consideradas validas para

a modelagem (Tabela 2).

Tabela 2 - Subdivisdao dos pontos de ocorréncia das espécies em tamanhos amostrais com
base no sorteio do conjunto principal (N1)

Espécie Tamanho amostral  Total de pontos
N1 645
N2 100
Cantorchilus longirostris
N3 50
N4 20
N1 658
N2 100
Eupsittula cactorum
N3 50
N4 20
NI 1131
N2 100
Penelope obscura
N3 50
N4 20

A divisdo dos pontos de ocorréncia em diferentes conjuntos (Tabela 2) se baseia nos
diferentes tamanhos amostrais encontrados na literatura (Tabela 3). As diferencas de amostras
refletem uma discussdo em aberto, uma vez que nao ha um “tamanho ideal” e a decisdo
quanto ao total de pontos a se utilizar no modelo torna-se particular a cada situacdo

(SILLERO et al., 2021).

Atingir um consenso ou, ainda, padronizar todos os tipos de modelos de distribuicao
ou de nicho ¢ complexo uma vez que a quantidade de pontos utilizados em um modelo

depende de fatores diversos que, muitas vezes, ndo estdo sob o controle do pesquisador (e.g.
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espécie pouco conhecida ou amostrada em campo, endemismo, estado de conservagao critico)

ou, ainda, relacionam-se a configurag¢des especificas dos algoritmos utilizados na modelagem.

Tabela 3 - Exemplos de publicacdes de aplicagdo SDM e ENM com diferentes tamanhos
amostrais obtidos a partir de um levantamento na base de dados Web of Science (2013-2021)

Autor Ano Tamanho amostral
Shcheglovitova & Anderson 2013 6¢9
Carvalho & Del Lama 2015 7al103
Spiers et al. 2018 5al0
Coello et al. 2021 60
Tran & Vu 2020 36
Botella et al. 2018 120 a 14278
Franco & Camps 2020 85
Jurestovsky & Andrew Joyner 2018 87
Flessner et al. 2017 102
Call et al. 2016 1578
Hemami et al. 2020 280
DeVaney 2016 719

Nota: os trabalhos de Shcheglovitova & Anderson (2013), Carvalho & Del Lama (2015) e Botella et al. (2018)
fazem uso de tamanhos amostrais variados para diferentes espécies.

Caracteristicas intrinsecas da programagdo dos algoritmos podem levar o pesquisador
a utilizar um conjunto de pontos maior ou menor, dependendo, novamente, do tipo de
algoritmo utilizado. Isto se torna evidente ao se analisar a literatura voltada a aplicagdo dos
modelos de distribuicdo onde diversos trabalhos apontam, por exemplo, o algoritmo Maxent
como satisfatorio na produgcdo de modelos robustos a partir de um conjunto de pontos
reduzido (ELITH et al., 2006; PEARSON et al., 2006; WISZ et al., 2008; KUMAR &
STOHLGREN, 2009; QIN et al., 2017; EL-GABBAS & DORMANN, 2018; MCCARTNEY
etal., 2019; LI et al., 2020).

2.3 Dados abioticos
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O conjunto de varidveis bioclimaticas (Tabela 4) foi obtido a partir da base de dados
WorldClim, versdo 2.1, contendo dados climaticos para o intervalo 1970 - 2000 (FICK &
HIJMANS, 2017). Os arquivos originais possuem uma resolu¢dao espacial varidvel de 30
segundos a 10 arco-minutos, com area aproximada de 1 km? e 340 km? no equador terrestre,

respectivamente, em formato GeoTiff (.tif).

Tabela 4 - Variaveis bioclimaticas obtidas na base de dados WorldClim, versdo 2.1 e
respectiva codificacio

Codigo Variavel
BIO1 Temperatura média anual
BIO2 Faixa diurna média
BIO3 Isotermalidade
BIO4 Sazonalidade de temperatura
BIOS Temperatura maxima do més mais quente
BIO6 Temperatura minima do més mais frio
BIO7 Faixa anual de temperatura
BIO8 Temperatura média do trimestre mais imido
BIO9 Temperatura média do trimestre mais seco
BIO10 Temperatura média do trimestre mais quente
BIOI11 Temperatura média do trimestre mais frio
BIO12 Precipitagdo anual
BIO13 Precipitagdo do més mais chuvoso
BIO14 Precipitacdo do més mais seco
BIO15 Sazonalidade de precipitacao
BIO16 Precipitagao do trimestre mais umido
BIO17 Precipitag¢do do trimestre mais seco

BIO18 Precipitacao do trimestre mais quente
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BIO19 Precipitagao do trimestre mais frio

Devido ao tamanho da area de amostragem ser o territorio brasileiro, as variaveis
biocliméticas foram amostradas em resolugdo de 2.5 arco-minutos, o que equivale a
aproximadamente 5 km2 no equador terrestre. A escolha da resolucao espacial se baseou na
precisao pretendida na modelagem, bem como na area de cobertura dos modelos (HIJMANS
et al., 2005). Posteriormente, as variaveis bioclimaticas foram recortadas para a area de estudo

através do pacote raster 3.6-14 (HIJIMANS & ETTEN, 2023).

Anterior ao processo de modelagem, se faz necessario analisar o parametro de
colinearidade entre as diversas varidveis que podem vir a compor o treinamento de um
modelo. Entende-se por colinearidade ou multicolinearidade o efeito da correlagdo entre dois
ou mais preditores utilizados no treinamento de um modelo (NAIMI; ARAUJO, 2016). De
acordo com Dormann e colaboradores (2013), diversos modelos estatisticos (e.g., técnicas de
regressdo) sdo suscetiveis a problemas de colinearidade, podendo enviesar sua validagao

estatistica.

Isto posto, para cada espécie, foram cruzadas as 19 varidveis ambientais do Worldclim
com os dados de observacao para calcular o Fator de Inflacdo da Variancia (VIF sigla em
inglés) a partir do pacote usdm 1.1-18 (NAIMI et al., 2014). O calculo do VIF se baseia em
uma metodologia mais precisa do que os métodos de correlacdo de Spearman e Pearson, uma
vez que € capaz de demonstrar a forga com que uma variavel é explicada pelas demais no

conjunto de dados (NAIMI & ARAUJO, 2016).

A selecao das variaveis por meio do VIF se baseia no valor de R? resultante da
regressao de uma variavel em funcao das outras no conjunto. Esse processo excluird aquela
com valor VIF acima do limite de corte, sendo repetido até que todas as variaveis com alta
colinearidade sejam excluidas. De acordo com Chatterjee ¢ Hadi (2006), valores de VIF
acima de 10, como regra geral, indicam problemas de colinearidade no modelo. Isto posto,
esse valor foi adotado como corte para o calculo do VIF nas variaveis ambientais para as trés

espécies estudadas.



29

2.4 Selecio de pseudo auséncia e background

Os dados das espécies obtidos a partir da base de dados GBIF sdo caracterizados
apenas como dados de presenga, uma vez que dados de auséncia das espécies nao estdo
disponiveis. Para efeitos de modelagem e de acordo com a metodologia empregada (i.e., tipo
de modelo e algoritmo utilizado), faz-se necessario o uso de dados de auséncia. Para tal, o
pesquisador precisard selecionar dados de background ou, ainda, gerar dados de pseudo

auséncia (HANBERRY et al., 2012; BROTONS et al., 2004).

A selecao de background ou de pseudo auséncia pode ser processada de diferentes
formas, a depender da metodologia utilizada (CENGIC et al., 2020; CHAPMAN et al., 2019;
ITURBIDE et al., 2018; SENAY et al., 2013). Com base nos trabalhos de Wisz e Guisan
(2009), Barbet-Massin e colaboradores (2012) e Liang e colaboradores, (2018), foram
selecionadas trés metodologias para a geracao de pontos de background e pseudo auséncia:
selecdo aleatoria, selecdo por exclusdo geografica ao redor dos pontos de observacao e

sele¢do por envelope climatico.

Os pontos gerados foram subdivididos em quatro conjuntos durante o processo de

selecdo (Tabela 5), baseado nas recomendacdes de Barbet-Massin e colaboradores (2012).

Tabela 5 - Subdivisdo dos pontos de background e de pseudo auséncia

Conjunto  Total de pontos

S1 10000
S2 1000
S3 250
S4 1:1

Nota: sele¢do na proporgdo 1:1, onde para cada ponto de presenga foi gerado um ponto de background ou de
pseudo auséncia.

2.5 Selecao dos algoritmos

Existem diferentes algoritmos aplicaveis aos processos de modelagem. Para sele¢do de
quais iriam compor o estudo, foi realizado um levantamento na base de dados Web of Science
no ano de 2019, para o periodo 2009-2019, através das palavras-chave “species distribution

model” AND “ecological niche model”. Para o referido periodo foram obtidas 2963
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publicagdes que se enquadraram nos processos de modelagem de distribuicdo de espécies ou

de nicho ecologico.

O resultado foi filtrado sem distingdo de area e/ou espécie estudada com base no
trabalho de Raes e Aguirre-Gutiérrez (2018), onde os autores apresentam uma listagem dos
algoritmos mais utilizados na modelagem de distribuicdo de espécies. Foi calculado, entdo, o
percentual de aplicacdo dos algoritmos mais referenciados (Tabela 6) e, a partir destes, feita a
selecdo para o trabalho.

Tabela 6 - Total de publicagdes e percentual de aplicacdo dos algoritmos mais frequentes em

trabalhos de distribuigdao de espécies e de nicho ecologico segundo Raes e Aguirre-Gutiérrez
(2018) para o periodo 2009-2019

Algoritmo Total de publicac¢des Percentual de aplicagido
Maxent 1564 53%
Random Forests 811 27%
GLM 176 6%
GAM 174 6%
GARP 104 4%
DOMAIN 64 2%
BIOCLIM 70 2%
Total 2963 100%

Com base nos resultados bibliograficos, foram selecionados: GLM, GAM, Maxent e
Random Forests para os procedimentos de modelagem das espécies, utilizando como critério
de sele¢dao o niamero de publicacdes. O algoritmo BIOCLIM também foi incluido com base na

facilidade de aplicagdo e pelo pioneirismo da metodologia (BOOTH et al., 2013).

2.6 Estimativa da Extensao de Ocorréncia das espécies

Para comparar as variagdes de cada modelo e avaliar os processos de modelagem,

fez-se necessario obter um modelo padrao de area para cada espécie que contenha 0 maximo
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dos pontos de distribuicdo. Para tal, estimou-se a area de ocorréncia das espécies através do

calculo da Extensao de Ocorréncia - EOO, em inglés.

Entende-se por Extensdo de Ocorréncia a area contida no interior do menor limite
continuo que pode ser tracado de modo a conter todos os locais de ocorréncia, quer real, quer
potenciais ou projetados de uma espécie (IUCN, 2012). O EOO de uma espécie pode ser
tracado através de um minimo poligono convexo (ou através de um alpha Hull) onde todos os
locais de ocorréncia estdo contidos em seu interior (IUCN, 2012). Para estimar o EOO das
espécies utilizou-se o pacote ConR 1.3.0 (DAUBY et al., 2017), sendo mapeado e plotado a

Extensao de Ocorréncia (Figura 1).

Cantorchilus longirostris Eupsittula cactorum Penelope obscura

10°S -

Latitude

70°W 60°W 50°W 40°W 30°W 70°W 60°W 50°W 40°W 30°W 70°W 60°W 50°W 40°W 30°W
Longitude

Figura 1 - Distribuicdo dos pontos de ocorréncia obtidos na base de dados GBIF dentro das
Extensdes de Ocorréncia para as espécies estudadas. A linha vermelha denota os limites do
EOO. A versao em alta resolucdo se encontra no Material Suplementar 1. Fonte: autoria

propria (2022).

O poligono calculado para representar o EOO das espécies, bem como o valor da area
interna, foi utilizado para a comparar as areas dos modelos gerados por cada algoritmo,
combinagdo de tamanhos amostrais, métodos e grupos de pontos de background e pseudo

auséncia.

2.7 Modelagem, validacio estatistica e consenso entre modelos

Todos os modelos foram produzidos no R 4.2.2 (R CORE TEAM, 2022) através do
pacote sdm 1.1-8 (NAIMI & ARAUJO, 2016). Tomando por base a divisdo do conjunto
amostral em N1-N4 e dos pontos de background e pseudo auséncia em S1-S4, o processo de

modelagem (Figura 2) foi separado com base no tipo de amostragem de background e pseudo
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auséncia (i.e. aleatoria, por exclusdo geografica, por envelope climatico) e pelo algoritmo

utilizado.

A calibragao (i.e., fitting em inglés) dos modelos foi configurada de modo que 75% da
amostra fosse utilizada como treinamento e 25% como teste, sendo o processo repetido 10
vezes para cada algoritmo através da técnica de subsampling, sem reposicao dos dados a cada
reamostragem. Os cinco algoritmos selecionados para o trabalho foram utilizados em
sequéncia, em sua configuragdo padrdo, e fazendo uso dos mesmos procedimentos de

treinamento/teste descritos anteriormente.

Fase I (pré-modelagem) Fase II (modelagem) Fase III (pés-modelagem)

Dados de ocorréncia: Calculo de rea (km2):

« 3espécies
« GBIF

Selegiio dos tamanhos amostrais:

* Limpeza e filtragem dos dados de

ocorréncia

Fitting:

* Intervalo 0.5 - 1.0 de adequabilidade
o Percentual de projegio em relagio ao EOO
calculado para a espécie

o Tamanhos N1-N4 * 4 tamanhos amostrais / espécie
« 4 tamanhos de bg ¢ pa / espécic
« 3 tipos de geragdo de b ¢ paf espécic

« 5 algoritmos / espécie

Varidveis ambientais:
* Worldclim v.2.1

* Resolugio 2.5 arc-min. (~5km2) Recorte das varidveis ambientais

Validagio biolégica:
« VIF > 10 removido por .
colinearidade

« Distribr o5 pontos de ocorréncia dentro da

Geraggio de background (bg) « 10 réplicas / algoritmo
e pseudo auséncia (pa):
Algoritmos: . SI-84
* Bioclim, GAM, GLM,
Maxent, Random Forests

« Comparagio com a distribuicio real conhecida
da espécie

Projegio:
Validagdo: « 10 projegées / algoritmo

« AUC207 * 50 projecées / tamanho amostral
© T$5205 * 50 projecdes / tipo de b e pa

Sumrio: * X projegdes por espécic
« 12 tamanhos de bg ¢ pa ¢ 50 modelos por n amostral
600 modelos e projegdes por tamanho amostral

« 600 modelos ¢ projegdes por n amostral * 4:

2400 modelos e projecdes por espécie Ensemble:

* Modelos com TSS > 0.5
o M. sensibilidade + Mdx. especificidade
o 1 ensemble | algoritmo

« 2400 modelos ¢ projegdes por espécie * 3:

Total de 7200 modelos e projecdes

Figura 2 - Visao geral do processo de constru¢cao de um SDM / ENM, desde a obtengdo dos
dados biologicos e ambientais, calibragdo (i.e. fitting) do modelo e posterior avaliagdo. A
versdo em alta resolucdo se encontra no Material Suplementar 1. Fonte: autoria propria

(2022).

A validacao dos modelos se baseou no valor de ROC/AUC e TSS por serem medidas
bastante utilizadas na avaliacdo de modelagens de distribuicdo de espécies e de nicho

ecoldgico (ALLOUCHE; TSOAR; KADMON, 2006; FIELDING; BELL, 1997).

Tendo em vista que nao ha um Unico algoritmo com performance superior aos demais
e, portanto, os resultados de uma modelagem podem diferir significativamente dentro do
mesmo conjunto de dados (ELITH et al.,, 2006; THUILLER, 2004), a metodologia dos
modelos de consenso (ensemble, em inglés) se apresenta como uma alternativa para combinar
os diferentes algoritmos em uma unica projecao final (MARMION et al., 2009), permitindo

enxergar a tendéncia central dos modelos gerados pelos diferentes algoritmos.
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Apbs a projecdo individual dos modelos para cada algoritmo, foi realizada uma
selecdo dos melhores modelos para constru¢do de um ensemble baseado no valor de TSS, de
modo a maximizar a sensibilidade e especificidade dos modelos. Deste modo, apenas os
modelos que atenderam aos critérios (i.e., maxima sensibilidade/especificidade) foram

selecionados e combinados em uma Unica proje¢ao final para medi¢do das areas.

De forma a validar a interferéncia do tamanho amostral no ensemble, inclui-se,
também, uma medida de area modelada onde a projecao total do modelo (i.e. somatodria da
areas de adequabilidade de 0% a 100%) e, também, das areas projetadas para as
probabilidades de 75% e 100%, respectivamente. Os valores projetados foram comparados
por algoritmo (i.e. tamanhos amostrais e pseudo auséncia por algoritmo e entre algoritmos) e

com o poligono de estimagao da 4rea de ocorréncia da espécie.
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Abstract

The knowledge of species distribution is important for conservation planning, risk
assessment, and to further ecological research. It can be derived from correlating
environmental factors with occurrence records to create suitability and potential distribution
predictions. This is known as Species Distribution Modeling (SDM) and Ecological Niche
Modeling (ENM). Although these techniques gained popularity in recent years, there is still
some confusion regarding important aspects of the modeling processes such as sample size
influence in the fitting of the models. Using four different sample sizes (N1-N4) and two sets
of pseudo absence and background points (n = 1000 and n = 10000) for three species of
Brazilian birds, we evaluate the effect of small sample sizes on model performance and
predicted suitable areas with five common SDM/ENM algorithms: Bioclim, Generalized
Additive Models (GAM), Generalized Linear Models (GLM), Maximum Entropy (Maxent),
and Random Forests. The reduction of the sample size to 20 points significantly affected the
performance of the models, generating unreal projections that hold no biological significance
when considering an interval of suitability of 0.5-1.0. AUC values for all algorithms showed
poor performance for all sample sizes, with N4 showing further loss of model quality for
Bioclim. The effect of sample size detected in this study can be minimized with the proper
selection of algorithms that can deal with small samples, while also comparing models to a
null model of the Extent of Occurrence (EOO) of the species regarding projected suitable
areas for the 0.5-1.0 interval.

Keywords
sample size, ecological niche model, model evaluation, ensemble modeling

Introduction

One of the most widely used techniques to study species distribution is called Species
Distribution Modeling (SDM) (Aratjo and Peterson 2012). This approach combines
computational and ecological concepts to devise models to explain the relationship between
environmental variables and the occurrence of a species (Guisan and Zimmermann 2000,
Peterson 2011, Aratjo and Peterson 2012).

Correlative models are the most common approach to an SDM. This type of model aims to
correlate occurrence data with environmental variables which, in turn, allows the model to
predict a set of environmental factors that are relevant to the species (Guisan and
Zimmermann 2000, Guisan and Thuiller 2005).
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Different terminologies have been applied to the same techniques, such as Species
Distribution Modeling, Ecological Niche Modeling, Bioclimatic Envelope Modeling, and
Habitat Suitability Models (Elith and Leathwick 2009, Franklin and Miller 2009, Aratjo and
Peterson 2012). Although used as synonymous with one another, an SDM can not be
classified as such when the main object being modeled is an entity in the domain of niches.
Thus, many modern approaches labeled as SDMs are, in fact, Ecological Niche Models
(ENM) and need to be treated as such based on the fact that both approaches (i.e., SDM and
ENM) target different objects in geographic and environmental spaces (Peterson and Soberon
2012).

Despite nomenclatural confusion regarding the techniques applied, the field of SDMs/ENMs
faces another problem: sample sizes. Papers such as Stockwell and Peterson (2002), Papes
and Gaubert (2007), Wisz et al. (2008), and Proosdij et al. (2016) are some examples of
investigative studies regarding sample size influence in SDM/ENM methods. How many
occurrence points of a species should be used for effective model calibration is, still, an open
question in the literature (Sillero et al. 2021).

Biological meaningful models were produced with as low as 5 distinct occurrence records
(Pearson et al. 2006, Shcheglovitova and Anderson 2013, Galante et al. 2018). Maxent
(Phillips et al. 2006) is a well-known algorithm that can produce biologically significant
models ranging from three to 13 presence points (van Proosdij et al. 2016), but other
algorithms tend to be penalized with less than 30 observations.

Sillero et al. (2021) and Barbet-Massin et al. (2012) are important papers that deal with the
implication of sample size in SDM/ENM fitting. Nevertheless, there is no consensus in the

literature regarding sample size. What can be found are suggestions such as Field et al.
(2012), Franklin (2010), and Stockwell and Peterson (2002).

Given the necessity to further investigate the effects of sample size on model performance and
biological significance, we combined the predicted suitable area, the extension of occurrence,
and traditional statistical metrics (i.e. AUC, TSS) to access species and ecological niche
models performance for three Brazilian avian species.

Methods

Selection of species and database compilation

We selected three species of Brazilian birds for the modeling procedures: Cantorchilus
longirostris (Vieillot, 1819), Eupsittula cactorum (Kuhl, 1820), and Penelope obscura
(Temminck, 1815). All three species were selected based on 1) the number of occurrences and
2) their geographic distribution being constrained to Brazil. Geo-referenced presence records
were obtained from the Global Biodiversity Information Facility - GBIF (www.gbif.org) via
the rgbif'3.7.5 package (Chamberlain and Boettiger 2017); records with uncertain coordinates,
absence of latitude or longitude, marked as NA (i.e. not available), and duplicates were
eliminated from the data via dp/yr 1.0.10 (Wickham et al. 2022b) and tidyr 1.3.0 (Wickham et
al. 2022a) packages. The final datasets for all three species comprised unique and
representative records: C. longirostris (n = 645), E. cactorum (n = 658), and P. obscura (n =
1131). All procedures were performed in R 4.2.2 (R Core Team 2022).
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Selection of Environmental Variables

We obtained 19 bioclimatic variables from the WorldClim (www.worldclim.org) database at a
resolution of 2.5 arc-minutes. All variables comprise version 2.1 of the WorldClim database
(Fick and Hijmans 2017). A Variance Inflation Factor (VIF) test was conducted for each
species to remove correlated variables to avoid over-fitting the models (Mateo et al. 2013) via
the usdm 1.1-18 package (Naimi et al. 2014). A threshold of 10 was selected for the VIF test
since variables with correlation values above it tend to overfit the model (Chatterjee and Hadi
2012). Only variables with collinearity values below the threshold were preserved for the
modeling procedures. Given the three species are not from the same genus nor the same
region, their ecological profile (e.g., environmental preferences) is different, which is
reflected in the number of variables selected by the VIF technique (Table 1).

Table 1. The least correlated variables selected via VIF analysis for modeling

Species Variables

BIO2, BIO4, BIOS, BIO13,

Cantorchilus longirostris BIO14, BIOLS, BIOIS, BIO19

BIO2, BIO3, BIO4, BIOS, BIO13,

Eupsittula cactorum BIO14, BIO15, BIO18, BIO19

BIO3, BIOS, BIO7, BIOS,

Penelope obscura BIOY, BIO12, BIO13, BIO18

Selection of sample sizes

To test the effect of the sample size in the fitting of an SDM/ENM, we created four sizes: N1
= the maximum number of unique points after data cleaning, N2 = 100, N3 = 50, and N4 =
20. Sizes N2-N4 were sampled from N1, with replacements to prevent repetitions. To define
the number of occurrences in N2-N4 sizes, we reviewed the Web of Science database
(www.webofscience.com) using “species distribution modeling” AND “ecological niche
models” as keywords. We obtained a total of XX papers, from which 12 papers were selected
to illustrate how sample size varies across applications of the same techniques (Suppl.
material 1).

Modeling procedures

All ENMs were fitted using five widely used algorithms: Bioclim (Busby 1991), Generalized
Additive Model - GAM (Hastie and Tibshirani 1986), Generalized Linear Model - GLM
(McCullagh and Nelder 1998), Maxent (Phillips et al. 2006), and Random Forest (Breiman
2001). Algorithm selection was based on the work of Raes and Aguirre-Gutiérrez (2018).
Modeling procedures were implemented in the sdm 1.1.8 package (Naimi and Araujo 2016)
via the R 4.2.2 environment (R Core Team 2022), with all algorithms being used with the
default configuration. Two sets of background and pseudo absence points were randomly
generated from the study area, containing 1000 and 10000 points, respectively. We performed
100 runs per species (five algorithms x 10 subsampling runs x 2 sets of background and
pseudo absence points), totalizing 300 model runs. The dataset was partitioned to evaluate
model fitting, with 75% of the data used for training and 25% for testing. Model accuracy was
analyzed via the True Skill Statistic analysis (Allouche et al. 2006) and the Area Under the
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Curve (AUC) value from the Receiver Operating Characteristic (ROC) (Fielding and Bell
1997). To create the final projections, we applied the ensemble technique following Buisson
et al. (2010) recommendations, defining two thresholds (AUC > 0.7 and TSS > 0.4) to
exclude models with poor performance. Thus, only the best models were selected for the
ensemble, yielding one single map for each algorithm.

Suitable area measurement

To assess the biological validity and the effects of sample size in model fitting, we measured
1) the total suitable area predicted (in square kilometers) and 2) areas above the 0.5 thresholds
of suitability for each algorithm. Area values were calculated from the ensemble (Suppl.
material 2).

Since model performance can present omission/commission errors, a minimum convex
polygon was drawn to represent and constrain the Extent of Occurrence (EOO) for the three
species using the ConR 1.3.0 package (Dauby 2020), following IUCN (2012) guidelines. Per
definition, the EOO represents the area calculated from the minimum polygon that can be
drawn to represent all sites of present occurrence of a species, be it known, inferred, or
projected (IUCN 2012). We used the EOO polygon as a null model for the total area occupied
by the species.

Suitability areas were then compared to the EOO area to assess biological viability and infer
possible sample size influence in the fitting of the models by calculating the sum of predicted
areas above the 0.5 thresholds of suitability. We decided to use 0.5 as the threshold for area
calculation based on the hypothesis that, if the model should be used for conservation
purposes, the best candidate areas for preservation should be, at least, 50% suitable for any
given species to survive.

Results

Extent of Occurrence

The estimated Extent of Occurrence for each species (Suppl. Material 1) using the minimum
convex polygon is consistent with the 2016 and 2018 TUCN Red List assessments (Table 2).
However, differences can be noted given that all species occur beyond Brazilian frontiers and
points that fall on other countries were excluded from the analysis.

Table 2. Comparison of the estimated Extent of Occurrence and [UCN Red List assessment of
each species range

Species EOO IUCN

(km?) (km?)
Cantochilus longirostris 2,330,207 2,240,000
Eupsittula cactorum 2,021,247 1,220,000
Penelope obscura 1,121,955 3,110,000
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Suitable Area and Model Performance

Compared to the total area of the convex polygons (i.e. species EOQO), the predicted suitable
area for the 0.5-1.0 suitability interval for all five algorithms changed accordingly to sample
size variation. Both sets of pseudo absence/background points also influenced the projection
of the models (Figure 1, Figure 2).
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Figure 1. Percentual of predicted suitable area for all three species, considering the 0.5 - 1.0
threshold of suitability (red line). All models were fitted using the first set of pseudo
absence/background points (n = 1000) and the EOO of the species constrained projections. A
high-resolution version is available in Suppl. Material 1.

GAM, GLM, and Random Forests models showed the most noticeable area change when the
sample size is reduced beyond N1. Although these models produced no area value when the
suitability interval is considered for sizes N2-N4 (Figure 1, Figure 2), these algorithms were
able to project suitable areas inside the EOO for all three species, although it holds little
biological value due to increased omission and commission errors (Figure 3, Figure 4). All
projections are available as Supplemental Material 1.



50

Bioclim GAM GLM Maxent Random Forests

100 =

79.7 78.6

75.4
75+
so- N A ., — —— ————— ———— —+—— ——————1— ———————— 11—
25+
3.5
J II 0.1 ° o k2 °

(
lm; T

SLYSOUSUO] SHJIY210]UD))

°

31.3
27.8
0.4 0.4 o o o o

(0.5 - 1.0 interval)
WniL01on> n]m;]sdng

Predicted Suitable Area (%)

°
°

panasqo adojouag

A

o o o L

g ? ; ' ' i :

N1 N2 N3 N4 N1 N2 N3 N4
Sample Size

0. 0.1
i v
N3 N4

Figure 2. Percentual of predicted suitable area for all three species, considering the 0.5 - 1.0
threshold of suitability (red line). All models were fitted using the first set of pseudo
absence/background points (n = 10000) and the EOO of the species-constrained projections.
A high-resolution version is available in Suppl. Material 1.

In contrast, Bioclim and Maxent models projected more stable areas when the suitability
interval is considered. Bioclim presented the most conservative approach, with a significant
area retraction in N4 for C. longirostris and P. obscura; E. cactorum areas were stable across
all four sample sizes. Maxent projections varied between sample sizes, dropping below the
threshold of 0.5 starting from N2 size for all three species. For all algorithms, when sample
size extremes are compared (i.e. N1 with N4), predicted suitable areas show significant
reduction within the interval of 0.5 - 1.0 suitability. When all four sample sizes are
considered, model performance tends to drop when departing from N1, with significant losses
around N3 and N4.

Both sets of pseudo absence and background points showed influence in projected areas, with
major losses being observed with n = 10000, except for Bioclim and Maxent models, although
the biological validity of all models cannot be ascertained.
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Figure 3. Projected models of Cantorchilus longirostris based on all five algorithms
considering the full spectrum of suitability. The red line represents the EOO of the species;
the dots represent the occurrence points of each sample size used to train the models. A set of
n = 1000 pseudo absence and background points were used during model fitting.
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Figure 4. Projected models of Cantorchilus longirostris based on all five algorithms
considering the threshold of 0.5 - 1.0 of suitability. The red line represents the EOO of the
species; the dots represent the occurrence points of each sample size used to train the models.
A set of n = 1000 pseudo absence and background points were used during model fitting.

As shown in Figures 3 and 4, model performance is hindered by the sample size reduction and
when a threshold of suitability is defined. This behavior was observed for all three species
(Suppl. material 3). During model fitting, GAM and GLM models failed when the distribution
of presence and “absence” data was right-skewed (i.e. more absence points than occurrence
points in the sample). This imbalance in data is further evidenced in Figure 2, where GAM,
GLM, and Random Forest models produced low to zero suitability with sample sizes as N3 (n
=50) and N4 (n = 20). These models were trained with a set of pseudo absence/background of
10000, a ratio of 1:200 and 1:500, respectively.

Statistical Analysis

Mean AUC and TSS values showed no significant variation for sizes N1-N3 when
comparisons were made within the same algorithm, independently of pseudo
absence/background points quantity (Figure 5, Figure 6). Comparisons between algorithms
show higher AUC and TSS values (AUC > 0.7, TSS > 0.4) for all algorithms except Bioclim;
Random Forests presented the highest mean AUC across all three species for size N1 in both
sets of pseudo absence/background points, with the lowest values being presented by Bioclim
in all sizes.
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Figure 5. Mean AUC (A) and TSS (B) values for 1000 pseudo absence/background points for
all three species. The values represent the average value per sample size.

Except for Bioclim, all algorithms presented significantly lower AUC and TSS values for
sample size N4, with the lowest scores being registered by GAM (AUC = 0.48, TSS = 0.25
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for Penelope obscura) and Bioclim (AUC = 0.37, TSS = 0.08 for Penelope obscura),
respectively, for models fitted with 1000 pseudo absence/background points (Figure 5 A and
B). When the models were fitted with 10000 pseudo absence/background points, all
algorithms except Bioclim presented values above the validation thresholds (AUC > 0.7 and
TSS > 0.4) for Cantorchilus longirostris and Eupsittula cactorum; for the third species,
Penelope obscura, all algorithms except Bioclim presented values above the validation
thresholds only for sample N1, dropping in N2-N4. Bioclim scored above the thresholds only
in Eupsittula cactorum, dropping below it in size N4.
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Figure 6. Mean AUC (A) and TSS (B) values for 10000 pseudo absence/background points
for all three species. The values represent the average value per sample size.

Discussion

Sample size influence on model performance is well known in the literature (e.g. Buisson et
al. 2010; Tessarolo et al. 2014; Thibaud et al. 2014), even though there is no consensus in the
literature. Bioclim and Maxent are two common algorithms that show how sample size
influences model performance: it’s possible to fit a model with less than 20 occurrences but
each algorithm will perform differently. Bioclim usually can predict a very large or a very
small suitable area, while Maxent is well known for producing good results with samples as
small as 13 (Papes and Gaubert 2007; Hernandez et al. 2008; van Proosdij et al. 2016).
Although algorithm programming should be taken into account in model fitting, knowledge of
the ecological traits of the species and the quality of the occurrence records are also crucial
factors in model performance (Sillero et al. 2021).

While suitable areas predicted by Bioclim and Maxent models were relatively constant when
considering sample sizes N1-N3, these areas showed reduction when the sample size is N4
(Figure 3). On the other hand, GAM, GLM, and Random Forests algorithms showed the most
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prominent area reduction as sample size changes (Figure 1, Figure 2). This type of result is
known as omission and commission errors (Peterson and Soberon 2012), which can hinder
model performance, resulting in abnormal projections (Figure 3) and AUC values (Figure 4).
Da Silva et al. (2020) suggest that uncertainty in model projections is not only related to
algorithm programming, but to environmental variables not considered for the fitting of the
models. Per Sillero et al. (2021) suggestions, our results show that to avoid these pitfalls,
algorithms should be chosen based on the type of data available and the object of the model
(i.e., environmental niche or the potential distribution of the species) (Peterson and Soberon
2012).

All three species showed a significant contraction of the predicted suitable area as the sample
size is reduced from a maximum number of occurrences (N1) to as few as 20 (N4), which is
to be expected since a species range influences environmental complexity (Sillero et al. 2021).
When a threshold of suitability is defined (0.5 - 1.0), the size of predicted suitable areas can
be reduced further or models can fail (Figure 3), which, for instance, can hinder the use of
such models in conservation planning since habitat suitability/unsuitability is not a probability
of a species occurrence or absence (Sillero et al. 2021).

For all three species, when considering all five algorithms, AUC values were high for all
sample sizes except N4 (Figure 4). High AUC values are a rough estimate of model
predictability of the niche or potential distribution of a species (Elith and Leathwick 2009),
but it also can hide omission/commission errors since the ROC curve is well known for being
influenced by the total extent where models are fitted (Lobo et al. 2008). By reducing the
sample size across the study area (i.e. EOO), our results demonstrate how the algorithms see
only part of the full range of environmental variation for the species, reflecting in small and
not biologically significant suitable areas being projected. Carretero and Sillero (2016) state
that partial distributions, represented by smaller and constrained sample sizes, can negatively
affect an ENM/SDM by constraining the model to a space that does not correspond to the full
extent of the species niche, which was seen in our results.

As a way to improve model quality and its biological significance, instead of choosing an
algorithm by its popularity in the literature, we suggest fitting the models with at least 5
different algorithms and using no less than 50 unique presence records since performance
tends to drop when occurrences are below that number. When more than one algorithm is
used to model a species niche/potential distribution, we recommend the use of the ensemble
technique as a way to maximize the specificity and sensibility of the models by capturing the
best estimates of each algorithm into a single final projection (Marmion et al. 2009).

Regarding suitable area and/or potential distribution projections, we suggest the estimation of
the Extent of Occurrence of a species and using it as a null model, comparing 1) the total
predicted suitable area and 2) areas for the 0.5 - 1.0 interval to the EOO for final validation.
Model evaluation can be misled by thresholding and the technique used since it can hide
errors and mislead projection interpretation when high values (e.g. AUC and TSS > 0.8) are
obtained. Algorithm selection, sample size, and the statistical techniques used to validate an
ENM or SDM are crucial points that need to be thoroughly addressed to achieve statistical
and biologically robust models.
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Abstract

The understanding of species distribution is crucial for conservation planning, risk
assessment, and advancing ecological research. Species Distribution Modeling (SDM) and
Ecological Niche Modeling (ENM) are widely used approaches that involve correlating
environmental factors with occurrence records to create predictions of species suitability and
potential distribution. Despite the growing popularity of these techniques, there is still some
ambiguity surrounding key aspects of the modeling process, such as the influence of pseudo
absence and background data on model fitting. To test the influence of pseudo absence and
background data on model performance, we selected four pseudo absence / background
datasets (S1 = 10000, S2 = 1000, S3 = 250, S4 = proportional to presence data), generated via
three methods (random sampling, surface range envelope, and geographical exclusion in a
10km from a presence point). As biological data for modeling we selected three species of
Brazilian Birds (Cantorchilus longirostris, Eupsittula cactorum, and Penelope obscura). Our
results show that the performance of species distribution models can be adversely affected not
only by the size of the sample, but also by the quantity and type of pseudo-absence or
background data used for model fitting. Our findings reveal that commonly used algorithms
exhibit subpar performance when there is an imbalance between presence points and
pseudo-absence or background data. Furthermore, we highlight that relying solely on
statistical metrics to assess model performance can lead to misinterpretation of results, as the
biological relevance of the models is crucial, given the diverse applications of SDM/ENM
techniques. Therefore, we recommend a three-step approach for setting up SDM/ENM
models: (1) clearly defining the aim of the project (e.g., niche modeling, potential
distribution), (2) selecting appropriate algorithms based on the sample size and study area
extent, and (3) evaluating model performance not only through robust statistical methods
(e.g., True Skill Statistic, TSS), but also considering the biological significance of the models.

Keywords

absence data, modeling evaluation, conservation, sdm, enm

Introduction

Biodiversity changes in space and time. While this is a natural process, it can be heavily
influenced by human activities (Pinto-Ledezma; Cavender-Bares 2021). Many techniques can
be used to study and quantify biodiversity data (e.g. alpha and beta diversity indexes), relying
not only on biological and ecological concepts but also on field sampling and data analysis.
The creation of global repositories of species data such as occurrence points is a direct result
of integrating Biology and Informatics (Jetz; McPherson; Guralnick 2012).
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Discerning why a species is where it is is a difficult task. One approach to this question is to
know what environmental factors contribute to the presence of the species (e.g. precipitation,
mean temperature) and try to correlate it to occurrence data in the field. This is the concept
behind the Species Distribution Model - SDM technique, one of the most widely used
approaches to studying biodiversity distribution (Aratijo and Peterson 2012). The combination
of occurrence and environmental data allows the construction of a type of model known as a
correlative model which aims to try and correlate the presence of a species and environmental
characteristics where it occurs (Guisan and Zimmermann 2000, Peterson 2011, Araujo and
Peterson 2012).

In theory, a basic SDM model requires three types of data: presence and absence points, and
environmental variables. Although global databases such as the Global Biodiversity
Information Facility - GBIF (www.gbif.org) gives access to occurrence data, often these
databases lack absence information. Without it, there’s no statistical possibility of
characterizing the niche of a species (Descombes et al. 2022).

To prove or disprove the occurrence of a species in a location is a difficult task, given that
many factors can “mask” its presence in the environment (e.g. migratory species) (Mackenzie;
Royle 2005, Raes; Aguirre-Gutiérrez 2018). As Raes and Aguirre-Gutiérrez (2018) offer that
“the absence of a presence does not imply the presence of absence”. Given that some
algorithms require presence and absence data to model the species, while others do not, we

can classify SDM/ENM techniques as presence-only and presence-absence (Brotons et al.
2004).

There are many studies that focus on pseudo absence influence on SDM models (e.g. Wisz;
Guisan 2009, Barbet-Massin et al. 2012, Hanberry et al. 2012, Liang et al. 2018, Descombes
et al. 2022) that sought to identify the potential influence of pseudo absence quantity and
selection on SDM/ENM approaches. Although these studies (and many others) share pseudo
absence as a “common ground”, they all focus on the statistical analysis as tools of assessing
model performance rather than on the biological significance of such models.

Another characteristic of studies focusing on pseudo absence potential influence on model
techniques is the continuation of “pseudo synonyms”: most works use the words “pseudo
absence” and “background” as synonyms to name two different entities of the models. As
Sillero and Barbosa (2021) point out, presence-only algorithms such as Maxent (Phillips et al.
2006) use background data to model environmental suitability but are commonly used as a
presence/pseudo absence to model potential distribution (e.g. Zhang et al. 2019). Mistaking
background data (i.e. the whole study area) with artificially created absence data (i.e. pseudo
absence) is, also, another source of bias for SDM/ENM approaches.

In light of that, given that most approaches that study pseudo absence generation focus on
statistical performance, we sought to investigate the influence of the quantity of pseudo
absence and background points, and how it is generated, in Ecological Niche Models from a
biological point of view. We applied ENM techniques to three species of Brazilian birds,
focusing on model performance, while also analyzing model significance via statistical
methods commonly used in SDM and ENM.

Methods

Species and Environmental datasets
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We chose three species of Brazilian birds as the main subjects for modeling: Cantorchilus
longirostris (Vieillot, 1819), Eupsittula cactorum (Kuhl, 1820), and Penelope obscura
(Temminck, 1815). Occurrence data was downloaded from the Global Biodiversity
Information Facility - GBIF (www.gbif.org) via the dismo 1.3-9 package (Hijmans et al.
2022). To structure the occurrence dataset for all three species we downloaded the maximum
number of occurrences from GBIF and cleaned the data to remove points with uncertain
coordinates, with an absence of longitude or latitude, data marked as NA (i.e. not available),
and points that occurred outside of Brazil. We also eliminated duplicated points to ensure the
final dataset consisted of unique presence points. Occurrence data was also trimmed to ensure
no point occurred inside a radius of 10 km of a presence, resulting in a final dataset of unique
and spatially distributed points for each species (Table 1). All procedures, from obtaining
occurrence data to cleaning and trimming of the datasets, were achieved via dplyr 1.0.10
(Wickham et al. 2022b), tidyr 1.3.0 (Wickham et al. 2022a), and spThin 0.2.0
(Aiello-Lammens et al. 2015) packages, implemented in R 4.2.2 (R Core Team 2022).

Table 1. Number of occurrence points for each species, from GBIF database to the final

dataset
Species Raw Data Points retained after Points retained
data cleaning after spatial
trimming (N1)
Cantorchilus longirostris 11723 2819 645
Eupsittula cactorum 6004 2391 658
Penelope obscura 23668 5055 1131

Two additional datasets were sampled from size N1: N2 = 100 and N3 = 20. All sample sizes
consist of unique and spatially distributed data for all three species. We decided to include
three sample sizes in the modeling procedures to try and fully capture the influence of
background and pseudo absence points on different sizes of occurrence data, a situation fairly
common in the literature.

For the environmental dataset, we downloaded 19 bioclimatic variables from WorldClim
(www.worldclim.org), version 2.1, at a spatial resolution of 2.5 arc-minutes (Fick and
Hijmans 2017). Given that using too many variables can bias the models through over-fitting
(Mateo et al. 2013), the environmental dataset was tested via the Variance Inflation Factor -
VIF test to compute multicollinearity values and remove correlated variables. Following
Chatterjee and Hadi (2012), we selected a threshold of 10 for the VIF test, removing from the
dataset variables with collinearity values above it. For all three species, the final dataset
comprises 8 environmental layers for Cantorchilus longirostris and Penelope obscura, and 9
layers for Eupsittula cactorum (Table 2).

Table 2. Environmental variables used to train the models for all three species

Species Variables
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BIO2, BIO4, BIOS, BIO13,

Cantorchilus longirostris BIO14, BIOIS, BIO18, BIO19

BIO2, BIO3, BIO4, BIOS,

Eupsitla cactorum BIO13, BIO14, BIO15, BIO18, BIO19

BIO3, BIO5, BIO7, BIOS,

Penelope obscura BI0O9, BIO12, BIO13, BIO18

Selection of pseudo absence and background points

To test the influence of pseudo absence and background points quantity in species distribution
and ecological niche models, we selected four sizes and three types of generation for the data.
The quantity of points generated is based on the work of Barbet-Massin et al. (2012): S1 =
10000, S2 = 1000, S3 = 250, S4 = proportional to presence data (i.e. for each presence point,
one point of pseudo absence or background was generated). The methods to generate pseudo
absence and background points were random sampling from the study area (excluding
presence points), via a surface range envelope to select random points outside an estimated
suitable area, and via geographically excluding points situated at least 10km from a presence
point. Pseudo absence and background points were generated via the biomod?2 4.2-2 package
(Thuiller et al. 2022), implemented in R 4.2.2 (R Core Team 2022).

Modeling procedures

To model each species, we used cleaned and trimmed datasets, containing unique and clean
records: C. longirostris (n = 645), E. cactorum (n = 658), and P. obscura (n = 1131). Based on
Raes and Aguirre-Gutiérrez (2018), we selected the five most common algorithms used in
ENM and SDM procedures: Bioclim (Busby 1991), Generalized Additive Model - GAM
(Hastie and Tibshirani 1986), Generalized Linear Model - GLM (McCullagh and Nelder
1998), Maxent (Phillips et al. 2006), and Random Forest (Breiman 2001). A total of 600 runs
per species was performed (five algorithms x 10 subsampling runs x 4 sets of
background/pseudo absence points per algorithm x 3 types of generated data per set of
background/pseudo absence), totalizing 1800 model runs for all three species. The dataset of
each species was partitioned to evaluate model fitting, with 75% of the data used for training
and 25% for testing.

Ensembling

Given the overwhelming number of models fitted and the fact that not all models present
statistical or biological significance, we decided to apply the ensemble technique, yielding a
single consensus map for each algorithm. To create the ensembles we considered only the
models with AUC and TSS values above 0.7 and 0.4 thresholds, respectively, following
Buisson et al. (2010) recommendations. The definition of an AUC and TSS threshold is
important to try and select only models that performed well during the model fitting phase.

Statistical Analysis

To assess model accuracy, we performed the True Skill Statistic - TSS analysis (Allouche et
al. 2006) and calculated the Area Under the Curve - AUC value from the Receiver Operating
Characteristic (ROC) (Fielding and Bell 1997). Given the number of models per algorithm,
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we calculated the mean values of AUC and TSS. Model validation follows Buisson et al.
(2010) recommendations, validating models above 0.7 and 0.4 thresholds, respectively.

Results

Statistical Analysis

Across all three species two patterns can be observed: 1) Bioclim models always perform
below the threshold and/or below other algorithms and 2) when sample size varies,
performance tends to drop as the sample reaches 20 presence points and possibly below it
(Figure 1, Figure 2, Figure 3).
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Figure 1. Mean AUC values obtained for all five algorithms across each background / pseudo
absence set for all models of Cantorchilus longirostris. Columns represent the sample size
(N1 = 645, N2 =100, N3 = 20). Rows present the process of generating pseudo absence and
background points. The red line represents the 0.7 AUC threshold.

Cantorchilus longirostris and Eupsittula cactorum models presented two groups of
algorithms: Bioclim represents the first group, while GAM, GLM, Maxent, and Random
Forests are the second one (Figure 1, Figure 2). Eupsittula cactorum was the species with the
most uniform variation in AUC values across all three sample sizes (Figure 2), with
Cantochilus longirostris and Penelope obscura (Figure 1, Figure 3) showing variations when
the sample is reduced to N3.
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Figure 2. Mean AUC values obtained for all five algorithms across each background / pseudo
absence set for all models of Eupsittula cactorum. Columns represent the sample size (N1 =
645, N2 = 100, N3 = 20). Rows present the process of generating pseudo absence and
background points. The red line represents the 0.7 AUC threshold.

Although Biolcim tends to underperform compared to other algorithms (Figure 1, Figure 3), it
produced models with performance above the 0.7 AUC threshold in Eupsittula cactorum,
dropping below it only when the sample size was reduced to N3 (Figure 2).

Overall, model performance seems to be affected more by sample size and the set of pseudo
absence/background points than by how the “absence” data was generated. Across all three
species, all types of ‘“absence” generation (i.e. Geographic Exclusion, Random, Surface
Range Envelope) employed produced similar results when the AUC is used as the reference
point to assess model performance (Figure 1, Figure 2, Figure 3).

When the sample size is reduced to N2 or N3 but the pseudo absence/background points set
1sn’t (e.g. 10000 “absence” points are used to train the models), some algorithms fail to model
the data (Figure 1, Figure 2, Figure 3).
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Figure 3. Mean AUC values obtained for all five algorithms across each background / pseudo
absence set for all models of Penelope obscura. Columns represent the sample size (N1 =
645, N2 = 100, N3 = 20). Rows present the process of generating pseudo absence and
background points. The red line represents the 0.7 AUC threshold.

When the model performance was assessed via the TSS values, the same patterns are
repeated: Bioclim underperforms overall for all three species (Figure 4, Figure 5, Figure 6)
except in Eupsittula cactorum (Figure 5), with two groups forming based on model
performance.

Model performance under the TSS analysis presents the most stable groupings and values
under sizes N1 and N2, with sample N3 presenting slightly separating GAM, GLM, Maxent,
and Random Forests (Figure 4, Figure 5, Figure 6) when their values are compared across all
three methods to generate “absence” data. Although size N3 showed a decrease in model
performance for all three species independently of the pseudo absence/background points set,
Penelope obscura (Figure 6) shows a further decrease in performance for all algorithms.

The same algorithms that failed to produce AUC values, failed to yield a TSS value when this
analysis was applied. When combined, both analyses demonstrated that two main factors act
to decrease model performance: sample size and the number of pseudo absence/background
points generated to train the models.
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Figure 4. Mean TSS values obtained for all five algorithms across each background / pseudo
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(N1 =645, N2 = 100, N3 = 20). Rows present the process of generating pseudo absence and
background points. The red line represents the 0.4 TSS threshold.
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Figure 5. Mean TSS values obtained for all five algorithms across each background / pseudo
absence set for all models of Eupsittula cactorum. Columns represent the sample size (N1 =
645, N2 = 100, N3 = 20). Rows present the process of generating pseudo absence and
background points. The red line represents the 0.4 TSS threshold.
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Figure 6. Mean TSS values obtained for all five algorithms across each background / pseudo
absence set for all models of Penelope obscura. Columns represent the sample size (N1 =
645, N2 = 100, N3 = 20). Rows present the process of generating pseudo absence and
background points. The red line represents the 0.4 TSS threshold.

Model Performance

Values of AUC and TSS below the thresholds (AUC > 0.7, TSS > 0.4) observed in Bioclim
are reflected in the suitable area predicted by this algorithm: the lowest values of AUC (AUC
= 0.37) and TSS (TSS = 0.08) are found in Penelope obscura when models were trained with
1000 background points, generated at random from the study area (Figure 7-A).

In contrast, Bioclim produced the highest values of AUC (AUC = 0.88) and TSS (TSS = 0.74)
in FEupsittula cactorum, when the species was modeled using 250 background points,
generated outside of a surface range envelope calculated on the study area (Figure 7-B).

The behavior of GAM, GLM, Maxent, and Random Forests when only TSS is considered as a
metric of model evaluation is similar to AUC: for Cantorchilus longirostris and Eupsittula
cactorum, the type of “absence” generation doesn’t seem to hold influence on model fitting
(Figure 4, Figure 5); only in Penelope obscura one of the three methods - Surface Range
Envelope - produced models above the threshold of validation across all three sample sizes
(Figure 6).
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Figure 7. Suitability map for Penelope obscura (A) and Eupsittula cactorum (B) produced by
Bioclim algorithm. The models were trained using 20 and 100 presence points (sizes N3 and
N2), respectively. Model A was trained with 1000 background points randomly generated
from the study area; Model B was trained with 250 background points sampled outside a
surface range envelope drawn on the study area. Red lines represent the Extent of Occurrence
of the species. Black dots are the presence points used in model training.

High AUC and TSS values were obtained for GAM, GLM, Maxent, and Random Forests
algorithms in Eupsittula cactorum (Figure 2, Figure 5) when models were trained with 1000
pseudo absence (GAM, GLM, Random Forests) and 10000 background points (Maxent),
respectively. Absence data was generated using the Surface Range Envelope selection method
and the sample size used was N1 (Figure 8). Models with high values of AUC (AUC = 1.0)
and TSS (TSS > 0.95) produced overfitted maps of suitability for Eupsittula cactorum,
holding little to no biological significance.
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Figure 8. Overfitted suitability map for Eupsittula cactorum produced by four algorithms
with the highest values of AUC (AUC = 1.0) and TSS (TSS 2 0.95). The models were trained
using sample size NI, with a 1000 pseudo absence and 10000 background points,
respectively. Red lines represent the Extent of Occurrence of the species. Black dots are the
presence points used in model training.

Discussion

SDM applications can be classified as presence-only and presence-absence methods (Brotons
et al. 2004). In this paper we used a combination of both methods to model the environmental
suitability for three species of Brazilian birds, yielding different results when comparisons
were drawn between algorithms and pseudo absence/background data generation and quantity.

When comparing algorithms, Bioclim models performed below the threshold for two of the
three species. GAM, GLM, Maxent, and Random Forests models, on the contrary, performed
better when a validation threshold is present. This can be explained by the fact that Bioclim is
based on the calculation of a rectilinear envelope, modeling two dimensions at a time (Busby
1991), while Maxent, for instance, uses the concept of maximum entropy to derive the
environmental suitability of an area (Phillips et al. 2006). Also, Maxent is considered a
presence-absence method by some authors (e.g. Barbet-Massin et al. 2012), being shown that
this type of model performs better than presence-only (Elith et al. 2006).

Using suitability values as a tool to access model performance can yield important insights
into the biological significance of such models. The four algorithms with better performance
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based on AUC and TSS metrics (i.e. GAM, GLM, Maxent, and Random Forests) produced
strange suitability maps (Figure 8) when what varies is not the sample size but the number of
pseudo absence/background points and how this absence data was generated.

GAM, GLM, and Random Forests practically predicted almost 90% of the study area of
Eupsittula cactorum as highly suitable for the species (Figure 8), which is a strange result.
This behavior of algorithms based on the use of pseudo absence is well known since
artificially generated absence can “mask” environmental values as “not suitable” when, in
fact, they are (Gu; Swihart 2004). This behavior of the algorithms can, also, be explained by
the presence points being climatically and geographically biased, with important
environmental variations not perceived by the algorithms (Barbet-Massin; Thuiller; Jiguet,
2010).

All five algorithms produced omission and commission errors (Peterson and Soberén 2012),
under or overestimating the environmental suitability of the study area for all three species,
hindering model performance and resulting in abnormal projections (Figure 7, Figure 8) and
AUC (Figures 1-3) and TSS values (Figures 4-6). Biases can be introduced in models in a
variety of ways, such as using datasets climatically biased or by a poor choice of algorithms,
mixing background data with pseudo absence. Thus, it’s possible to say that model
uncertainty and abnormal projections are not only related to the algorithmic processing but to
environmental variables not being considered for the fitting of the models (Barbet-Massin;
Thuiller; Jiguet, 2010, Da Silva et al. 2020).

We followed the protocol proposed by Barbet-Massin et al. (2012) when pseudo absences
were selected, which can be demonstrated by the resulting models showing variations when
the AUC and TSS metrics were used for model assessment. The decrease in performance of
all algorithms when the sample size is reduced but not the number of pseudo
absences/background points shows that an imbalance between presence and absence not only
masks possible suitable environment but also breaks the prevalence, which is a well-known
factor that influences model performance (Barbet-Massin et al. 2012).

Conclusion

Model performance can be hindered by not only the size of the sample but also by the number
and type of pseudo absence/background data used to fit the models. Our results show that
common algorithms have poor performance when there is an imbalance between presence
points and pseudo absence/background data. Also, we conclude that using statistics metrics as
the only tool to access model performance can lead to misinterpretation of the results since
biological significance is important given the many applications of SDM/ENM techniques.

Therefore, we recommend setting an SDM/ENM model by 1) delimiting the aim of the
project (e.g. niche modeling, potential distribution), 2) choosing the algorithms based on the
sample size and the size of the study area, and 3) evaluating model performance not only via
robust statistical methods (e.g. TSS)bias but also by its biological significance.
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3 CONSIDERACOES FINAIS

A Modelagem de Distribuicdo de Espécies, em conjunto com os Modelos de Nicho
Ecolégico demonstra-se como uma importante ferramenta para o estudo e¢ manejo da
biodiversidade. A aplicagdo dos modelos requer, no entanto, a tomada de decisdes que podem
enviesar os resultados da modelagem quando pontos fundamentais do processo ndo sdo

considerados corretamente.
Isto posto, as principais conclusdes do presente estudo podem ser sumarizadas como:

e O processo de modelagem, quer de nicho, quer de distribuicdo potencial, ¢ longo e
complexo.

e E fundamental ao pesquisador estabelecer o que estd sendo modelado: a distribuicio
geografica potencial da espécie ou nicho fundamental sdo feigdes diferentes dentro do
mesmo espectro do diagrama BAM proposto por Soberon e Peterson (2005). Portanto,
a sinonimia “Modelo de Distribuicdo de Espécies” x “Modelo de Nicho Ecologico”
ndo equivale a mesma técnica, mas sim a um conjunto de técnicas compartilhadas
entre processos diferentes.

e Como ndo hd um algoritmo melhor do que os demais, a selecdo de qual algoritmo
utilizar para modelar a espécie precisa estar embasada ndo sé na literatura, mas na
realidade biologica da espécie e na logistica/escopo do estudo. O tamanho e
caracteristicas abidticas da area de estudo também s3o pontos fundamentais nessa
etapa.

e O total de pontos de presenca e pseudo auséncia ou background utilizado na
calibracdo dos modelos sdo pontos criticos. A decisdo de quantos pontos utilizar ¢
fundamental para minimizar o enviesamento (i.e., surgimentos de erros de omissdo e
comissao) no modelo final.

e O tipo de pseudo auséncia ou de pontos de background a ser utilizado na calibracao
dos modelos depende, principalmente, do tipo de algoritmo utilizado no processo. O
modo como a “auséncia” serd gerada também ¢ importante para que os resultados da
modelagem sejam vélidos estatistica e biologicamente. E importante, também,
conceituar adequadamente o tipo de “auséncia” utilizada: pseudo auséncia ndo ¢

background.
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e A validacdo estatistica dos modelos ndo deve ser embasada em uma Unica métrica,
uma vez que esta pode ser enviesada ou facilmente mascarar erros de omissao ou
comissao.

e O sentido bioldgico tem prioridade em relagdo a validagdo estatistica dos modelos.

O presente trabalho contribui para fomentar as discussdes no que concerne aos
processos ¢ aplicacoes da Modelagem de Distribuicao de Espécies, bem como dos Modelos
de Nicho Ecoloégico. Espera-se que futuras pesquisas na area possibilitem ndo s6 o
aprimoramento das técnicas, mas também uma melhor compreensdo e fundamentag¢do dos

conceitos ecologicos, estatisticos e bioldgicos que embasam as técnicas de modelagem.
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Figura S1 - Distribui¢do dos pontos de ocorréncia obtidos na base de dados GBIF dentro das

Extensdes de Ocorréncia para as espécies estudadas. A linha vermelha denota os limites do

EOQO. Fonte: autoria propria (2022).

Fase I (pré-modelagem)

Dados de ocorréncia:
* 3 espécies Seleciio dos tamanhos amostrais:
* GBIF * Limpeza e filtragem dos dados de
ocorréncia
Varidveis ambientais: ® Tamanhos N1-N4
= Worldclim v.2.1
* Resolugdo 2.5 arc-min. (~5km2)

® VIF > 10 removido por

Recorte das varidveis ambientais
colinearidade Geraciio de background (bg)
e pseudo auséncia (pa):
Algoritmos: * SI-S4
* Bioclim, GAM, GLM.

Maxent, Random Forests

Sumirio:
# 12 tamanhos de bg e pa e 50 modelos por n amostral:
600 modelos e projecoes por tamanho amostral

* 600 modelos e projegdes por n amostral * 4:

2400 modelos e projecdes por espécie

* 2400 modelos ¢ projegoes por espéeie * 3:

Total de 7200 modelos e projecdes

Fase II (modelagem)

Fitting:
* 4 tamanhos amostrais / espécie
* 4 tamanhos de bg e pa / espécie
® 3tipos de geragdo de bg e pa / espécie
® 5 algoritmos / espécie
* 10 réplicas / algoritmo

Projecao:
Validacio: * 10 projecdes / algoritmo
* AUC20.7 ® 50 projegdes / tamanho amostral
* TSS 205

* 50 projecdes / tipo de bg e pa
* X projecoes por espécie

Ensemble:
* Modelos com TSS 2 0.5
® Mix. sensibilidade + Mix. especificidade
* 1 ensemble | algoritmo

Fase III (pés-modelagem)

Cilculo de drea (km2):
* Intervalo 0.5 - 1.0 de adequabilidade
* Percentual de projeciio em relacio ao EOO

calculado para a espécie

Validagioe bioldgica:
¢ Distribuigiio dos pontos de ocorréncia dentro da
drea modelada
& Comparagao com a distribuigao real conhecida
da espécie

Figura S2 - Visdo geral do processo de constru¢dao de um SDM / ENM, desde a obtencdo dos

dados bioldgicos e ambientais, calibragdo (i.e. fitting) do modelo e posterior avaliacdo. Fonte:
autoria propria (2022).
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Table S1. Papers sampled from a Web of Science review for the 2013 - 2021 period showing
different sample sizes were SDM and ENM approaches were applied to study biodiversity

Author(s) Year Sample Size
Shcheglovitova & Anderson 2013 6 and 9
Carvalho & Del Lama 2015 7 to 103
Spiers et al. 2018 5to 10
Coello et al. 2021 60
Tran & Vu 2020 36
Botella et al. 2018 120 to 14278
Franco & Camps 2020 85
Jurestovsky & Andrew Joyner 2018 87
Flessner et al. 2017 102
Call et al. 2016 1578
Hemami et al. 2020 280
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Figure S1. Percentual of predicted suitable area for all three species, considering the 0.5 - 1.0
threshold of suitability (red line). All models were fitted using the first set of pseudo
absence/background points (n = 1000) and projections were constrained by the EOO of the

species.
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Figure S2. Percentual of predicted suitable area for all three species, considering the 0.5 - 1.0
threshold of suitability (red line). All models were fitted using the first set of pseudo
absence/background points (n = 10000) and projections were constrained by the EOO of the
species.
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Figure S4. Full suitability Bioclim projection for Cantorchilus longirostris considering all
sample sizes and the two pseudo absence/background points sets. Models are constrained by
the Extent of Occurrence of the species (red line).
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Figure S5. Suitability interval (0.5-1) Bioclim projection for Cantorchilus longirostris
considering all sample sizes and the two pseudo absence/background points sets. Models are
constrained by the Extent of Occurrence of the species (red line).
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Figure S6. Full suitability Bioclim projection for Eupsittula cactorum considering all sample
sizes and the two pseudo absence/background points sets. Models are constrained by the
Extent of Occurrence of the species (red line).
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Figure S7. Suitability interval (0.5-1) Bioclim projection for Eupsittula cactorum considering
all sample sizes and the two pseudo absence/background points sets. Models are constrained
by the Extent of Occurrence of the species (red line).
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Figure S8. Full suitability Bioclim projection for Penelope obscura considering all sample
sizes and the two pseudo absence/background points sets. Models are constrained by the
Extent of Occurrence of the species (red line).
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Figure S9. Suitability interval (0.5-1) Bioclim projection for Penelope obscura considering
all sample sizes and the two pseudo absence/background points sets. Models are constrained
by the Extent of Occurrence of the species (red line).
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Figure S10. Full suitability GAM projection for Cantorchilus longirostris considering all
sample sizes and the two pseudo absence/background points sets. Models are constrained by
the Extent of Occurrence of the species (red line).
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Figure S11. Suitability interval (0.5-1) GAM projection for Cantorchilus longirostris
considering all sample sizes and the two pseudo absence/background points sets. Models are
constrained by the Extent of Occurrence of the species (red line).
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Figure S12. Full suitability GAM projection for Eupsittula cactorum considering all sample
sizes and the two pseudo absence/background points sets. Models are constrained by the
Extent of Occurrence of the species (red line).
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Figure S13. Suitability interval (0.5-1) GAM projection for Eupsittula cactorum considering
all sample sizes and the two pseudo absence/background points sets. Models are constrained
by the Extent of Occurrence of the species (red line).
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Figure S14. Full suitability GAM projection for Penelope obscura considering all sample
sizes and the two pseudo absence/background points sets. Models are constrained by the
Extent of Occurrence of the species (red line).
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Figure S15. Suitability interval (0.5-1) GAM projection for Penelope obscura considering all
sample sizes and the two pseudo absence/background points sets. Models are constrained by
the Extent of Occurrence of the species (red line).
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Figure S16. Full suitability GLM projection for Cantorchilus longirostris considering all
sample sizes and the two pseudo absence/background points sets. Models are constrained by
the Extent of Occurrence of the species (red line).
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Figure S17. Suitability interval (0.5-1) GLM projection for Cantorchilus longirostris
considering all sample sizes and the two pseudo absence/background points sets. Models are

constrained by the Extent of Occurrence of the species (red line).
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Figure S18. Full suitability GLM projection for Eupsittula cactorum considering all sample
sizes and the two pseudo absence/background points sets. Models are constrained by the
Extent of Occurrence of the species (red line).
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Figure S19. Suitability interval (0.5-1) GLM projection for Eupsittula cactorum considering
all sample sizes and the two pseudo absence/background points sets. Models are constrained
by the Extent of Occurrence of the species (red line).
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Figure S20. Full suitability GLM projection for Penelope obscura considering all sample
sizes and the two pseudo absence/background points sets. Models are constrained by the
Extent of Occurrence of the species (red line).
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Figure S21. Suitability interval (0.5-1) GLM projection for Penelope obscura considering all
sample sizes and the two pseudo absence/background points sets. Models are constrained by
the Extent of Occurrence of the species (red line).
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Figure S22. Full suitability Maxent projection for Cantorchilus longirostris considering all
sample sizes and the two pseudo absence/background points sets. Models are constrained by
the Extent of Occurrence of the species (red line).
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Figure S23. Suitability interval (0.5-1) Maxent projection for Cantorchilus longirostris
considering all sample sizes and the two pseudo absence/background points sets. Models are
constrained by the Extent of Occurrence of the species (red line).
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Figure S24. Full suitability Maxent projection for Eupsittula cactorum considering all sample
sizes and the two pseudo absence/background points sets. Models are constrained by the
Extent of Occurrence of the species (red line).
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Figure S25. Suitability interval (0.5-1) Maxent projection for FEupsittula cactorum
considering all sample sizes and the two pseudo absence/background points sets. Models are
constrained by the Extent of Occurrence of the species (red line).
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Figure S26. Full suitability Maxent projection for Penelope obscura considering all sample
sizes and the two pseudo absence/background points sets. Models are constrained by the
Extent of Occurrence of the species (red line).
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Figure S27. Suitability interval (0.5-1) Maxent projection for Penelope obscura considering
all sample sizes and the two pseudo absence/background points sets. Models are constrained
by the Extent of Occurrence of the species (red line).
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Figure S28. Full suitability Random Forests projection for Cantorchilus longirostris
considering all sample sizes and the two pseudo absence/background points sets. Models are
constrained by the Extent of Occurrence of the species (red line).
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Figure S29. Suitability interval (0.5-1) Random Forests projection for Cantorchilus
longirostris considering all sample sizes and the two pseudo absence/background points sets.
Models are constrained by the Extent of Occurrence of the species (red line).
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Figure S30. Full suitability Random Forests projection for Eupsittula cactorum considering
all sample sizes and the two pseudo absence/background points sets. Models are constrained
by the Extent of Occurrence of the species (red line).
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Figure S31. Suitability interval (0.5-1) Random Forests projection for Eupsittula cactorum
considering all sample sizes and the two pseudo absence/background points sets. Models are
constrained by the Extent of Occurrence of the species (red line).
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Figure S32. Full suitability Random Forests projection for Penelope obscura considering all
sample sizes and the two pseudo absence/background points sets. Models are constrained by
the Extent of Occurrence of the species (red line).
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Figure S33. Suitability interval (0.5-1) Random Forests projection for Penelope obscura
considering all sample sizes and the two pseudo absence/background points sets. Models are
constrained by the Extent of Occurrence of the species (red line).



