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“É  interessante  contemplar  uma  colina
emaranhada, vestida com muitas plantas de
vários  tipos,  com  pássaros  cantando  nos
arbustos, com vários insetos voando e com
vermes rastejando pela terra úmida, e refletir
que  essas  formas  elaboradamente
construídas, tão diferentes umas das outras,
e  dependentes  umas das  outras  de  maneira
tão complexa,  foram todas  produzidas  por
leis que agem em torno de nós.”
–  Charles  Darwin  (Sobre  a  origem  das
espécies)
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RESUMO

Entender as regras de montagem de sistemas complexos é uma das empreitadas mais antigas
e importantes da ciência. Nesta tese, apresento uma série de trabalhos que visaram contribuir
para esse esforço de pesquisa, usando como modelo interações entre organismos de espécies
diferentes. Começo explicando uma descoberta sobre a estrutura de redes de polinização de
flores de óleo, feita dez anos atrás, que despertou o meu interesse pelo problema. Explico
passos intermediários na solução dele, que envolveram estudar partes de redes interações que
haviam sido negligenciadas na literatura, variando o foco do sistema aos seus elementos, caso
a caso. Discuto como cada passo nos levou a compor antíteses dos paradigmas atuais sobre
redes ecológicas. Por fim, apresento a síntese que elaboramos no nosso grupo de pesquisa,
assim como as extrapolações que temos feito a partir dela, abordando agora não apenas redes
monocamada,  mas  também redes  multicamada  formadas  por  diversos  tipos  de  interação.
Concluo revelando os próximos capítulos dessa jornada.

8



Tese de livre-docência – Marco A. R. Mello - 2019

ABSTRACT

Understanding the assembly rules of complex systems is one of the oldest and most important
quests of our science. In this thesis, I present a series of papers that aimed to contribute to this
research effort, using as a model interactions between organisms of different species. I begin
by explaining the discovery about the structure of pollination networks of oil flowers, made
ten years ago, which piqued my interest for the problem. I show intermediate steps in solving
it,  which  involved  studying  parts  of  interaction  networks  that  had  been  neglected  in  the
literature, varying the focus from the system to its elements in each case. Then I discuss how
each step led us to compose antitheses  of  the current paradigms on ecological  networks.
Finally,  I  present  the  synthesis  we  developed  in  our  research  group,  as  well  as  the
extrapolations we have made from it, now addressing not only monolayer networks, but also
multilayer networks formed by various types of interaction. I conclude by revealing the next
chapters of our journey.
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PRÓLOGO

Esta tese é fruto de dez anos de trabalho duro e gratificante. Ela faz parte de um esforço
coletivo que começou há séculos,  com cientistas de várias gerações buscando entender as
regras de montagem de sistemas complexos.  Esse empolgante quebra-cabeças me cativou
ainda durante o meu doutorado, por influência de conversas que tive com Pedro Jordano,
Paulo Guimarães Jr. e Elisabeth Kalko. Desde o meu primeiro pós-doutorado, mergulhei de
cabeça nesse problema e, ao longo dos anos, ele se tornou o fio condutor do meu laboratório
(o SintECOii). Uma das coisas mais gratificantes nessa jornada é que eu ingressei nela ainda
como aluno e, agora, os meus próprios alunos também participam dela, fechando um ciclo.
Cada um dos artigos compilados ou citados aqui representa uma peça encaixada nesse quebra-
cabeças, junto com outras adicionadas por colegas do mundo todo, não apenas da Ecologia,
mas também da Parasitologia, Microbiologia, Física, Matemática e diversas outras disciplinas.
Participar desse esforço coletivo internacional e transdisciplinar tem sido uma grande honra e
espero ter contribuído com parte da solução. Aos poucos, começamos a enxergar juntos a
figura maior formada, o que aumenta ainda mais a nossa paixão pelo quebra-cabeças.

ii Laboratório de Síntese Ecológica, Departamento de Ecologia, Instituto de Biociências, Universidade de São Paulo:
https://marcomellolab.wordpress.com. 
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INTRODUÇÃO

Você já se perguntou o que realmente mantém o mundo unido?

Talvez  essa  seja  uma  das  maiores  perguntas  já  feitas  pela  humanidade.  Provavelmente,
também deve ser uma das quais nunca serão plenamente respondidas. Ela engloba temas que
vão  desde  as  interações  entre  as  partículas  elementares  da  natureza,  como  o  bóson  de
Higgins, até interações entre seres vivos, como animais e plantas. Como é absurdamente difícil
respondê-la por completo de uma vez só, o melhor é dividi-la em partes menores. 

Por exemplo, pense em alguns fenômenos naturais que você observa no dia a dia e que se
repetem constantemente.  Como abelhas que passam boa parte do tempo delas coletando
néctar em flores. Ou aves insetívoras que eventualmente comem essas abelhas. Ou ainda os
vírus, bactérias e protozoários, que fazem adoecer tanto as plantas quanto as abelhas e aves. 

Imagine  agora  que  todas  essas  interações,  que  começam  entre  pares  de  organismos  de
espécies diferentes, somam-se umas às outras, formando coisas mais complexas ainda. São
coisas cujo todo é maior do que a soma das partes. Em uma floresta, ou mesmo em uma
lavoura ou jardim urbano, o que começa com um par de organismos escalona para múltiplos
pares, chegando ao nível das respectivas populações. E delas, ao nível de todo o ecossistema.
Isso é que o poeticamente chamamos de “a teia da vida”1. 

O  mais  incrível  é  que  diferentes  cientistas  ao  redor  do  mundo,  ao  longo  de  séculos  e
perpassando diferentes gerações,  encontraram padrões muito interessantes nessa teia.  Ou
seja, coisas que se repetem regularmente, desde a forma de partes dela até os processos que
geram essas formas. É extremamente empolgante tentar entender o que mantém unidos esses
emaranhados de organismos e interações, também conhecidos como sistemas complexos. 

Inspirados pela metáfora de Darwin da “colina emaranhada”2, no último parágrafo do famoso
livro “Sobre a Origem das Espécies”3, temos tentado desvendar as regras de montagem desses
sistemas, sendo esta uma das mais importantes missões da Ecologia4,5. Começamos estudando
conjuntos  de  organismos  de  diferentes  espécies  (isto  é,  comunidades6)  e  hoje  analisamos
também sistemas no sentido estrito, formados por interações entre esses organismos (isto é,
redes7).  Entender  essas  regras  é  crucial  para  compreendermos  a  arquitetura  da
biodiversidade8,  melhorarmos  a  produtividade  de  sistemas  agroflorestais9 e  controlarmos
doenças emergentes10, entre muitas outras aplicações. 

Comecei a me interessar por regras de montagem ainda no doutorado. Descobri a ciência de
redes11 em um curso ministrado em 2003 na Ilha do Cardoso pelo Prof. Pedro Jordano, da
Estación Biológica de Sevilla, Espanha. Naquele momento, decidi que viria a estudar esse tema
mais para frente. Em 2007 dei meus primeiros passos na área com a ajuda do Prof.  Paulo
Guimarães Jr., da USP.

Conforme  relatado  no  capítulo  1 desta  tese,  pouco  depois,  em  2009,  em  um  dos  meus
primeiros artigos sobre redes de interações, fizemos uma descoberta que nos colocou em uma
jornada  que  vimos  trilhando  na  última  década.  Estudando  redes  formadas  por  abelhas
coletoras de óleo da tribo Centridini e flores de óleo da família Malpighiaceae 12, junto com as
professoras Isabel Machado (UFPE) e Elisângela Bezerra (UFRPE), notamos que esse sistema de
polinização  altamente  especializado  apresentava  uma  estrutura  diferente  da  até  então
relatada para redes de polinização em geral. 

Isso nos deixou intrigados, pois o paradigma vigente era de que todas as redes mutualistas,
independente do tipo particular de interação ou da localidade em que ela ocorre, deveriam
apresentar estruturas muito semelhantes entre si. E acreditava-se que essa estrutura deveria

11



Tese de livre-docência – Marco A. R. Mello - 2019

ser  aninhada13–15.  Em  outras  palavras,  as  espécies  com  um  número  menor  de  interações
deveriam estar conectadas a um subconjunto dos parceiros mutualistas das espécies com um
número maior de interações. Havia também outro paradigma vigente à época, propondo que
redes formadas por antagonismos deveriam ser modulares, isto é, a estrutura delas deveria
conter  subgrupos de espécies que interagem mais  entre si  do que com outras  da mesma
rede16,17.

Só que,  ao analisarmos diversas  redes de polinização ao redor do mundo,  compostas  por
táxons misturados, e as compararmos à nossa rede de polinização de flores de óleo, notamos
que a segunda era mais aninhada e menos modular do que as primeiras. Ou seja, partes do
que seria uma rede completa não necessariamente apresentam a mesma estrutura do sistema
ao qual pertencem. Já havia alguns trabalhos apontando que talvez determinados tipos de
mutualismo pudessem apresentar algum grau de modularidade18,19. Talvez outros sistemas de
polinização especializados (por exemplo, aqueles relacionados a flores com anteras poricidas)
apresentassem ainda outros tipos de estrutura. Guardei  esse problema em mente e fiquei
pensando sobre o quanto o paradigma do aninhamento deveria de fato explicar a realidade da
maioria das redes de interações.

Partindo do pressuposto de que partes de uma rede podem diferir do todo, resolvi, junto com
diversos  colaboradores  e  alunos,  estudar  táxons  negligenciados  na  literatura  de  redes
ecológicas.  Sendo eu mesmo originalmente um especialista em morcegos,  incomodava-me
uma séria limitação relacionada à teoria construída sobre outro tipo de sistema mutualista, as
redes de frugivoria e dispersão de sementes. As redes empíricas desse tipo reportadas até
aquele momento eram todas compostas apenas por aves. Sabendo da grande importância de
morcegos e outros animais para a dispersão de sementes20,21, resolvi testar se redes formadas
por morcegos e aves difeririam entre si, dado que esses dois táxons apresentam diferenças em
sua  dieta  e  diversidade  filogenética.  Dessa  forma,  em  dois  artigos  focados  nessas
comparações22,23, um deles apresentado no capítulo 2 e feito em parceria com os professores
Jordano e Guimarães, além de outros colaboradores, demonstramos que mesmo as partes do
que seria uma rede completa (isto é, uma rede de dispersão com múltiplos táxons) diferem
entre si em estrutura. O mesmo padrão se repetiu, quando comparamos redes de visitação
floral formadas por vespas e abelhas24.  Em paralelo, outros estudos observaram diferenças
similares em redes multi-táxon25.

Consequentemente, ganhou peso de evidência a nossa hipótese de que as redes mutualistas
não seriam todas iguais e de que haveria também diferenças internas dentro de uma mesma
rede. Só então redescobrimos um artigo escrito pelo Prof. Thomas Lewinsohn e colaboradores,
da  Unicamp26,  em  que  eles  propuseram  quatro  arquétipos  de  estruturas  de  redes  de
interações. Um desses arquétipos, a topologia composta, parecia ser o padrão que estávamos
observando em diferentes sistemas. Trocando em miúdos, uma rede assim seria formada por
módulos,  só  que  esses  módulos  seriam  internamente  aninhados.  Isto  significa  que
aninhamento e modularidade, além de não serem mutuamente excludentes, tampouco seriam
duas faces de uma mesma moeda27.  Eles poderiam ser estados que tinham o potencial de
existir simultaneamente no mesmo sistema.

Começamos  a  trabalhar  com  a  hipótese  de  que,  na  verdade,  talvez  o  padrão  estrutural
predominante em redes de interações fosse a topologia combinada. Investigamos a mistura
entre  aninhamento  e  modularidade  em  diversos  tipos  de  interações28–30.  Esse  modelo
conceitual nos ajudou também a entender as consequências da invasão biológica feita por
abelhas europeias  em redes de polinização31.  Começamos a observar  que o balanço entre
aninhamento e modularidade, assim como a importância relativa de cada espécie, poderia até
mesmo depender da escala filogenética e espacial, quando estudamos pela primeira vez redes
organizadas acima da escala local32. 
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Aos poucos, mais peças iam sendo adicionadas ao quebra-cabeças. Por exemplo, em outro
artigo33 apresentado no  capítulo 3 e desenvolvido junto com os professores Luciano Costa
(USP)  e  Francisco  Rodrigues  (USP),  além  de  outros  colaboradores,  investigamos  as
características biológicas que fazem com que alguns morcegos e aves se tornem espécies-
chave  em redes  de  dispersão  de  sementes.  Tanto  a  importância  relativa  de  cada  espécie
(centralidade),  quanto  a  variação  espacial  nela,  dependem  do  seu  grau  de  especialização
alimentar,  assim  como  da  estrutura  composta  da  rede  que  leva  a  um  balanço  entre
aninhamento e modularidade.

Poucos anos depois, resolvi aplicar essas ideias também ao estudo de redes antagonistas junto
com os meus alunos, principalmente Rafael Pinheiro e Gabriel Félix, ambos da UFMG, usando
principalmente redes de malária aviária e ectoparasitismo como modelo. No projeto sobre
malária aviária, estávamos focados em testar duas hipóteses concorrentes sobre o que faz a
performance de parasitos variar entre hospedeiros. Em um primeiro artigo sobre esse tema,
obtivemos evidências que corroboravam tanto a hipótese dos  trade-offs34 quanto a hipótese
da  amplitude  de  nicho35 como  explicações  para  uma  relação  negativa  ou  positiva  entre
performance e generalismo, respectivamente. 

Para  explicar  os  nossos  resultados  e  reconciliar  essas  hipóteses  que  eram  consideradas
mutuamente excludentes,  criamos um novo modelo conceitual,  explicado no  capítulo 4:  a
hipótese integradora da especialização (IHS, na sigla em inglês36). O nosso modelo propõe que
processos de nicho operam na escala da rede como um todo através de restrições que fazem
algumas espécies concentrarem suas interações em um ou outro módulo da rede. Em seguida,
processos de homogeneização de nicho e processos neutros levam a uma estrutura aninhada
dentro de cada módulo, depois que as restrições são resolvidas. 

A  IHS,  em sua  forma atual,  baseia-se  em três  premissas,  que podem ser  extrapoladas  de
parasitos para consumidores em geral:  (i)  cada espécie de recurso possui  um conjunto de
características  que  afetam  o  seu  uso  por  cada  espécie  de  consumidor,  e  as  espécies  de
recursos podem ser mais ou menos similares entre si nessas características; (ii) uma mutação
do consumidor que aumenta sua capacidade de usar um dado recurso tende a melhorar o seu
uso de recursos similares, mas piora o seu uso de recursos diferentes; e (iii) a capacidade de
um consumidor de usar cada recurso num dado momento é o resultado das suas adaptações e
maladaptações anteriores. Portanto, espera-se que as restrições sejam mais fortes em escalas
maiores,  enquanto  a  homogeneização  de  nicho  deva  ocorrer  em escalas  menores  de  um
mesmo sistema.

Munidos dessa nova hipótese integradora,  extrapolamos as  nossas conclusões para outros
sistemas  que  atendiam  as  mesmas  premissas.  Observamos  evidências  de  uma  topologia
composta explicada pela IHS em redes de ectoparasitismo em mamíferos37.  Em paralelo às
descobertas que começamos a fazer, notamos que pesquisadores de fora da Ecologia também
vinham  observando  topologias  compostas  em  redes  de  interações  e  propondo  modelos
alternativos ao nosso para explicá-los6,38,39. Hoje tentamos integrar ideias de diferentes áreas
na solução do problema, já que as divisões disciplinares são ilusórias neste caso.

A  partir  daí,  e  considerando trabalhos  anteriores  que  já  exploravam  mais  de  um tipo de
interação  na  mesma  rede40–42,  resolvemos  testar  se  a  nossa  hipótese  integradora  poderia
explicar  também  a  estrutura  de  redes  multicamada,  formadas  por  dois  ou  mais  tipos  de
interações.  Isso  só  foi  possível  graças  a  um  estrondoso  avanço  na  matemática  de  redes
multicamada ocorrido a partir de 201343–45.  Além disso,  um artigo pioneiro sobre possíveis
aplicações dessas novas análises na Ecologia ajudou todos a organizarem suas ideias46.

Usando essa abordagem, estudamos uma rede dual de dispersão e destruição de sementes
por mamíferos47, como apresentado no capítulo 5  ,   feito em parceria com o Prof. Adriano Paglia
(UFMG), a Profa. Judith Bronstein (University of Arizona, EUA) e outros colaboradores. Uma
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topologia composta nos pareceu ser a melhor explicação para a estrutura desse sistema. Foi
interessante  notar  como  o  resultado  final  das  interações  e,  consequentemente,  o  papel
funcional  de  cada  espécie,  dependem  não  apenas  da  história  natural,  mas  também  da
estrutura composta da rede.  Também fizemos uma análise similar para redes de múltiplas
interações  entre  formigas  e  plantas,  observando  que  a  importância  de  algumas  espécies
ultrapassa camadas48.

Com base nessas evidências obtidas em diferentes sistemas, resolvemos testar a IHS em uma
escala de análise ainda maior: uma região biogeográfica inteira. Para isso, montei uma equipe
com  dez  cientistas  de  diferentes  países,  cada  um  especializado  em  uma  área  diferente,
incluindo  meus  alunos  e  novos  colaboradores,  como o  Prof.  Richard  Stevens  (Texas  Tech
University, EUA), a Profa. Sharlene Santana (University of Washington, EUA) e a Dra. Cullen
Geiselman  (Bat  Conservation  International,  EUA).  Usamos  como  base  para  esse  estudo49,
relatado no capítulo 6, uma banco de dados sobre interações de frugivoria e nectarivoria por
morcegos em toda a região Neotropical. 

Partimos da premissa de que a mudança hierárquica na estrutura de uma rede, assim como de
seus  processos  geradores,  depende  basicamente  da  força  das  restrições  ecológicas  e
evolutivas presentes no sistema. Assim, uma rede multicamada com dois tipos de interações,
contendo  uma  altíssima  diversidade  filogenética  em  uma  grande  escala  espacial,  deveria
apresentar uma excelente matéria prima para restrições e processos de homogeneização de
nicho atuarem em conjunto. Isso deveria levar a uma estrutura composta arquetípica, com
diferentes processos predominando em diferentes escalas: rede, camadas e módulos. Usando
as ferramentas analíticas desenvolvidas em estudos anteriores36,37,  corroboramos mais uma
vez a IHS. Além disso, compreendemos um pouco melhor como é constituída a hierarquia de
importância  relativa  entre  diferentes  espécies  de  morcegos  em  uma  estrutura  altamente
complexa, em função de sua morfologia funcional.

Estamos trabalhando agora para formalizar matematicamente a IHS50, conforme explicado no
capítulo 7, no qual contamos com a colaboração de um especialista em biocomputação, o Prof.
Carsten Dormann (Universität Freiburg, Alemanha). O nosso modelo tem por objetivo ser uma
prova de conceito da IHS51. Na sua forma atual, temos um modelo mínimo, que, partindo de
apenas três princípios e cinco parâmetros, consegue explicar todos os padrões observados na
natureza  para  a  relação  entre  performance  e  generalismo,  assim como a  dualidade  entre
aninhamento e modularidade. Esperamos, portanto, usar o nosso novo modelo matemático
não apenas para obter novos insights que nos ajudem a entender as regras de montagem de
redes interações, assim como prever sua estrutura dado um conjunto de condições.

Nossa  meta  de  formalizar  matematicamente,  ampliar  o  domínio  de  validade  e  testar
empiricamente a IHS representará uma grande contribuição para a solução dos dois debates
mencionados  anteriormente  (trade-offs vs.  amplitude  de  nicho  &  aninhamento  vs.
modularidade). Esses debates têm gerado grande polêmica na literatura e levado ecólogos a
estagnação conceitual em alguns temas muito importantes não apenas para a ciência, mas
também para resolver problemas práticos da sociedade. Essa nova síntese possibilitará colocar
dentro  de  um  mesmo  contexto  resultados  contraditórios  obtidos  em  diferentes  áreas  da
Ecologia,  resolvendo aparentes “becos sem saída”4 mencionados na literatura e facilitando
bastante  o  avanço  nas  teorias  e  arcabouços  conceituais  relacionados.  Ela,  possivelmente,
também contribuirá  para  a  solução  do  debate  sobre  processos  neutros  e  de  nicho  como
estruturadores de sistemas ecológicos6.
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CAPÍTULOS

Nas  seções  a  seguir  apresento  os  artigos  que  compõem  os  capítulos  desta  tese.  Eles
representam  pontos  cruciais  no  caminho  que  levou  à  construção  da  síntese  da  linha  de
pesquisa central do laboratório. Outros artigos também fazem parte desse caminho, porém os
que foram selecionados oferecem um panorama abrangente sobre a origem do problema, os
passos intermediários rumo à solução e o estado atual em que nos encontramos.
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Capítulo 1: Pollination networks
of oil-flowers: a tiny world within

the smallest of all worlds

Artigo publicado na revista Journal of Animal Ecology: 

Bezerra, E. L. S., Machado, I. C. & Mello, M. A. R. Pollination networks of oil-flowers: a
tiny world within the smallest of all worlds. J. Anim. Ecol. 78, 1096–1101 (2009).

Minha  contribuição:  definição  do  problema,  elaboração  da  hipótese  de  trabalho,
análise  de redes,  análise estatística,  redação do manuscrito.  Participação a convite
como  autor  correspondente.  Trabalho  derivado  da  tese  de  doutorado  da  primeira
autora.
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Pollination networks of oil-flowers: a tiny world within
the smallest of all worlds

Elisângela L.S. Bezerra1, Isabel C. Machado1 andMarcoA. R.Mello2*

1Departamento de Botânica, Universidade Federal de Pernambuco, RuaProf. Moraes Rego, s ⁄n, 50372-970, Recife, PE,
Brazil; and 2Departamento de Botânica, Universidade Federal de São Carlos, Rod.Washington Luı́s, Km. 235, 13565-905,

São Carlos, SP, Brazil

Summary

1. In the Neotropics, most plants depend on animals for pollination. Solitary bees are the most
important vectors, and among them members of the tribe Centridini depend on oil from flowers

(mainly Malpighiaceae) to feed their larvae. This specialized relationship within ‘the smallest of all
worlds’ (a whole pollination network) could result in a ‘tiny world’ different from the whole sys-

tem. This ‘tiny world’ would have higher nestedness, shorter path lengths, lower modularity and
higher resilience if compared with the whole pollination network.

2. In the present study, we contrasted a network of oil-flowers and their visitors from a Brazilian
steppe (‘caatinga’) to whole pollination networks from all over the world.

3. A network approach was used to measure network structure and, finally, to test fragility. The
oil-flower network studied was more nested (NODF = 0Æ84,N = 0Æ96) than all of the whole polli-

nation networks studied. Average path lengths in the two-mode network were shorter (one node,
both for bee and plant one-mode network projections) and modularity was lower (M = 0Æ22 and
four modules) than in all of the whole pollination networks. Extinctions had no or small effects on

the network structure, with an average change in nestedness smaller than 2% in most of the cases
studied; and only two species caused coextinctions. The higher the degree of the removed species,

the stronger the effect and the higher the probability of a decrease in nestedness.
4. We conclude that the oil-flower subweb is more cohesive and resilient than whole pollination

networks. Therefore, the Malpighiaceae have a robust pollination service in the Neotropics. Our
findings reinforce the hypothesis that each ecological service is in fact a mosaic of different subser-

vices with a hierarchical structure (‘webs within webs’).

Key-words: community structure, melittophyly, modules, mutualism, subwebs.

Introduction

In some localities, up to 98% of all angiosperms depend on

animals for pollination (Bawa 1990). Solitary bees are the

major pollinators (Roubik 1989), and most of them look for

nectar and pollen in flowers. But species of the tribe Centridi-

ni (Hymenoptera: Apidae) also look for oil in specialized

flower structures (elaiophores) mainly among the Malpighia-

ceae in the Neotropics (Vogel 1990; Machado 2004). Used to

feed the larvae, oil is a crucial resource (Alves-dos-Santos,

Machado & Gaglianone 2007). The population ecology of

oil-flower systems is well known (Machado 2004), but this

interaction has not been studied at the community level from

a complex network perspective. This approach could allow

us to assess properties of species and interactions together in

the framework of universal patterns, such as the ‘small-world

phenomenon’ (Bascompte & Jordano 2007).

Pollination networks share some invariant properties with

othermutualisms (Bascompte et al. 2003), and have been sug-

gested as being ‘the smallest of all worlds’, because of their

high cohesiveness and short path lengths (Olesen et al. 2006).

The subsystem formed by oil-flowers and bees may be a ‘tiny

world’, i.e. even more cohesive, because of the high phyloge-

netic relatedness within both sides of the interaction, Centri-

dini oil-collecting bees andMalpighiaceae oil-flowers. This is

likely, because within a lower clade such as a tribe, species

tend to bemore similar to each other. Furthermore, small dif-

ferences between otherwise very similar systems (e.g. interac-

tion intimacy, Guimarães Jr. et al. 2007) can result in

differences in the structure and fragility of networks. These

differences can generate ‘webs within webs’ (Newman, Bara-

basi & Watts 2006) or ‘mutualistic modules’ (Jordano 1987),*Correspondence author. E-mail: marmello@gmail.com
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indicating a hierarchical structure. If this oil-flower subsys-

tem is indeed a tiny world, then we should expect it to also be

more resilient, as extinctions could be more easily compen-

sated (Costa 2004). Furthermore, modules formed by

oil-bees and oil-flowers have already been detected in whole

pollination networks, supporting the hypothesis of a hierar-

chical structure (Olesen et al. 2007).

The goal in the present study was to test whether the tiny

world formed by the ensemble (sensu Fauth et al. 1996) of

oil-flowers and their visitors is more cohesive and resilient

than whole pollination networks. More specifically, we

expected the oil-flower network to be: (i) more nested than

whole pollination systems, because this specialized interac-

tions could result in higher connectivity, and ultimately in

higher nestedness; (ii) a small world with short distances

between most partners, because of the high phylogenetic

relatedness of both bees and plants. We also expected the

modularity of the oil-flower network to be lower than the

average of the whole pollination networks, because it com-

prised fewer clades; and (iii) more resilient to extinctions,

because of the high cohesiveness and its compensatory effects

(Albert, Jeong &Barabasi 2000).

Materials andmethods

DATA COLLECTION

Data on bee–Malpighiaceae interactions were collected in the Parque

Nacional do Catimbau (hereafter Catimbau), in the municipality of

Buı ´ que (PE), northeastern Brazil (8"24¢00¢¢–8"36¢35¢¢ S and

37"09¢30¢¢–37"14¢40¢¢ W). Catimbau covers 60Æ7 km2, and has a semi-

arid regional climate (BSh – Köppen classification). The park’s vege-

tation is a mixture of Caatinga (Brazilian steppe), Cerrado (Brazilian

savanna) and Campos Rupestres (montane savanna) (Rodal et al.

1998; SNE, 2002). The annual average rainfall is 600 mm and the

annual average temperature is 26 "C, with a rainy season occurring

betweenApril and June (SUDENE, 1990).

Field work was carried out during three different periods: from

January to December 2003, from January to December 2005 and

from August to December 2006. We focused on plants of the family

Malpighiaceae, because this is the most important family of oil-flow-

ers in the Neotropics (Vogel 1990). One hundred and thirty-eight

individual plants in natural clumps of 13 Malpighiaceae species were

monitored in the study area. Plant vouchers were deposited in the

Herbarium UFP (Departamento de Botânica, Universidade Federal

de Pernambuco, Brazil). During the flowering peak of each species,

we recorded the number of bee visits to flowers over four consecutive

days, from 5.00 to 17.00. We conducted a total of 1392 h of observa-

tion. Bee vouchers were collected, preserved dry and deposited in the

collection of the Floral and Reproductive Biology Laboratory of the

Departamento de Botânica, Universidade Federal de Pernambuco.

Additionally, we used 22 data sets downloaded from the Interac-

tion Web Database (hereafter IWD; Vazquez & Melian 2008) in

order to compare data from whole pollination networks with our

data focused on the ensemble of oil-collecting bees and oil-flowers.

Those data sets refer to pollination networks from all over the world

including different biomes (see Table S3 in Supporting Information).

We also used results published by Olesen et al. (2007) that describe

the modularity and the number of modules for 29 whole pollination

networks from all over the world (see Supporting Information, Table

S1, of thementioned paper), and byOlesen et al. (2006) from 37 other

pollination networks, in order to compare them with our own data

on oil-flowers.

DATA ANALYSIS

We organized data on bee visits to plants as an adjacency matrix

P · A, with plant species listed as rows (P) and bee species listed as

columns (A). Each cell was filled with the number of recorded visits

of a bee species j to flowers of a plant species i, and thus the matrix

was weighted with frequencies of visitation. Then, we analysed the

matrix as one- or two-mode networks, depending on the prediction

to be tested (see explanations that follow).We also counted the num-

ber of animal and plant species in the matrix, and its richness ratio, a

good indicator of network structure (plants ⁄ animals, see Guimarães

et al. 2007a), and compared those values with the ones observed in

the whole networks. We presented the studied network as graphs

using Pajek 1Æ24 (Batagelj &Mrvar 1998).

First, high nestedness was hypothesized for our network because

the network was thought to have a higher connectivity, as explained

in the Introduction. Connectivity seems to be positively related to

nestedness (Almeida-Neto et al. 2008). Nestedness is one kind of

asymmetry of interactions characterized by a core of highly con-

nected species (generalists) that interact mainly with each other, and

a subset of species with fewer connections (specialists) that interact

mainly with the generalists (Bascompte et al. 2003). So, to test the

first prediction of high nestedness, we transformed the weighted data

into binary data (presence ⁄ absence of interaction) and calculated the

degree of nestedness in the network using the new metricNODF (Al-

meida-Neto et al. 2008), which fits better the concept of nestedness

than the classic T metric (Atmar & Patterson 1993). However, we

also calculated the N metric, which is derived from T, and expressed

as N = (100–T) ⁄ 100, in order to allow comparisons with previous

studies. Values ofNODF were compared with values observed in the

22 worldwide networks from IWD. The significance of both metrics

was estimated with Monte Carlo procedures (1000 iterations) in A-

ninhado 3Æ0 (Guimarães &Guimarães 2006), using a null model (Ce),

where the probability of interaction between two species is propor-

tional to the number of interactions of those species (Bascompte et al.

2003).

To test the second hypothesis of a small-world structure, twomore

predictions were derived. First, the original two-mode network was

transformed in Pajek 1Æ24 into two one-mode networks, plants and

bees separated, defined by interactions with the same partners. Then,

we tested our second prediction in this study: a short average path

length between pairs of species, i.e. the number of nodes between two

nodes in the network. Values of path lengths were compared with val-

ues from 37 networks published by Olesen et al. (2006). Then, we

tested our third prediction: a low value of modularity. For this test

we used the softwareNetcarto, so we could calculate theM index and

detect modules with a simulated annealing algorithm (Guimerà &

Amaral 2005). We compared the value of modularity observed in the

oil-flower network with values of 29 pollination networks from all

over the world published byOlesen et al. (2007).

To test for network resilience, simulated removals of species in the

binary matrix were used in order to determine the degree to which the

network structure changed and the number of extinctions that were

caused. The fourth prediction was a small change in the network’s

degree of nestedness and few coextinctions, as observed in most

scale-free and broad-scale networks (Albert et al. 2000). The fifth

prediction was that generalists were expected to cause larger changes

than specialists because they usually play the role of hubs or
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connectors (Olesen et al. 2007). One species and all of its interactions

were removed from the network at a time in a jack-knife procedure.

If there were species that were connected only to the removed species,

they and their interactions were removed as well (a coextinction).

This procedure was the same as that used in previous sensitivity anal-

yses (Memmott,Waser & Price 2004; Rezende et al. 2007). After each

removal, the relative change in nestedness (NODFr) of the whole net-

work was measured as: NODFr = (NODFobs–NODFori) ⁄NODFori,

where NODFobs is the observed value of NODF after the species was

removed, and NODFori is the original value of NODF of the full

matrix. Finally, the number of coextinctions (C) was counted. We

ran a logistic regression to test whether species withmore interactions

were more likely to cause decreases in nestedness. The software At-

aque (F.M.D. Marquitti & M.A.M. Aguiar, unpublished data), was

used to remove species and interactions according to the explained

criteria. Average values of C and NODFr were calculated for 23 net-

works from IWD, and were compared with the oil-flower network.

Finally, because species richness may influence the structure of a

network (Guimarães et al. 2007a), we controlled for this factor by

correlating NODF, NODFr, C and M to species richness in all net-

works. Even if species richness is indeed a correlate of those fourmet-

rics, we expected the oil-flower network to deviate from the average

trends because of its higher phylogenetic relatedness (as explained

before). Thus, the residuals of this network in each correlation were

expected to be higher than average in the case of NODF, but lower

than average in the three other correlations.

Results

The pollination network of oil-flowers and oil-collecting

bees was composed of 26 species in our study area, and

therefore the species richness was lower than the average of

all of the whole networks (mean ± SD: total rich-

ness = 126 ± 159 species, N = 22). The studied network

had a perfectly balanced proportion of plants and animals

of 1 : 1 (13 · 13 species), and as such was more balanced

than 90% of the whole networks from Olesen et al. (2006)

that were used for comparison (plant : animal ratio of

0Æ43 ± 0Æ40). In our study, there were a total of 28 224 visits

to the flowers and 71 connections between bees and flowers,

and all Malpighiaceae species interacted only with the

Apidae bees. Out of the 13 visiting bee species, 10 were oil-

collecting bees that are members of the tribe Centridini. The

other three species (Apis mellifera Linnaeus, 1758, Xylocopa

grisescens Lepeletier, 1841 and Xylocopa sp.) only took

pollen from Malpighiaceae flowers, and do not collect oil.

The genus Centris was the major bee group represented,

with nine species that conducted 94% of all pollination

events (see Supporting Information, Table S1).

As expected, nestedness was very high in the studied net-

work as measured by both indices (NODF = 0Æ84,
P < 0Æ001;N = 96, P < 0Æ001). We observed a core of gen-

eralist plants interacting mainly with generalist Centris bees,

and a subset of other plants and bees with few interactions

that were connected only to the main core (Fig. 1). There

were no interactions among specialists, indicating a highly

nested structure. The degree of nestedness was substantially

higher than the values observed in 22 whole pollination net-

works from IWD (NODF = 0Æ32 ± 0Æ18).

The average path length between bees was very short (one

node), and the same pattern was observed among plants (one

node). Thus, all nodes were indirectly connected to each

other in the network through interactions with partners, a

shorter distance than observed in all 37 of the whole pollina-

tion networks studied by Olesen et al. (2006) (path length:

animals = 1Æ73 ± 0Æ28, plants = 1Æ47 ± 0Æ29). Only four

compartments were detected in the simulated annealing anal-

ysis (Fig. 2), and modularity was significant but lower

(M = 0Æ20, P = 0Æ04) than in all 29 of the whole pollination

networks studied by Olesen et al. (2007) (number of compart-

ments = 8Æ76 ± 3Æ72; M = 0Æ47 ± 0Æ09). Six bee species

and one plant species had a central position in the network

(Fig. 2).

The pollination network was very resilient to extinctions,

as expected, because the average absolute change in nested-

ness caused by single-species extinctions was very low

(Nr = 0Æ4 ± 1Æ5%; see Supporting Information, Table S2).
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Fig. 1. A two-mode ordered graph representing the pollination
ensemble formed by pollinating bees (boxes) and plants of the family
Malpighiaceae (ellipses). Edges represent pollination interactions,
and the thickness of the line indicates the number of visits by the bee
species to the plant species (the thicker the line, the higher the number
of visits). See the legend for species labels in Table S2.

1098 E. L. S. Bezerra et al.

! 2009 TheAuthors. Journal compilation! 2009 British Ecological Society, Journal of Animal Ecology, 78, 1096–1101



Most species caused no change in nestedness when removed

from the network. There were some outliers, like the most

important bee (Centris caxiensis Ducke, 1907), which alone

caused a decrease of 5Æ3% in nestedness, and the most impor-

tant plant [Banisteriopsis muricata (Cav) Cuatrec.] that was

responsible for an increase of 1Æ6% in nestedness. Almost all

plant and bee species caused no coextinctions, but one plant

species (B. muricata) caused four coextinctions in the net-

work when removed. In the 22 IWD whole networks, an

average of 95% of the extinctions resulted in at least one co-

extinction (C = 2Æ2 ± 4Æ5, varying from 0 to 6) and an aver-

age change of 2Æ0 ± 7Æ3% in nestedness (varying from )21Æ9
to 25Æ9%)was observed.

On average, bees caused stronger changes than plants

(U = 39Æ5, P = 0Æ006) and generalists caused stronger

changes in nestedness than specialists (r2=0Æ38, P = 0Æ001)
(Fig. 3). Additionally, the higher the degree of the removed

species, the higher the probability of a decrease in nestedness,

and an increase of one interaction in the species degree repre-

sented an increase in 0Æ68% in the probability of a decrease in

nestedness (v2 = 8Æ36,P = 0Æ004, odds ratio = 0Æ68).
Furthermore, we observed that the degree of nestedness

(NODF) decreased with species richness in all pollination net-

works analysed, including the oil-flower network (r2 =

)0Æ49, P = 0Æ02) (Fig. 4). However, the residual of the oil-

flower network (0Æ47) was positive and higher than in all

other residuals (0Æ00 ± 0Æ16), indicating that this particular

network had a higher than expected nestedness. Species rich-

ness also explained the number of coextinctions (C) that

occurred after single-species extinctions, which were higher

in richer networks (r2 = 0Æ52, P = 0Æ01). Again, the oil-

flower network differed from the others because its residual

()0Æ87) was much lower than the residual of 86% of the

whole networks (0Æ00 ± 1Æ33). There was no correlation

between species richness and the relative change in nestedness

(NODFr) after single-species extinctions (r2 = 0Æ004, P =

0Æ97), and the degree of modularity (r2 = 0Æ18,P = 0Æ33).

Discussion

The network formed by oil-flowers and their pollinating bees

was a ‘tiny world’ within ‘the smallest of all worlds’ (whole

pollination networks, Olesen et al. 2006). In summary, the

network was more cohesive and resilient than whole pollina-

tion networks. Together, these findings suggest that ensem-

bles within larger networks may have different properties,

and it reinforces the hypothesis that a given ecological service

may be amosaic of hierarchical subservices (Jordano 1987).

One very important finding in the present study was that

the studied network of oil-flowers was different from other

studied cases despite the positive correlation observed

between species richness and degree of nestedness and the

negative correlation between species richness and the number

of coextinctions. This was due to the nestedness and resilience

values for oil-flowers, which were higher than expected con-

sidering its richness. This finding reinforces our hypothesis

that a phylogenetically restricted ensemble may represent a

hierarchical subweb within a whole network.
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The nested structure found in the studied ensemble has

been observed in many facultative mutualisms, such as polli-

nation and seed dispersal (Bascompte et al. 2003), and even

marine-cleaning symbiosis (Guimarães et al. 2007b), where

the opportunities to establish partnerships are more diversi-

fied than in symbiotic interactions. Nestedness is assumed to

be an evolutionarily stable strategy in facultative mutualisms

because more vulnerable species (specialists) are linked pref-

erentially to a strong core of generalists (Bascompte, Jordano

&Olesen 2006).Moreover, deleterious influences are thought

to be diluted in nested networks, while their effects could be

amplified and could result in a higher number of coextinc-

tions in compartmented systems (Guimarães Jr. et al. 2007).

It is interesting to notice that the degree of nestedness

observed in the oil-flower network wasmuch higher than that

observed in whole pollination networks. There are different

explanations for the origin of a nested structure (Krishna

et al. 2008), and in our case we suppose that phylogenetic

relatedness may result in higher connectivity due to a higher

ecological similarity among partners and, ultimately, in a

higher nestedness. The new nestedness metric used here,

NODF, increases with connectivity, as it is coherent with the

original nestedness concept (Almeida-Neto et al. 2008).

Considering the high asymmetry of interactions in the net-

work, a high cohesiveness was also expected, and indeed was

observed. All species of the same group (i.e. plants or ani-

mals) are indirectly connected to each other by just one com-

mon partner. This is a strong ‘small-world’ structure

(Newman et al. 2006), and thus influences are easily perco-

lated or diluted throughout the network. This pattern may be

beneficial for the Malpighiaceae, because the loss of one

mutualist bee is probably compensated by othermutualists.

The sum of those cohesiveness-increasing properties

resulted in a resilient network. Most simulated extinctions

caused no coextinctions, and resulted in changes of nested-

ness smaller than 2%. On average, bees were more important

for network structure than plants, probably because of the

influence of effective pollinators. Resilience to extinctions

was higher than in the whole pollination networks selected

for comparison, and were also higher than in another set of

pollination networks studied by Memmott et al. (2004). As

expected, generalists caused higher changes in network struc-

ture. Hubs and connectors are known to be more important

for the whole network structure in many scale-free (Albert

et al. 2000) and broad-scale systems (Memmott et al. 2004).

Besides, the removal of generalists tended to cause decreases

in nestedness, while the removal of specialists resulted in

increases. On the one hand, one likely explanation is that the

removal of a specialist also removes interactions with other

specialists, thus enhancing the nested structure. On the other

hand, the removal of a generalist may lessen the difference

between subsets of the network, thus decreasing nestedness.

Regarding the importance of particular species in the net-

work, the plant B. muricata deserves special attention,

because its removal caused three coextinctions and an

increase in nestedness of 1Æ6% (much higher than the aver-

age). This is also the case of the bee Centris caxiensis, which

was not responsible for coextinctions, but caused a change

in nestedness of 5Æ3%. Other hub and connector bees, like

C. aenea Lepeletier, 1841 and C. fuscata Lepeletier, 1841,

were also important for network structure. Evidence suggests

that the most common and generalistic species are the main

keepers of an ecological service.

In summary, the pollination network of oil-flowers and

bees is one of the smallest worlds studied so far, considering

subwebs defined on a biological basis (in this case, oil collec-

tion). Results of the present study indicate that small ensem-

bles within whole networks may exhibit different properties.

Thus, future studies should investigate the hierarchical struc-

ture of ecological services such as pollination and seed
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dispersal in others to increase our understanding of how dif-

ferent subservices contribute to the larger ecological service.

Conservationplans that aim toprotect theMalpighiaceae and

their products should pay attention not only to charismatic

bee or plant species, but also tohuband connector species that

glue the system together andmaintain ecological services.
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SNE (2002) Projeto técnico para criação do Parque Nacional do Catimbau ⁄ PE.
SociedadeNordestina de Ecologia, Recife.

SUDENE (1990) Dados pluviométricos mensais do Nordeste. Superintendência
deDesenvolvimento doNordeste, Recife.

Vazquez, D.P. & Melian, C.J. (2008) Interaction Web Database. http://
www.hceas.ucsb.edu/interactionweb/index.html.

Vogel, S. (1990) History of the Malpighiaceae in the light of the pollination
ecology.Memoirs of the NewYork Botanical Garden, 55, 130–142.

Received 14November 2008; accepted 23 April 2009
Handling Editor: Andre Gilburn

Supporting Information

Additional Supporting Information may be found in the online ver-
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Table S1. Ordered matrix of interactions observed between oil-flow-

ers of the family Malpighiaceae (rows) and oil-collecting bees (col-

umns) in the studied Caatinga area. Cell values represent the number

of visits that a j bee species made to an i plant species. ‘Degree’ is the

number of interactions (binary) observed for a given species.

Table S2. Results from the extinction simulations based on removal

of single species from the network. For each species we present infor-

mation on its taxonomic group (animal or plant), its ecological cate-

gory (seeMethods), the label used to identify it in graphs, its scientific

name, its degree (K – number of interactions), relative degree (Kr –

proportion of interactions), relative change in nestedness caused by

its removal (NODFr) and the number of coextinctions caused by its

removal (C). *Bees that are not oil-collectors.

Table S3.Thirty-two data sets downloaded from the website ‘Interac-

tion Web Database’ (Vazquez & Melian 2008) that we used in the

present study for comparison with the oil-flower subnetwork.

Please note: Wiley-Blackwell are not responsible for the content or

functionality of any supporting materials supplied by the authors.

Any queries (other than missing material) should be directed to the

corresponding author for the article.
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Elisabeth Klara Viktoria Kalko • Pedro Jordano • Marcus Aloizio Martinez de Aguiar

Received: 9 August 2010 / Accepted: 22 March 2011 / Published online: 9 April 2011
! Springer-Verlag 2011

Abstract In networks of plant–animal mutualisms, differ-
ent animal groups interact preferentially with different plants,

thus forming distinct modules responsible for different parts

of the service. However, what we currently know about seed
dispersal networks is based only on birds. Therefore, we

wished to fill this gap by studying bat–fruit networks and

testing how they differ from bird–fruit networks. As dietary
overlap of Neotropical bats and birds is low, they should form

distinct mutualistic modules within local networks. Further-
more, since frugivory evolved only once among Neotropical

bats, but several times independently among Neotropical

birds, greater dietary overlap is expected among bats, and thus
connectance and nestedness should be higher in bat–fruit

networks. If bat–fruit networks have higher nestedness and

connectance, they should be more robust to extinctions. We
analyzed 1 mixed network of both bats and birds and 20 net-

works that consisted exclusively of either bats (11) or birds

(9). As expected, the structure of the mixed network was both
modular (M = 0.45) and nested (NODF = 0.31); one module

contained only birds and two only bats. In 20 datasets with

only one disperser group, bat–fruit networks (NODF =
0.53 ± 0.09, C = 0.30 ± 0.11) were more nested and had a

higher connectance than bird–fruit networks (NODF =

0.42 ± 0.07, C = 0.22 ± 0.09). Unexpectedly, robustness to
extinction of animal species was higher in bird–fruit networks

(R = 0.60 ± 0.13) than in bat–fruit networks (R = 0.54 ±

0.09), and differences were explained mainly by species
richness. These findings suggest that a modular structure also

occurs in seed dispersal networks, similar to pollination net-
works. The higher nestedness and connectance observed in

bat–fruit networks compared with bird–fruit networks may be

explained by the monophyletic evolution of frugivory in
Neotropical bats, among which the diets of specialists seem to

have evolved from the pool of fruits consumed by generalists.

Keywords Complex networks ! Ecosystem services !
Food webs ! Guilds ! Mutualisms

Introduction

Mutualistic interactions among animals and plants are

vital for ecosystem functioning as they generate important
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ecosystem services such as seed dispersal and pollination

(Wright 2002). Network theory facilitates the understanding of
the structure and dynamics of mutualisms, as it allows a

traceable representation of their complexity and an assessment

of the whole structure of their interactions at the community
level, as well as simulations of extinctions or loss of interac-

tions (Bascompte and Jordano 2007). This, in turn, is essential

in assessing ecosystem services as a whole (Walker 1992).
Despite some pervasive properties of mutualistic networks

(such as nestedness; Bascompte et al. 2003), there are impor-
tant differences between parts of each network. For instance,

the hypothesis of mutualistic modules (Jordano 1987) states

that networks consist of subsets composed of phylogenetically
related species that play similar ecological roles.

Indeed, modules (i.e., cohesive subgroups of closely

connected species) with a strong phylogenetic signal have
already been detected in both ant–plant (Fonseca and Ga-

nade 1996) and pollination networks (Olesen et al. 2007),

and modularity seems to be another pervasive property of
mutualisms (Fortuna et al. 2010). Modularity is also related

to classic ecological theories, as interaction syndromes

(van der Pijl 1972) and guilds (Root 1967). However, the
novelty brought by the analysis of modularity is the pos-

sibility to test for a subgroup structure and to assess this

structure based on the pattern of multi-species interactions.
There is also much evidence supporting the hypothesis that

closely related species tend to interact with similar subsets

of partners (Oliver et al. 2008). A modular structure means
that the ecosystem service rendered by the network consists

of subsets of tightly-connected animals and plants, which

are linked to each other by some species with interactions
that reach beyond their own modules (i.e., connectors).

Therefore, the concept of modules in network theory is

related to the ecological concepts of guilds and functional
groups (Blondel 2003), and hence may be used as a tool to

test predictions derived from ecological theory. Modules

may be complementary or redundant at different levels. It
is therefore crucial to understand this mosaic of modules in

order to comprehend how seed dispersal services are gen-

erated and how disturbances might affect their functioning.
Although there is strong evidence of a modular structure

in pollination (Olesen et al. 2007) and myrmecophyly

systems (Fonseca and Ganade 1996), modularity has sel-
dom been investigated in seed dispersal systems. Many

animal groups are involved in seed dispersal (Fleming et al.

1987). This service is dominated by birds and bats in the
Neotropics, as those two disperser groups are responsible

for nearly 80% of the seed rain at some sites (Galindo-

Gonzáles et al. 2000), with other vertebrates, particularly
primates and rodents, contributing as well (Fleming et al.

1987). However, our knowledge of seed dispersal networks

is very limited, as almost only bird–fruit systems have been
studied so far using a network approach (Bascompte and

Jordano 2007). Furthermore, in general, seed dispersal at

community level has been much better studied in birds than
in other animals.

Bats and birds are ecologically very similar since they are

both highly mobile. They both feed on a wide range of fruit
species (Terborgh et al. 2002), but dietary overlap is low

between both groups in many Neotropical communities

(Muscarella and Fleming 2007). Consequently, birds and bats
appear to play complementary roles in seed dispersal, and

thus, in a local network, birds and bats should belong to dif-
ferent mutualistic modules. Furthermore, in the Neotropics,

strict frugivory evolved just once among bats (Datzmann et al.

2010), but several times independently among birds (Kissling
et al. 2009). This means that frugivorous birds, which belong

to several families, are more species-rich and phylogenetically

much more diverse than frugivorous bats, which all belong to
the family Phyllostomidae (Kissling et al. 2009; Lobova et al.

2009). Although frugivorous bats feed on plant species in at

least 62 plant families, their diet is concentrated on five main
genera (Cecropia, Ficus, Piper, Solanum and Vismia; Lobova

et al. 2009), whereas frugivorous birds have a much more

diversified diet (Kissling et al. 2009).
Thus, on average, each bird species probably interacts

with a larger number of plant species in each network,

whereas each bat species probably has a narrower dietary
spectrum but interacts with a higher proportion of the

plants available in the network. Consequently, connectance

should be higher and average path length (i.e., the number
of direct and indirect links that separate on average every

two species in the network) shorter in bat–fruit networks

than in bird–fruit networks, as more interactions are likely
to occur within them. Similarly, nestedness should also be

higher in bat–fruit networks, as the diet of species with few

interactions is probably a subset of the diet of species with
many interactions, as observed for instance in Carollia bats

(Thies and Kalko 2004).

Finally, because bird–fruit networks are ecologically
more diverse, there should be a larger proportion of species

playing peripheral roles, which cause smaller changes to the

whole structure if removed, and consequently these networks
should be more robust to random extinctions of single spe-

cies than the ecologically less diverse bat–fruit networks. We

tested these hypotheses and present evidence on the modu-
larity of seed dispersal networks and on the ecological

complementarity of bat and bird dispersal services.

Materials and methods

Datasets

To compare the structure and robustness of bat– and bird–
fruit networks, we analyzed 17 published datasets,

132 Oecologia (2011) 167:131–140

123

Author's personal copy



consisting of 11 bat–fruit networks, 9 bird–fruit networks,

and 1 mixed network with both bats and birds (Online
Resource 1). Six of those datasets were obtained from

the Interaction Web Database (http://www.nceas.ucsb.edu/

interactionweb/). The mixed network was analyzed both as
a whole and as separate bird– and bat–fruit subnetworks

(i.e., subsets of a complete network, in this case based on

taxonomy). For our analysis, we used 13 datasets based on
data from fecal analysis obtained through mist-netting at

ground level, and 3 datasets containing data from fecal
analysis combined with other methods, such as focal

observations and roost inspections. We included only

studies in which sampling was carried out for at least
1 year, all frugivore and plant species were sampled

without an a priori selection of particular groups, and all or

most animals and plants were identified to the species.
Although a few bird and bat species also act as seed pre-

dators (e.g., Chiroderma bats; Nogueira and Peracchi

2003), they are included in our network analysis as they
represent only a very small proportion of all frugivorous
species in each network (Jordano et al. 2009) and occa-

sionally also disperse seeds. Therefore, we note that our
networks really are of seed dispersal and not only frugi-

vory, as most animals studied here are legitimate dispersers

(Fleming and Sosa 1994). In the analysis of networks,
similar problems are observed as in the analysis of com-

munities, mainly sampling biases related to rare species

(Blüthgen et al. 2008). In our study on seed dispersal
networks, those biases are not particularly problematic,

because we focused on the structure of interactions and the

seed dispersal service as a whole and not on the niche of
each species. As in other network studies (Bascompte et al.

2003), differences in sampling completeness among studies

are viewed here as an advantage, as they allow for testing
our hypotheses with an heterogeneous dataset that repre-

sents the diversity of information available in the literature.

Network analysis

We transformed all datasets into binary adjacency matrices
of animals and plants, with bat or bird species as A rows

and fruit species as P columns, in which 1 represents

records of frugivory and 0 represents lack of records. Thus,
vertices in those networks are species of animals or plants

and edges are interactions of frugivory. The networks were

represented as two-mode graphs in the ‘‘bipartite’’ package
of R (Dormann et al. 2008).

To test whether bats and birds in the mixed network

belong to different subgroups we used a modularity anal-
ysis based on a simulated annealing algorithm (Guimerà

and Amaral 2005). The network module concept is very

straightforward as a surrogate to test the hypothesis of
mutualistic modules. Modularity is a measure of how much

the network is structured as cohesive subgroups of vertices

(modules) in which the density of interactions is higher
within than among subgroups. Modularity was calculated

with the index M (range 0–1) in the program Netcarto

(kindly provided by R. Guimerà) (Guimerà and Amaral
2005), and its significance was estimated with a Monte

Carlo procedure with 1,000 randomizations. Modules were

identified in Netcarto, and the bipartite network plus its
modules were represented as energy-minimization graphs

in Pajek 2.02 (Batagelj and Mrvar 1998). We used the
original bipartite networks in this analysis, following other

studies on mutualistic networks (e.g., Olesen et al. 2007).

Seven descriptors of structure were used to compare the
20 separate networks with either bats or birds: network

size, nestedness, connectance, complementary specializa-

tion, average path length, modularity, and average number
of plants per animal. Network size (S) was defined as the

total number of species in a network; i.e., species richness

in the community. The average number of plant species per
animal species (Ppa), also known as ‘‘species richness

ratio’’ (Guimarães et al. 2007), was calculated by dividing

the number of plant species by the number of animal
species in each network. Because networks have different

species richness, the species richness ratio was also cal-

culated as a proportion in relation to the total of partners
available in the network (Ppa0).

Nestedness is a topological pattern in which interac-

tions involving species with few connections represent a
subset of the interactions involving highly-connected

species (Bascompte et al. 2003). Nestedness is hypothe-

sized as a characteristic of facultative mutualisms (Gui-
marães et al. 2007) and is assumed to result in higher

robustness of the whole system (Bastolla et al. 2009). We

used the software Aninhado 3.0 to calculate the degree of
nestedness with the metric NODF, which varies from 0 to

100 (Almeida-Neto et al. 2008); we normalized values so

they ranged from 0 (non-nested) to 1 (perfectly nested).
The significance of NODF was estimated with a Monte

Carlo procedure with 1,000 randomizations, using null

model Ce, in which the interaction probability between an
animal and a plant is proportional to their total number of

interactions.

Connectance (C) was defined as the proportion of real-
ized interactions in relation to the total of interactions

possible in the network. It varies from 0 (no interactions) to

1 (all species connected to each other) (Jordano 1987). For
seed dispersal networks, connectance is calculated as

C = I/(AP), where I is the total number of interactions

observed in the network, A represents the number of animal
species involved, and P is the number of plant species.

Connectance is considered as a surrogate for complemen-

tary specialization in mutualistic networks (Jordano et al.
2003) and describes the proportion of realized interactions
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in the network. Here, specialization is not defined based on

dietary preferences or coevolutionary relationships but
only as the number of interactions established by the spe-

cies in relation to all possible interactions. As there is some

criticism of the use of connectance as a surrogate for
specialization (Blüthgen et al. 2007), because it is strongly

correlated with network size, we calculated H2
0 for com-

parison (Blüthgen et al. 2006). H2
0 depicts how much the

interactions of each species differ from each other in the

network. However, three networks could not be included in
this analysis as they contained only binary data and H2

0

requires weighted data (i.e., frequency of interaction).

Average path length (Pl) represents the average length
of all shortest paths between any two vertices in the net-

work; the shortest path between two vertices is calculated

as the number of interactions in the shortest possible path
(geodesic) between them (Nooy et al. 2005). For instance,

if two species i and j are connected to each other, the path

length between them is 1; if two species i and j are indi-
rectly connected by a third species k, which is a common

partner of both, the path length between i and j is 2.

Average path length is a surrogate for cohesiveness in the
network (Watts and Strogatz 1998). To calculate path

lengths, we transformed each network into an unipartite

projection of only animal species, in which links represent
niche overlap (i.e., species that have at least one food plant

in common), using Pajek 2.02.

To test for the robustness of networks to cumulative
random extinctions of single species, we used the analysis

proposed by Burgos et al. (2007). In this analysis,

extinctions were simulated by cumulatively and randomly
removing species from the network. When a species was

connected only to the removed species, it was also

removed from the network (secondary loss). This way, an
extinction curve was generated by plotting the number of

remaining species against the cumulative number of

species removed (100 randomizations). Removals were
carried out from each side of the network separately.

Ultimately, we obtained one curve for plants and one for

animals for each network. The area below each curve
(R) was calculated as a measure of the robustness of the

system to the loss of animal or plant species, i.e., how

quickly the network collapses after cumulative extinc-
tions. R = 1 corresponds to a slow decrease in the curve,

and thus represents a system in which most plants remain

after the removal of most animals, or vice versa. R = 0
corresponds to a network that collapses quickly after the

first removals. This analysis was carried out in the

package bipartite for R (Dormann et al. 2008). It is
important to say, though, that the removal of a species

from a seed dispersal network does not mean an actual

extinction in its ecological community, but a removal
from the local seed dispersal service.

Statistical analysis

Differences between bat– and bird–fruit networks were
tested with general linear models (GLM) in the package

PASW Statistics for Mac 18.0. In each model, the network

index (NODF, C, Ppa, Ppa0, Pl, or M) was the dependent
variable, the disperser group (bat–fruit or bird–fruit) was the

fixed factor, and network size (S) was the covariate, because

network size is correlated with many network parameters
(Dormann et al. 2009). For comparison of robustness in bat–

and bird–fruit networks with regard to cumulative extinc-

tions, we used separate GLMs for animals and plants. In the
GLMs for robustness, R was the dependent variable, the

disperser group (bat–fruit or bird–fruit) was the fixed factor,

and the covariates were S, NODF, and M. We arcsine-
transformed proportions and transformed counts to their

square root in order to increase normality.

In these analyses, we assumed that the more a network is
nested, the more robust it is, because fragile species (i.e.,

with few interactions) are connected to resistant species

with many interactions (‘‘hubs’’) (Bastolla et al. 2009). We
also assumed that the more a network is modular, the less

robust it might be, as a modular structure comprises dif-

ferent subsets which are connected in some cases by a
single or a few species. In case those connectors are

eliminated, the system tends to become unstable and even

to be divided into fragments that are not connected to each
other anymore. In extreme cases, there may even be a

system collapse, inducing a large change in topology (i.e., a

‘phase shift’) (Bascompte 2009; Scheffer et al. 2009).

Results

The mixed network with bats and birds together comprised

7 bird species, 11 bat species, and 85 plant species. About
equal numbers of plant species were eaten exclusively by

birds (n = 40) or by bats (n = 39), and only 6 plant species

were eaten by both groups. Consequently, the network was
highly modular (M = 0.45, P \ 0.001) with three modules,

two with only bats and one with only birds (Fig. 1; species

names are given in Online Resource 1). At the same time,
the whole network was also nested (NODF = 0.31,

P \ 0.001). Additionally, in the mixed network, birds

(Ppa = 14.6, Ppa0 = 0.17) interacted with more plant spe-
cies than bats (Ppa = 7.7, Ppa0 = 0.09). When considering

the subsets of this network, the bat–fruit subnetwork and the

bird–fruit subnetwork were both nested (NODFbats = 0.65,
P \ 0.001; NODFbirds = 0.45, P \ 0.001) and modular

(Mbats = 0.23, P \ 0.001; Mbirds = 0.35, P \ 0.001).

The separate bat–fruit networks (n = 11, S = 33 ± 19
species) had on average half the size of the bird–fruit

networks (n = 9, S = 68 ± 54 species) (df = 18,
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Student’s t = -2.39, P = 0.03) (Online Resource 2). On
average, birds (Ppa = 11 ± 10) interacted with almost

60% more plant species than bats (Ppa = 7 ± 4). Differ-

ences were explained mainly by the disperser group;
moreover, larger networks also had larger animal linkage

level (GLM: df = 18, F = 47.28, P \ 0.001; disperser:

F = 4.41, P = 0.05; size: F = 86.04, P \ 0.001, B0 =
2.92). Bats (Ppa0 = 0.34 ± 0.09) interacted with a higher

proportion of available plants than birds (Ppa0 = 0.22 ±

0.06); differences were explained exclusively by the dis-
perser group (GLM: df = 18, F = 7.17, P = 0.006; dis-

perser: F = 4.58, P = 0.04; size: F = 2.79, P = 0.11)

(Fig. 2, Table 1).
Bat–fruit networks (NODF = 0.53 ± 0.09, all P \ 0.01)

were on average more nested than bird–fruit networks

(NODF = 0.42 ± 0.07, all P \ 0.02), and differences were
again explained mostly by the disperser group (GLM:

df = 18, F = 3.96, P = 0.03; disperser: F = 4.10,

P = 0.05; size: F = 0.50, P = 0.49) (Online Resource 2).
Connectance was also higher in bat–fruit networks (C =

0.30 ± 0.11) than in bird–fruit networks (C = 0.22 ± 0.09),

but in this case differences were explained mostly by network

size, as larger networks had lower connectance (GLM:
df = 18, F = 6.30, P = 0.009; disperser: F = 0.26, P =

0.62; size: F = 7.89, P = 0.01, B0 = -0.31).

Bat–fruit and bird–fruit networks did not differ in terms
of H2

0 (GLM: df = 15, F = 0.62, P = 0.55). Furthermore,

there were no differences between bat–fruit (Pl = 1.24 ±

0.11, M = 0.34 ± 0.07) and bird–fruit networks (Pl =
1.24 ± 0.20, M = 0.35 ± 0.07) either in average

path length (GLM: df = 18, F = 0.35, P = 0.71) or in

modularity (GLM: df = 18, F = 0.19, P = 0.83) (Fig. 2,
Table 1).

Robustness to extinction of animal species was lower in

bat–fruit networks (Ranimals = 0.54 ± 0.09) than in bird–
fruit networks (Ranimals = 0.60 ± 0.13). Differences were

not explained by disperser group, but by the covariates:

larger networks were slightly more robust, whereas more
nested and more modular networks were less robust to

removals (GLM: df = 18, F = 7.67, P = 0.001; disperser:

F = 0.93, P = 0.35; size: F = 5.76, P = 0.03, B0 = 0.02;
nestedness: F = 5.82, P = 0.03, B0 = -0.74; modularity:

F = 19.57, P \ 0.001, B0 = -1.57). Bat–fruit networks

(Rplants = 0.68 ± 0.09) were also less robust to extinction of

Fig. 1 The seed dispersal network by Neotropical frugivorous birds
and bats in a forest in the Peruvian Amazon (data from Gorchov et al.
1995; see Online Resource 1). Birds (triangles), bats (diamonds) and
food-plants (circles) that are in separate modules (gray tones) are
more densely connected to each other than to other species in the

same network. Each line (edge) represents a frugivory interaction.
Species with a large number of interactions (hubs) or species that
connect different parts of the network (connectors) are closer to the
center. Species names are given in Online Resource 1
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plant species than bird–fruit networks (Rplants = 0.75 ±
0.12). In this case, differences were explained only by net-

work size. Larger networks were slightly more robust than

smaller networks (GLM: df = 18, F = 6.42, P = 0.003;
disperser: F = 0.06, P = 0.80; size: F = 18.23, P = 0.001,

B0 = 0.03; nestedness: F = 0.09, P = 0.76; modularity:

F = 2.05, P = 0.17) (Fig. 3, Table 1).

Discussion

In this paper, we show for the first time with a network

approach that the distinct evolutionary trajectories of bats
and birds lead, at the community level, to modularity in

seed dispersal networks. This pattern has previously been

observed in pollination networks (Olesen et al. 2007). Our
results relate to general patterns in community ecology, in

particular the separation of ecological communities into

guilds or functional groups (Blondel 2003). Furthermore,
they support the current notion that seed dispersal services

of bats and birds are largely separated, as first predicted by
the theory of interaction syndromes (van der Pijl 1972) and

observed in a few previous studies (Korine et al. 2000;

Muscarella and Fleming 2007). In our study, we show how
this separation is translated into patterns of interaction in

seed dispersal networks and how it affects the system’s

structure and robustness. Interestingly, although there was
large variation in sampling effort among the studies used in

our database, results were relatively consistent among

networks; therefore, we believe that our criteria for study
selection (i.e., at least 1 year monthly sampling, identifi-

cation to the species level, and inclusion of all species that

ate fruits regardless of being specialists or not) are enough
to allow a good representation of the systems analyzed. In

summary, our results suggest that seed dispersal networks

also represent, similar to pollination networks (see Olesen
et al. 2006), ‘small worlds’; i.e., networks in which vertices

are very close to each other, because despite having sub-

groups of more densely vertices, those subgroups are
connected to each other by some hubs (i.e., vertices with a

Fig. 2 Characteristics of
Neotropical bat–fruit and bird–
fruit seed dispersal networks:
a species-richness, b proportion
of plants available,
c connectance, d nestedness,
e path length, and f modularity.
The horizontal line represents
the median, boxes represent
quartiles, and whiskers depict
95% intervals
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very large number of links). We have evidence to propose
that the mutualistic modules hypothesis (Jordano 1987),

which proposed that phylogenetically related species form
subgroups within those networks with similar patterns of

interaction, is also valid for seed dispersal, since bats and

birds belong to distinct modules in the mixed network, and
since separate networks formed by bats and birds differ in

structure and robustness. Those differences have important

implications for the understanding of the overall structure
of the system, as they corroborate the hypothesis that the

ecosystem service of seed dispersal is a mosaic of sub-

services performed by distinct groups of frugivores.
The observed complementarity of bat and bird seed

dispersal, probably due to niche segregation, has already

been suggested in previous studies but with other approa-
ches (Muscarella and Fleming 2007). This hypothesis of

separation between bats and birds is further corroborated

by the strong modularity that we found in the mixed net-
work. The presumed niche segregation may ultimately

point to distinct differences in the phylogenetic history of

frugivorous birds and bats, as frugivory evolved indepen-
dently several times in birds and occurs in many families

(Kissling et al. 2009), but evolved only once in Neotropical

bats and occurs in a single family (Datzmann et al. 2010).
This possibly explains the less diversified diet of frugivo-

rous bats compared with that of frugivorous birds. Inter-
estingly, instead of feeding on a subset of the many fruits

consumed by birds, bats apparently followed a separate

evolutionary path in the use of fruit resources (Datzmann
et al. 2010) and concentrated their diet on five phyloge-

netically distinct plant genera (Lobova et al. 2009).

Although most of the diet of forest-dwelling frugivorous
bats consists of pioneer species with small seeds (Musca-

rella and Fleming 2007), phyllostomid bats also feed on

some climax trees and large-seeded plants (Lobova et al.
2009; Melo et al. 2009). Future studies at the community

level should investigate the role of fruit characteristics in

generating this modular structure, since differences in
macronutrients (Wendeln et al. 2000), secondary metabo-

lites (Cipollini and Levey 1997), visual clues (Cazetta et al.

2009), and olfactory clues (Kalko and Ayasse 2009) are
considered as very important in fruit selection by bats,

birds and other dispersers.

If a modular structure is common in bat–fruit and bird–
fruit networks, it means that seed dispersal services are also

rendered by subgroups specializing in different plant

Table 1 Indexes for each network

Networka Disperser Pl NODF C H20 Ppa Ppa0 M S P A Ranimals Rplants

Ayub 2008 Bats 1.35 0.48 0.16 0.37 10.27 0.31 0.44 45 33 12 0.52 0.67

Carvalho 2008 Bats 1.13 0.54 0.33 0.38 4.97 0.45 0.38 17 11 6 0.52 0.66

Faria 1996 Bats 1.25 0.56 0.32 0.36 6.24 0.39 0.33 24 16 8 0.58 0.69

Garcia et al. 2000 Bats 1.40 0.41 0.26 0.39 5.60 0.40 0.44 20 14 6 0.41 0.60

Gorchov et al. 1995 Bats 1.00 0.65 0.28 0.30 7.75 0.17 0.23 57 46 11 0.59 0.87

Hayashi 1996 Bats 1.29 0.51 0.32 0.53 3.18 0.26 0.32 19 12 7 0.51 0.63

Kalko BCI Bats 1.26 0.39 0.18 N/a 14.63 0.31 0.36 68 47 21 0.67 0.75

Lopez and Vaughan 2007 Bats 1.32 0.46 0.24 0.34 8.26 0.22 0.36 52 37 15 0.65 0.77

Passos et al. 2003 Bats 1.20 0.55 0.33 0.44 9.17 0.40 0.34 29 23 6 0.51 0.72

Pedro 1992 Bats 1.29 0.58 0.31 0.54 4.02 0.37 0.33 18 11 7 0.41 0.55

Silveira 2006 Bats 1.13 0.71 0.58 0.18 2.65 0.44 0.20 12 6 6 0.61 0.59

Carlo et al. 2003 CACG Birds 1.29 0.46 0.19 0.41 5.78 0.25 0.40 38 23 15 0.47 0.67

Carlo et al. 2003 CACI Birds 1.42 0.43 0.14 0.46 7.11 0.22 0.39 53 33 20 0.47 0.63

Carlo et al. 2003 CACO Birds 1.42 0.30 0.16 0.42 4.48 0.19 0.42 36 23 13 0.46 0.65

Galetti and Pizo 1996 Birds 1.59 0.34 0.14 N/a 9.12 0.25 0.39 68 36 32 0.69 0.70

Gorchov et al. 1995 Birds 1.00 0.45 0.29 0.26 14.56 0.32 0.35 53 46 7 0.50 0.89

Snow and Snow 1971 Birds 1.00 0.42 0.27 0.31 9.10 0.14 0.30 77 63 14 0.64 0.92

Snow and Snow 1988 Birds 1.13 0.53 0.38 0.30 9.32 0.27 0.20 55 35 20 0.83 0.78

Sorensen 1981 Birds 1.20 0.43 0.30 0.47 1.95 0.16 0.32 26 12 14 0.71 0.66

Wheelwright et al. 1982 Birds 1.11 0.42 0.10 N/a 34.51 0.21 0.40 207 167 40 0.66 0.89

Gorchov et al. 1995 Both 1.39 0.31 0.15 0.42 8.81 0.10 0.45 103 85 18 0.62 0.88

Average path length (Pl), nestedness (NODF), connectance (C), complementary specialization (H2
0), number of plants/animal (Ppa), proportion

of plants/animal (Ppa0), modularity (M), species richness (S), number of plant species (P), number of animal species (A), robustness to the
extinction of animals (Ranimals), and robustness to the extinction of plants (Rplants)
a For details of networks, see Online Resource 1
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subsets. However, those interactions appear more diffuse

and less specialized than in pollination networks (Howe and

Smallwood 1982). Furthermore, they also exhibit a lower
level of complementary specialization (Blüthgen et al.

2007). Overall, if we also consider other groups of seed

dispersers that feed on different plants than bats and birds, a
modular structure is probably very common in seed dis-

persal networks. As a consequence, the ecosystem service

of seed dispersal strongly depends on the variety of different
animal taxa (birds, bats, primates, rodents, etc.) that form

the modules. As modules do not fully replace each other

following extinctions, conservation efforts need to be tar-
geted at the maintenance of the diversity of dispersers.

The differences observed between bat–fruit and bird–
fruit networks in structural properties support the hypothesis

that those two disperser groups form different mutualistic

modules. Some differences were mainly explained by the
disperser group per se, whereas other differences were

related mostly to network size. Firstly, although it is

assumed that seed dispersal networks in general exhibit a
low level of interaction specialization (Blüthgen et al. 2007;

Jordano 1987), there are important differences between bats

and birds within those networks because bats interact with
fewer plants but with a higher proportion of the plants

available. Hence, within their own networks, bats seem to be

more generalized than birds. However, when we look at

results for the mixed network, we see that each bird species,
on average, interacted with a higher proportion of available

plants. As this result is based on only one example, caution is

needed when interpreting the degree of specialization in
seed dispersal networks. A larger sample size and more

complete sampling of seed dispersal networks might reveal a

higher degree of specialization in the interactions.
The higher nestedness and connectance of bat–fruit

compared with bird–fruit networks (despite the lack of a
difference in H2

0) corroborate the initial hypothesis that

bats are more generalized within their subnetworks than

birds, and that the diets of specialists overlap more with the
diets of generalists in bat–fruit networks. This is probably

explained, at least in part, by the lower phylogenetic and

ecological diversity of frugivorous bats in the Neotropics.
Compared with that of the species-rich birds, the more

specialized diet of frugivorous bat species probably ini-

tially evolved in closely related species (as can be inferred
from the phylogeny by Datzmann et al. 2010), so that

specialists feed on a subset of the plants consumed by

generalists. Frugivorous birds, by contrast, evolved fruit-
eating habits several times independently (Levey et al.

2002), most likely leading to higher dietary diversification.

This could explain the higher nestedness in bat–fruit net-
works. There are some well-documented examples of more

specialized bat species feeding on a subset of fruits con-

sumed by more generalistic species, as observed in bats of
the genus Carollia. The diet of the generalist C. perspi-
cillata is very broad, including a wide range of fruits in

addition to Piper. In contrast, the diet of the more spe-
cialized C. castanea comprises almost only fruits of Piper
(Thies and Kalko 2004), and is nested within the diet of

C. perspicillata.
Overall, bat–fruit and bird–fruit networks were rather

similar in terms of path length and modularity, in spite of

some structural differences. Since facultative mutualisms
generate very cohesive systems with much higher con-

nectivity than obligate mutualisms (Boucher et al. 1982),

all networks of facultative mutualisms are probably ‘small
worlds’. A small world structure has already been observed

in many pollination networks (Olesen et al. 2006),

including modules within those networks (Bezerra et al.
2009). Average path length was very close to 1, the shortest

possible length in all networks analyzed, for both bats and

birds. This means that impacts on one species are likely to
quickly affect many other species directly and indirectly

(Guimaraes et al. 2007). Furthermore, this high proximity

of species within the seed dispersal networks makes them
‘tiny worlds’, i.e., even smaller worlds (Bezerra et al.

2009).

Bird–fruit networks were more robust to cumulative
random extinctions than bat–fruit networks, not because of

Fig. 3 Robustness of bird–fruit and bat–fruit networks to the
extinction of a animal and b plant species. The horizontal line
represents the median, boxes represent quartiles, and whiskers depict
95% intervals

138 Oecologia (2011) 167:131–140

123

Author's personal copy



any intrinsic characteristic of bird–fruit interactions but

mainly because they were larger. It is important to
remember that in our study extinctions are contextualized

in the seed dispersal service, so they do not necessarily

mean extinction of the respective dispersers as a species in
the ecological community, as some of the studied species

do not depend only on fruits for living and thus may switch

diet. A positive effect of species richness on community
stability has been known since the early works of Charles

Elton, and has since been confirmed by a range of
approaches and studies indicating that richer communities

are better buffered against loss of species than species-

poorer communities (Wilmers et al. 2002). In the case of
food webs, more species make random losses more

affordable without collapsing the whole system, since more

species are likely to play peripheral and less important
roles, and loss of those peripheral or redundant services

may be lost with little consequences for the whole system.

However, directed removal of central species (i.e., those
that are more important for maintaining the structure of the

system) has larger impacts in such systems than has been

observed in predation food webs (Mills et al. 1993) and in
mutualistic networks (Bezerra et al. 2009). This finding

reinforces the need to aim at conserving the highest pos-

sible biodiversity in natural communities to ensure main-
tenance of ecosystem stability and function (Walker 1992);

however, as in many cases some priorities have to be

established, the network properties of each species may
also be considered in conservation strategies. It is inter-

esting to note that modularity also played a role in deter-

mining robustness to extinction, in particular for animals.
As modular networks are bound together not only by hubs

(i.e., species with a large number of interactions) but also

by connectors (i.e., species that bind together different
modules), their structure is more sensitive to random

removal of vertices (i.e., species and their services). The

negative effect of nestedness on robustness to extinction in
animals was unexpected, as nestedness is assumed to

enhance robustness (Bastolla et al. 2009). Based on our

data, we suggest that conservation strategies should pay
special attention to species that play the roles of hubs and

connectors in natural communities, as they seem to be

essential for the overall functioning and robustness of the
systems.

In summary, our findings suggest that, despite being a

less specialized interaction than pollination (Howe and
Smallwood 1982), seed dispersal is also organized in

subgroups of phylogenetically close species. Therefore,

species within different modules may follow different
coevolutionary pathways, leading to morphological dif-

ferences among plants and morphological and physiologi-

cal differences among frugivores.
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Guimerà R, Amaral LAN (2005) Cartography of complex networks:
modules and universal roles. J Stat Mech Theory Exp P02001

Howe HF, Smallwood J (1982) Ecology of seed dispersal. Annu Rev
Ecol Syst 13:201–228

Jordano P (1987) Patterns of mutualistic interactions in pollination
and seed dispersal—connectance, dependence asymmetries, and
coevolution. Am Nat 129:657–677

Jordano P, Bascompte J, Olesen JM (2003) Invariant properties in
coevolutionary networks of plant–animal interactions. Ecol Lett
6:69–81

Jordano P, Vázquez D, Bascompte J (2009) Redes complejas de
interacciones mutualistas planta–animal. In: Medel R, Aizen M,
Zamora R (eds) Ecologı́a y evolución de interacciones planta–
animal. Editorial Universitaria, Santiago, pp 17–41

Kalko EKV, Ayasse M (2009) Study and analysis of odor involved in
behavioral ecology of bats. In: Kunz TH, Parsons S (eds)
Ecological and behavioral methods for the study of bats, 2nd
edn. The Johns Hopkins University Press, Baltimore,
pp 491–499

Kissling WD, Gaese KB, Jetz W (2009) The global distribution of
frugivory in birds. Glob Ecol Biogeogr 18:150–162

Korine C, Kalko EKV, Herre EA (2000) Fruit removal by bats and
birds from a community of strangler figs in Panama. Oecologia
123:560–568

Levey DJ, Silva WR, Galetti M (2002) Seed dispersal and frugivory :
ecology, evolution, and conservation. CABI Publishing, New
York

Lobova TA, Geiselman CK, Mori SA (2009) Seed dispersal by bats in
the Neotropics. New York Botanical Garden Press, New York

Melo FPL, Rodriguez-Herrera B, Chazdon RL, Medellin RA,
Ceballos GG (2009) Small tent-roosting bats promote dispersal
of large-seeded plants in a Neotropical forest. Biotropica
41:737–743

Mills LS, Soule ME, Doak DF (1993) The keystone-species concept
in ecology and conservation. Bioscience 43:219–224

Muscarella R, Fleming TH (2007) The role of frugivorous bats in
tropical forest succession. Biol Rev 82:573–590

Nogueira MR, Peracchi AL (2003) Fig-seed predation by 2 species of
Chiroderma: discovery of a new feeding strategy in bats.
J Mammal 84:225–233

Nooy W, Mrvar A, Batagelj V (2005) Exploratory social network
analysis with Pajek. Cambridge University Press, New York

Olesen JM, Bascompte J, Dupont YL, Jordano P (2006) The smallest
of all worlds: pollination networks. J Theor Biol 240:270–276

Olesen JM, Bascompte J, Dupont YL, Jordano P (2007) The
modularity of pollination networks. Proc Natl Acad Sci USA
104:19891–19896

Oliver TH, Leather SR, Cook JM (2008) Macroevolutionary patterns
in the origin of mutualisms involving ants. J Evol Biol 21:1597–
1608

Root RB (1967) The niche exploitation pattern of the blue-gray
gnatcatcher. Ecol Monogr 37:317–350

Scheffer M, Bascompte J, Brock WA, Brovkin V, Carpenter SR,
Dakos V, Held H, van Nes EH, Rietkerk M, Sugihara G (2009)
Early-warning signals for critical transitions. Nature 461:53–59

Terborgh J, Pitman N, Silman M, Schichter H, Núñes VP (2002)
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  A central issue in ecology is the defi nition and identifi cation of keystone species, i.e. species that are relatively more 
important than others for maintaining community structure and ecosystem functioning. Network theory has been pointed 
out as a robust theoretical framework to enhance the operationality of the keystone species concept. We used the concept 
of centrality as a proxy for a species ’  relative importance for the structure of seed dispersal networks composed of either 
frugivorous bats or birds and their food-plants. Centrality was expected to be determined mainly by dietary specialization, 
but also by body mass and geographic range size. Across 15 Neotropical datasets, only specialized frugivore species reached 
the highest values of centrality. Furthermore, the centrality of specialized frugivores varied widely within and among 
networks, whereas that of secondary and opportunistic frugivores was consistently low. A mixed-eff ects model showed that 
centrality was best explained by dietary specialization, but not by body mass or range size. Furthermore, the relationship 
between centrality and those three ecological correlates diff ered between bat –  and bird – fruit networks. Our fi ndings suggest 
that dietary specialization is key to understand what makes a frugivore species a keystone in seed dispersal networks, and 
that taxonomic identity also plays a signifi cant role. Specialized frugivores may play a central role in network structuring 
and ecosystem functioning, which has important implications for conservation and restoration.   

 Th e relative importance of diff erent species for the structure 
of a community has long been a central topic in ecology 
(Cottee-Jones and Whittaker 2012). Diff erent concepts have 
been advanced, such as the original keystone species concept 
in rocky shore food webs (i.e. a species with disproportional 
importance in relation to its abundance, Paine 1966, 1969) 
and its versions created for several other terrestrial and 
aquatic systems (Mills et   al. 1993). Th e keystone concept has 
been so extensively extrapolated that its original author 
(Paine 1995) and others have tried to refi ne and focus the 
concept, especially by looking for a better operational defi ni-
tion (Power et   al. 1996). More recently, ecologists started 
to give attention to the keystone concept in a multispecies 
context, by studying the role of keystone species through 
mathematical simulations (Brose et   al. 2005), or by extend-
ing the concept to whole communities and ecosystems 

(Mouquet et   al. 2013). However, most of these develop-
ments have focused on food webs, which are based on antag-
onistic interactions, whereas the role of keystones in 
mutualistic systems remains poorly studied. Here we focus 
on multispecies seed dispersal systems to determine which 
ecological and taxonomic factors lead a frugivore species to 
become a keystone element in the structure of a mutualistic 
network. 

 Th ere are various ways in which a species can be impor-
tant to its community, and quantifying this relative impor-
tance is challenging. In most cases, the importance of a given 
species has been inferred from its natural history, without 
experimental verifi cation or mathematical quantifi cation 
(Cottee-Jones and Whittaker 2012). Most importantly, spe-
cies should not be considered in isolation, as they participate 
in complex networks of interspecifi c interactions (Bascompte 
and Jordano 2013). Mutualistic networks have their own set 
of emergent properties (such as nestedness, modularity and 
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scale invariance, Bascompte 2009, 2010), but to understand 
how a species becomes a keystone in a web of mutualistic 
interactions we need to assess the species ’  importance in 
this complex context and through quantitative operational 
defi nitions. However, the task of quantifying a species ’  rela-
tive importance in a community is especially diffi  cult when 
studying species-rich systems. A growing focus on multi-
species systems with a well-defi ned taxonomic composition 
based on a particular kind of ecological interactions (i.e. 
ensembles, Fauth et   al. 1996) is now leading to interesting 
insights into why species become keystones within complex 
ecological systems (Bascompte and Jordano 2013). 

 Recent theoretical analyses of complex networks have led 
to the use of centrality (i.e. the relative importance of an 
element to the structure of the whole system) as a proxy for 
the relative importance of species to community structuring 
(Lewinsohn and Cagnolo 2012). Centrality has also been 
used to assess a species ’  relative importance in the context 
of communities bound together by mutualistic interactions, 
also known as mutualistic networks (Dupont and Olesen 
2009, Gonzalez et   al. 2010, Mello et   al. 2011b, 2013, Schle-
uning et   al. 2014). A mutualist can be highly central to its 
network in two main ways: 1) by being a hub (i.e. a species 
with a disproportionally large number of interactions); or 
2) by being a connector (i.e. a species that binds diff erent 
modules of the network); some species can even be both. 
For instance, in pollination networks of oil fl owers, the only 
hubs and connectors are always highly specialized oil bees of 
the genera  Centris  and  Epicharis , which could be considered 
keystone mutualists (Mello et   al. 2013). Th us, diff erent sets 
of ecological traits may allow a species to play a central role in 
a mutualistic network. In the present study, we defi ne a key-
stone mutualist as a frugivore species that is a potential seed 
disperser (i.e. it does not kill the seeds and carries some of 
them away from the mother plant, Fleming and Sosa 1994) 
and is also a hub, a connector, or both in its network. 

 Th e biological interpretation of diff erent centrality met-
rics for animal or plant mutualists remains unclear, as well 
as the relationship between those metrics (but see some 
recent developments in Dupont and Olesen 2009, Gon-
zalez et   al. 2010, Mello et   al. 2011b, 2013, Santos et   al. 
2012, Schleuning et   al. 2014). In food webs, it appears that 
the ecological role of important species is somewhat phy-
logenetically conserved (Estes et   al. 2011). A recent study 
on seed dispersal networks of birds and their food-plants, 
which used metrics calculated from interaction frequencies, 
suggested that phylogeny had little infl uence on centrality 
metrics (Schleuning et   al. 2014). 

 We analyzed 15 Neotropical seed dispersal networks with 
either bats or birds as dispersers, to understand the ecologi-
cal traits leading a species to become central in a mutualistic 
network. From a network perspective, a central disperser 
would also play a keystone species role in the mutualistic 
community, which is a part of the whole ecological commu-
nity. We expected specialized frugivores (i.e. bats and birds 
that depend on fruits for living) to occupy the network ’ s 
most central position, as they need to feed on a broader 
variety of fruit species on a regular basis (Muscarella and 
Fleming 2007). We also expected large-bodied frugivores to 
be more central than small-bodied frugivores (Woodward 
et   al. 2005) and frugivores with broader geographic ranges 

(Ollerton and Cranmer 2002) to be more central than nar-
rowly distributed frugivores, as in both cases those species 
are expected to feed on a larger number of fruit species. 
Finally, we expected the relationship between centrality 
metrics, dietary specialization, body mass, and geographic 
range to diff er between bat –  and bird – fruit networks, as 
frugivorous bats have much higher phylogenetic related-
ness than frugivorous birds (Mello et   al. 2011b). Th erefore, 
there should be larger variation in centrality metrics and 
their relationship with ecological attributes among birds 
than among bats.   

 Methods  

 Datasets 

 We analyzed 15 seed dispersal datasets from the Neotropics: 
seven formed by birds and eight by bats. Most datasets came 
from published studies and some came from the Interaction 
Web Database ( �  www.nceas.ucsb.edu/interactionweb/  � , 
Supplementary material Appendix 1). Only data from sam-
pling periods of at least one year were included, in order 
to comprise seasonal variations in diet. Interactions between 
plants and frugivores were recorded through fecal analysis, 
roost inspection or direct observation. For simplicity, we 
considered all frugivorous bats and birds as seed dispersers, 
even if a few of them may actually be seed predators (for 
instance,  Chiroderma  bats; Nogueira and Peracchi 2003). In 
any case, only a few potential seed predators are present in 
each of the analyzed communities, they also disperse some 
seeds (Jordano et   al. 2009), and they were not yet found 
to occupy central positions in frugivory and seed dispersal 
networks (Mello et   al. 2011b). Datasets were organized as 
adjacency matrices, in which bat or bird species are repre-
sented in the rows and plant species in the columns (verti-
ces), and records of fruit consumption are computed in the 
cells (edges). 

 We decided to use only binary data in our analysis, i.e. 
simple qualitative links between species, because binary 
matrices allow pooling data obtained with diff erent methods, 
such as fecal analysis, observation, and inspection of roosts, 
while weighted data become very hard to interpret when 
diff erent sampling methods are mixed. Furthermore, most 
studies on mutualistic networks so far are based on binary 
data, which makes comparisons easier. All networks were 
represented as bipartite graphs, using the package bipartite 
2.03 for R (Dormann et   al. 2008) and Pajek 3.15 (Batagelj 
and Mrvar 1998). Although the original datasets were binary, 
as explained, for most centrality analyses we transformed the 
bipartite networks into niche overlap networks, as explained 
in detail in the next sections.   

 Centrality metrics 

 Centrality is defi ned as the relative position of a vertex 
(here a species) within a network: how many links it has 
and how these links are distributed among diff erent parts of 
the network (Nooy et   al. 2005). As diff erent metrics of cen-
trality provide information on distinct aspects of a species ’  
interaction pattern, we calculated three widely used metrics 
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(relative degree, closeness centrality, and betweenness cen-
trality  –  all in their binary versions) and one novel metric 
(accessibility, with two variants: accessibility to direct and 
indirect neighbors  –  both in their weighted versions), which 
we explain here in detail. 

 Th e fi rst metric of centrality is the simplest:  ‘ relative 
degree ’  (k r ), i.e. the number of interactions made by a species 
(i.e. its degree, k) in relation to the total number of interac-
tions it could make in the network (Nooy et   al. 2005). Th is 
metric was calculated from the original bipartite networks 
with two sets of species (animals and plants). Albeit sim-
ple, relative degree is an informative metric. For instance, 
for plant-pollinator networks it has been suggested that 
species that make more interactions are more important 
for maintaining the whole system (Bezerra et   al. 2009, 
Memmott et   al. 2004). Because the sizes of networks vary, 
relative degree (k r ) is better than degree (k) for comparing 
species of diff erent networks. 

 Although relative degree is informative in a multi-species 
context, it is important to assess not only the number of 
interactions, but also how these interactions are distributed 
among diff erent parts of the network, as even a species with 
few interactions may be important for being a connector. 
We used two other metrics of centrality (Nooy et   al. 2005), 
calculated in Pajek 3.15, which have proved to be useful for 
studying mutualistic plant – pollinator networks, as they pro-
vide this additional information of the importance of least-
connected species (Gonzalez et   al. 2010): closeness centrality 
and betweenness centrality. Th ose two other metrics were 
calculated from a niche overlap network, in order to assess 
how frugivore species share the seed dispersal service among 
themselves. Th is unipartite projection is indeed a niche over-
lap network: two frugivore species are connected to each 
other, when they feed on at least one common plant species. 
Although we built weighted unipartite projections of each 
original bipartite network, in which the strength of each 
link is based on how many plant species are shared between 
the two frugivores that it connects, for calculating closeness 
centrality and betweenness centrality we considered only the 
binary versions. 

 Th is way, the second metric calculated was  ‘ closeness cen-
trality ’  (CC), which measures the proximity of a species to 
other species in the same network. Proximity is measured as 
the length of a small path: the smallest number of links that 
separate two species in the network. Th e closeness centrality 
of a frugivore species is calculated as the number of other 
frugivore species in the niche overlap network divided by 
the sum of the lengths of all small paths between that spe-
cies and all others. In ecological terms, a frugivore species 
has high closeness centrality, when it feeds on plant species 
that are also consumed by many other frugivores in the same 
network, and it has low closeness centrality, when its diet is 
more unique. 

 Th e third metric used was  ‘ betweenness centrality ’  (BC), 
i.e. the importance of a vertex as a connector between the 
diff erent parts of the network. A vertex with a high value 
of betweenness centrality is assumed to be an important 
element that keeps diff erent parts of the network together. 
We calculated the betweenness centrality of a species as 
the proportion of all geodesics (i.e. shortest possible paths, 
measured as number of links) between pairs of other species 

that include that species. Ecologically, a connector species 
bridges two or more diff erent guilds within the mutualistic 
community. 

 To assess other aspects of a species ’  relative importance 
in comparison to previous studies on mutualistic networks, 
we calculated a novel index in the context of ecological 
networks, which is known as  ‘ accessibility ’  (A) (Traven ç olo 
and Costa 2008, Viana et   al. 2012). Accessibility has been 
mainly used to investigate street networks in cities; it is 
defi ned as the potential that a vertex has in accessing or being 
accessed by other vertices of the same network. Accessibil-
ity can be measured to direct (A1) and indirect neighbors 
(A2). A direct neighbor in the niche overlap network is a 
species that is directly connected to the target species; an 
indirect neighbor is indirectly connected to the target 
species through connections with its neighbors. In a mutu-
alistic network, it measures a species ’  accessibility to species 
that actually share some food-plants with it (direct neigh-
bors), and to species that share food-plants not directly with 
it, but with its neighbors (indirect neighbors). Details on the 
calculation of accessibility are provided in Supplementary 
material Appendix 2. Accessibility assesses how many con-
nections of niche overlap a frugivore makes in the niche over-
lap network, and how unique those overlaps are. A frugivore 
with intermediate to high accessibility either disperses the 
seeds of several plant species or focuses on the plants that are 
dispersed by most other frugivores; a frugivore with a very 
high accessibility probably combines both characteristics. 
A frugivore that feeds on a few plant species may reach an 
intermediate accessibility, if those plants are visited by many 
other frugivores. A frugivore with low accessibility feeds on a 
few plants, which are visited only by one or a few frugivores. 
Furthermore, accessibility allows assessing these properties at 
diff erent levels (direct and indirect neighbors). Th is is useful 
because the infl uence (e.g. through competition for food or 
sharing ecological services) of a species on other species of 
the same network may be far-reaching or not.   

 Ecological traits 

 In order to understand what makes some frugivores more 
important than others to the structure of the whole net-
work, we tested for a relationship between the fi ve central-
ity metrics and three core ecological traits of species: dietary 
specialization (hereafter  ‘ level of frugivory ’ ), body mass, and 
geographic range size. 

 We classifi ed bat and bird species according to their 
level of frugivory as specialized, secondary, or opportunis-
tic frugivores. Th e diets of all bird species in our database 
were compiled from a comprehensive literature survey 
( Ş ekercio ğ lu et   al. 2004). We used an updated version (31 
January 2009) of this database (Kissling et   al. 2012), and 
defi ned specialization as how strongly a species depends on 
fruits relative to other possible food items (e.g, seeds, leaves, 
nectar, pollen, insects and vertebrates, Kissling et   al. 2009, 
2012). Th is concept allows quantifying dietary specializa-
tion across a large number of species and taxa (Kissling et   al. 
2009). It is derived independently of network metrics as 
it does not take into account 1) the number of fruit spe-
cies consumed by a frugivore in the network (Bascompte 
et   al. 2006), 2) the diff erence between a species ’  interaction 
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body mass and range size) across all species and networks 
(median, minimum and maximum values). We further 
calculated correlations between centrality metrics, using 
Spearman correlations with bootstrapping (10 000 random-
izations stratifi ed for disperser group, i.e. bats or birds). 

 In order to test whether the three chosen ecological traits 
explain variations in the fi ve calculated centrality metrics, we 
used a multivariate general linear mixed eff ects model with 
bootstrapping (10 000 randomizations). In our model, the 
fi ve centrality metrics were considered as response variables, 
disperser group (i.e. bats or birds) and level of specialization 
in frugivory were considered as fi xed factors, and body mass 
and range size were considered as covariates. In other words, 
we assumed that disperser group and level of frugivory deter-
mine the centrality of a species in a seed dispersal network, 
that body mass and range size may aff ect this relationship, 
and that this relationship varies depending on whether the 
network is formed by bats or birds. 

 All statistical analyses followed Zar (1996) and Manly 
(2007), and were performed in SPSS Statistics for Mac 
20.0. We decided to base our mixed model on bootstrap-
ping because we worked with diff erent kinds of data, which 
are not always normally distributed, but follow diff erent 
statistical distributions. Th us, we chose bootstrapping over 
making several diff erent kinds of data transformation or 
building separate generalized linear mixed models for each 
centrality metric. Signifi cance was estimated by comparing 
the calculated value of each statistics to the distribution of 
randomized values generated from the same dataset (10 000 
iterations).    

 Results 

 Th e 15 Neotropical seed dispersal networks were composed 
on average of 63    �    74 plant and animal species (mean  �  SD) 
(Supplementary material Appendix 4). Overall, 32 bat spe-
cies, 125 bird species and 443 plant species were analyzed. 
In the following, we do not mention plants because we 
transformed all networks into niche overlap networks of 
animals for all subsequent analyses except for relative degree. 
Relative degree varied from 0.02 to 1.00 (median    �    0.16), 
which shows that the number of interactions of each spe-
cies varies greatly within and among local networks. Th e 
pattern of interactions of each species in each local network 
also diff ered greatly among species of the same and diff erent 
networks, as closeness centrality varied from 0.00 to 1.00 
(median    �    0.85), betweenness centrality varied from 0.00 
to 0.17 (median    �    0.00), accessibility to direct neighbors 
varied from 0.03 to 0.96 (median    �    0.67), and accessibility to 
indirect neighbors varied from 0.05 to 0.97 (median    �    0.83). 
Specialized frugivores were most frequent in the studied 
seed dispersal networks (bats    �    25 spp., birds    �    38 spp.), 
although many secondary and opportunistic frugivores were 
also observed. Th e studied frugivores ranged from small to 
large animals, as body mass of bats varied from 8 to 88 g 
(median    �    18 g) and of birds from 6 to 1135 g (median    �    34 
g). Th ere were also large diff erences among species in the 
distributional areas they occupy, as geographic range size of 
bats varied from 5 to 15 288 792 km 2  (median    �    8 337 978 
km 2 ) and of birds from 7 to 24 811 474 km 2  (median    �    1 
426 637 km 2 ) (Supplementary material Appendix 3). 

pattern and that of other species in the same network 
(Bl ü thgen et   al. 2006), or 3) a species ’  preference for par-
ticular fruit taxa (Heithaus 1982). For bats, we followed 
the general consensus that phyllostomids of the subfamilies 
Carolliinae and Stenodermatinae depend strongly on fruits 
(specialized or  ‘ obligate ’  frugivores), whereas most members 
of the Glossophaginae and Lonchophyllinae have fruits as a 
secondary food (secondary frugivores), and members of the 
Phyllostominae feed on fruits only occasionally (opportu-
nistic frugivores) (Fleming and Kress 2013, Heithaus 1982, 
Lobova et   al. 2009) (see Supplementary material Appendix 
3 for species-specifi c information). For the Glossophaginae 
and Lonchophyllinae, we refi ned our classifi cation using a 
literature database on bat – plant interactions (updated from 
Lobova et   al. 2009), which provided us with information 
on the number of records of frugivory and nectarivory for 
each species, therefore assigning species either as second-
ary or opportunistic frugivores. As specialized frugivory in 
bats evolved only in two subfamilies of the Phyllostomidae 
(Datzmann et   al. 2010, Dumont et   al. 2012, Rojas et   al. 
2012), and the other subfamilies have only either second-
ary or opportunistic frugivores, there is a strong phyloge-
netic signal in frugivory among Neotropical bats (Fleming 
and Kress 2013). For birds, the level of frugivory was ini-
tially scored for each bird species, ranging from 0 (never 
eats fruits) to 10 (totally dependent of fruits) (Kissling et   al. 
2012). Th e bird fruit classifi cation was then adjusted to 
match the bats ’  classifi cation by simplifying the diet ranks 
(species classifi ed from 7 to 10 were categorized as  ‘ special-
ized ’ , species from 4 to 6 as  ‘ secondary ’ , and species from 
1 to 3 as  ‘ opportunistic ’ ). 

 Body mass can be an important driver of plant – animal 
interactions (Fleming 1991, Jordano 1995) and also of 
mutualistic network structure (V á zquez et   al. 2009, Woodward 
et   al. 2005). We obtained data on average body mass (in 
g) for each species from the literature, representing average 
values of adults across sexes (Nowak 1994, Dunning 2008, 
Gardner 2008). We considered the average body mass 
for each bird or bat species and used the same value for all 
networks, as local data on body mass were not available in all 
studies included in our dataset. 

 Frugivore species that have broader geographic ranges 
are subjected to a variety of environmental conditions, 
including for instance diff erent availability of plants species. 
Th erefore, they are likely able to feed on a larger number 
of fruit species, which could lead to higher centrality. So 
we tested whether the geographic range size of a species, a 
basic ecological characteristic (Brown et   al. 1996), explains 
its centrality scores. Range size data were obtained by geo-
processing digitized distribution maps of bats (IUCN ’ s Red 
List of Th reatened Species, ver. 2009.1:  <  www.iucnredlist.
org  > ) and birds (Ridgely et   al. 2011). Using ArcGIS 10, we 
projected the original distribution maps to a Behrmann pro-
jection and then calculated the area (in km 2 ) for each distri-
bution polygon. Th is way of quantifying geographic range 
size represents the extent of occurrence of a species (Gaston 
and Fuller 2009).   

 Statistical analyses 

 First, we quantifi ed variations in the centrality metrics (k r , 
CC, BC, A1 and A2) and ecological traits (level of frugivory, 
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neighbors (partial  η  ²     �    0.06, F    �    4.22, p    �    0.02) (Fig. 3). 
Th ere were diff erences between bats and birds in the rela-
tionship between ecological traits and centrality metrics, 
as the variable  ‘ disperser group ’  had a signifi cant eff ect on 
closeness centrality (partial  η  ²     �    0.08, F    �    11.78, p    �    0.001), 
accessibility to direct neighbors (partial  η  ²     �    0.03, F    �    5.04, 
p    �    0.03), and accessibility to indirect neighbors (partial 
 η  ²     �    0.06, F    �    9.81, p    �    0.002). Variations in the centrality 
metrics tested were in most cases not explained by the other 
two ecological traits: body mass and range size (all p    �    0.05, 
Supplementary material Appendix 6). However, range size 
explained part of the variation in relative degree (partial 
 η  ²     �    0.03, F    �    3.77, p    �    0.05). Th ere was also a signifi cant 
interaction between level of specialization in frugivory and 
disperser group for closeness centrality (partial  η  ²     �    0.07, 
F    �    5.13, p    �    0.007) and accessibility to indirect neighbors 
(partial  η  ²     �    0.05, F    �    3.93, p    �    0.02). In other words, 
centrality depends on how strongly frugivorous a species is 
and by its taxonomic identity.   

 Discussion 

 In the present study, we observed that the centrality of fru-
givorous bats and birds varied widely within and among 
a large set of Neotropical seed dispersal networks. Most 
importantly, our results suggest that dietary specialization 
was more important than body mass and geographic range 

 Fourteen bat species and twenty-seven bird species 
occurred in two or more networks; fi ve bat species and one 
bird species occurred in half or more of the sites. Most spe-
cies that occurred in two or more networks had diff erent 
values of centrality in diff erent sites, varying from central 
to peripheral (Fig. 1). On the other hand, in most cases the 
highest values of centrality were reached by specialized frugi-
vores in bat-fruit networks, and by specialized and secondary 
frugivores in bird-fruit networks (Supplementary material 
Appendix 5, Fig. 2). 

 Relative degree was signifi cantly correlated with all 
other centrality metrics, although the strength of correla-
tion diff ered among metrics (CC:  ρ     �    0.58, p    �    0.001; BC: 
 ρ     �    0.29, p    �    0.001; A1:  ρ     �    0.63, p    �    0.001; A2:  ρ     �    0.53, 
p    �    0.001) (Table 1). Similarly, there were also correlations 
between closeness centrality and accessibility to direct neigh-
bors (CC  �  A1:  ρ     �    0.87, p    �    0.001), closeness centrality 
and accessibility to indirect neighbors (CC  �  A2:  ρ     �    0.53, 
p    �    0.001), and betweenness centrality and accessibility to 
indirect neighbors (BC  �  A2:  ρ     �    0.29, p    �    0.001). 

 Th e multivariate general linear mixed eff ects mod-
els (n    �    153 species) had high statistical power for most 
response variables (power of the corrected model    �    0. 659 
for all response variables) (Supplementary material Appen-
dix 5). Th e level of specialization in frugivory was the most 
important ecological trait, as it explained the variations 
in closeness centrality (eff ect size, measured as the partial 
 η  ²     �    0.06, F    �    4.28, p    �    0.02) and accessibility to indirect 

  Figure 1.     Th e centrality of frugivore species varied among local seed dispersal networks. Th e networks presented here are unipartite projec-
tions of the original bipartite networks (niche overlap networks); vertices represent frugivore species; two species are connected to each other 
if they feed on at least one common plant species (the weight of the links are proportional to the number of plant species being shared). 
Shades of grey represent values of accessibility to direct (left-hand side, directly connected to the target species) and indirect neighbors 
(right-hand side, connected indirectly through another species) for each frugivore species.  
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but a recent study on seed dispersal networks (Schleuning 
et   al. 2014) found no phylogenetic dependence of the cen-
trality of frugivorous birds (measured as network functional 
roles). Nevertheless, a phylogenetic signal is embedded in 
the centrality of frugivorous bats, as true dietary special-
ists belong to only two subfamilies, while secondary and 
opportunistic frugivorous bats are distributed in only three 
other subfamilies, and all fi ve subfamilies with varying lev-
els of frugivory belong to the Phyllostomidae (Fleming and 
Kress 2013). Th is is also evidence that mutualistic networks 
formed by diff erent taxa have diff erent structures and that 
those structures depend also on the higher taxonomic level 
considered, as networks formed by phylogenetically close 
species of a single taxon are diff erent from networks formed 
by a mixture of diff erent taxa (as pointed out by Bezerra et   al. 
2009, Mello et   al. 2011a, Sarmento et   al. 2014). 

size in explaining the observed variation in centrality metrics. 
Th erefore, we infer that specialized frugivores, considered to 
be potential seed dispersers, may be keystone mutualists of 
seed dispersal networks. 

 Some relationships between centrality metrics and dietary 
specialization diff ered between bat –  and bird – fruit networks, 
supporting the hypothesis that diff erent seed disperser taxa 
form networks with diff erent structure. Th e local pattern 
of interaction plays also a role in determining centrality, 
as most widespread frugivorous bats and birds had varying 
scores of centrality in diff erent local networks. Abundance 
might explain part of this inter-network variation in central-
ity (V á zquez et   al. 2007), but we could not test this hypoth-
esis, as we did not have abundance data in our dataset. Th e 
ecological role or relative importance of species in a food web 
seem to be phylogenetically conserved (Estes et   al. 2011), 

  Figure 2.     Th e relationship between centrality metrics and level of specialization in frugivory diff ers between bats and birds (disperser groups 
are represented by symbols). Specialized frugivores tend to have higher values of closeness centrality and accessibility to indirect neighbors, 
but this relationship is stronger for bats than for birds. Specialized frugivorous bats showed higher variation in relative degree and between-
ness centrality, and are those that reach the highest values. Th ere is no similar trend for birds. Boxes represent quartiles, the mid line repre-
sents the median, and whiskers represent the 95% confi dence interval.  

  Table 1. Results of Spearman correlations ( ρ ) between centrality metrics (relative degree    �    k r , closeness centrality    �    CC, betweenness central-
ity - BC, accessibility 1  –  A1, and accessibility 2  –  A2) measured for each frugivore species in 15 Neotropical seed dispersal networks 
(n    �    153). Correlation signifi cances were estimated through a bootstrap procedure (10 000 randomizations);  * p    �    0.05.  

Relative 
degree

Closeness 
centrality

Betweenness 
centrality

Accessibility to 
direct neighbors

Accessibility to 
indirect neighbors

k r  ρ 1.00 0.58 * 0.29 * 0.63 * 0.53 * 
CC  ρ 0.58 * 1.00  � 0.03 0.87 * 0.80 * 
BC  ρ 0.29 *  � 0.03 1.00  � 0.12  � 0.29 * 
A1  ρ 0.63 * 0.87 *  � 0.12 1.00 0.86 * 
A2  ρ 0.53 * 0.80 *  � 0.29 * 0.87 * 1.00
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frugivores probably show higher values of centrality where 
their preferred food-plants are less abundant, simply because 
they might be forced to include more fruit species in their diets 
(assuming optimal diet theory, Pyke 1984). Th is relationship 
between fruit availability, fruit preferences, and frugivore cen-
trality could be investigated in future studies. Furthermore, 
the relationship between the level of specialization in frugivory 
and closeness centrality and accessibility to direct neighbors 
suggests that specialized frugivores are more important than 
other species to maintain the network structure. 

 Our results corroborate the hypothesis that some species are 
relatively more important than others to the structure of their 
network. Unfortunately, we did not have local information on 
seed dispersal eff ectiveness in our dataset (Schupp et   al. 2010). 
Despite this shortcoming, several of the specialized frugivore 
species identifi ed in the study networks are considered legiti-
mate seed dispersers (Lobova et   al. 2009), such as bats  Carollia 
perspicillata  (Th ies and Kalko 2004) and  Sturnira lilium  (Mello 
et   al. 2008). Th erefore, our results suggest that specialized fru-
givores probably play keystone roles in seed dispersal networks. 
Th is supports similar observations from antagonistic food webs 
(Pimm 2002), pollination networks (Dupont and Olesen 2009) 
and bat – fruit networks (Mello et   al. 2011b), in which ecological 
specialists were found to have larger relative importance than 
generalists to community structuring. Interestingly, some oppor-
tunistic frugivores, such as the bat Trinycteris nicefori (primarily 
insectivorous) (network Kalko BCI, Supplementary material 
Appendix 5), although being connected to only a few plant spe-
cies, reached intermediate to high values of accessibility 2, as it 
feeds on very  ‘ popular ’  plants, such as  Piper  species. Results of 
our mixed eff ects model are consistent with the hypothesis that 
specialized frugivores are the keystone species in seed dispersal 
networks, as in most networks they were the only ones 
to reach the highest centrality scores. However, pat-
terns depended on the disperser group, as the relationship 
between dietary specialization and centrality diff ered between 
bat –  and bird – fruit networks. 

 Although body mass and range size are considered to 
be relevant to frugivory interactions at the population level 
(Ollerton and Cranmer 2002, Woodward et   al. 2005), they 
did not play an important role in determining centrality at 
the species level in our study. Furthermore, the mutualists ’  
taxonomic identity (i.e. bats or birds) seems to infl uence 
the structure of mixed-taxon networks, as observed for topo-
logical indices measured for seed dispersal (Mello et   al. 2011b) 
and pollination networks (Bezerra et   al. 2009, Olesen et   al. 
2007, Santos et   al. 2010, Mello et   al. 2011b). Th ese fi ndings 
suggest that the complex structure of interactions observed at 
the network level is only in part derived from the set of eco-
logical traits studied here, which may aff ect disperser – plant 
relationships at both the organism and population levels. 

 In conclusion, our fi ndings reinforce the need for studying 
the ecological correlates of centrality in mutualistic net-
works. We also stress the need for considering the taxonomic 
level and identity of disperser species, as evidence is grow-
ing that single-taxon and multi-taxon networks diff er from 
each other in topology. We suggest that care should be taken 
when assessing  ‘ network specialization ’  in mutualistic systems 
(a problem pointed out fi rst by Bl ü thgen 2010, Bl ü thgen 
et   al. 2008). Th e fi rst step is to clearly distinguish between 
ecological and network concepts, the latter being surrogates 

 As expected, the correlations between centrality metrics 
point out to some degree of redundancy in measures of relative 
importance for network structure. Relative degree, the most 
fundamental centrality metric, was positively correlated with 
all other four centrality metrics, showing that more sophisti-
cated metrics, such as accessibility, partly contain information 
conveyed by relative degree. Nevertheless, this does not mean 
that more complex metrics of centrality should be abandoned 
in favor of simpler ones, as the Spearman rank  ρ -values of all 
correlations were low, meaning that complex metrics account 
only for part of the variation in centrality. It should be further 
noted that relative degree explained only a small portion of 
the variation in betweenness centrality, and that the latter was 
only correlated with accessibility to indirect neighbors. Th is 
suggests that betweenness centrality, at least in seed disper-
sal networks, is the most unique centrality metric. It is also 
worth remembering that betweenness centrality is the only 
one of the fi ve centrality metrics that assesses the power of a 
species in binding diff erent parts of the network, and as such, 
this metric plays a unique role for understanding the relative 
importance of a species for the network structure. Th erefore, 
we suggest that the relative importance of a keystone mutu-
alistic species in its network should be assessed with at least 
two diff erent metrics, especially one that focuses on hubs and 
another one that focuses on connectors. 

 Th e relationship between geographic range size and 
relative degree corroborates the hypothesis that mutualists with 
larger geographic ranges tend to interact with more partners 
(Th ompson 2005), and are therefore highly infl uential within 
seed dispersal networks. In addition, there was also large varia-
tion in the centrality of the same frugivore species among local 
networks. Th erefore, a seed disperser cannot be considered 
equally important for network topology in all the sites where 
it occurs. Considering that some specialized frugivores have 
a preference for particular plant families (Levey et   al. 2002, 
 Ş ekercio ğ lu 2006), a low centrality might be interpreted as 
a locally narrower and more specialized diet. Some primary 

  Figure 3.     Dietary specialization as an important factor explaining 
variation in centrality indices in seed dispersal networks. Relative 
importance is measured by standardized eff ect scores (partial eta-
squared), as obtained from a mixed-eff ects model (Supplementary 
material Appendix 5). Frugivore centrality in a seed dispersal network 
was related to its taxonomic affi  liation (bats, birds) and level of spe-
cialization in frugivory. Centrality was weakly related to body mass or 
geographic range size. Boxes represent quartiles, the mid line repre-
sents the median, and whiskers represent 95% confi dence intervals.  
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for the former. As ecologists we are interested in studying 
biological entities and phenomena, whereas network metrics 
are one of the quantitative tools we use to assess the biology 
of complex interaction webs. Th e problem is not which met-
ric is used: the problem is that it is not wise to use the tool 
to defi ne the ecological concept. We cannot state that a bat 
or a bird is specialized based only on network metrics, but 
we can defi ne specialization on ecological terms and then 
assess how the degree of specialization aff ects the interaction 
pattern of the species within its network. Th is theory-
oriented approach may help us develop new ecological 
concepts of specialization for complex multispecies systems, 
focused either at each species or the whole network. Th ose 
new concepts could be used in the study of ecological net-
works, as most theory so far has focused on the organism and 
population levels (Devictor et   al. 2010). In addition, there are 
other biological attributes that need consideration in future 
studies, especially those related to the abundance of frugivores 
and fruits, and to chemical and visual attraction of frugivores 
(Cazetta et   al. 2009, Hodgkison et   al. 2013). Th e variation 
among study sites in the relative importance of frugivore 
species in seed dispersal networks underlines the importance 
of conducting network studies of species at as many sites as 
possible. Finally, the closeness centrality and accessibility of 
specialized frugivores, combined with the greater extinction 
likelihood of specialist species ( Ş ekercio ğ lu 2011), suggests 
that the disappearance of specialized frugivores can have 
disproportionate impacts on ecosystems worldwide.              
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One of the unresolved issues in the ecology of parasites is the relationship between host specificity and
performance. Previous studies tested this relationship in different systems and obtained all possible out-
comes. This led to the proposal of two hypotheses to explain conflicting results: the trade-off and
resource breadth hypotheses, which are treated as mutually exclusive in the literature and were corrob-
orated by different studies. In the present study, we used an extensive database on avian malaria from
Brazil and combined analyses based on specificity indices and network theory, in order to test which
of those hypotheses might best explain our model system. Contrary to our expectations, there was no cor-
relation between specificity and prevalence, which contradicts both hypotheses. In addition, we detected
a strong modular structure in our host–parasite network and found that its modules were not composed
of geographically close, but of phylogenetically close, host species. Based on our results, we reached the
conclusion that trade-off and resource breadth hypotheses are not really mutually exclusive. As a concep-
tual solution we propose ‘‘The Integrative Hypothesis of Parasite Specialization”, a novel theoretical
model that explains the contradictory results found in our study and reported to date in the literature.

� 2015 Australian Society for Parasitology Inc. Published by Elsevier Ltd. All rights reserved.
1. Introduction

Ecological specialisation can be defined, in a broad sense, as a
restriction in the niche of a species (Futuyma and Moreno, 1988;
Devictor et al., 2010). Parasitism is an interesting model for study-
ing specialization, as the hosts represent both habitat and food for
the parasites. Therefore, the simplest way to measure the niche
breadth of a parasite is through host specificity (Poulin et al.,
2011).

One of the unresolved issues in the ecology of parasites is
the relationship between host specificity and performance
(Thompson, 1994). Previous studies tested the relationship
between host range and measures of parasite performance (usually
abundance or prevalence) in different systems and obtained all
possible outcomes: negative (Poulin, 1998), positive (Barger and
Esch, 2002; Krasnov et al., 2004; Hellgren et al., 2009), and neutral
(Morand and Guegan, 2000). As a consequence of those conflicting
results, two main hypotheses with opposite predictions have been
formulated: the trade-off hypothesis (Poulin, 1998) and the
resource breadth hypothesis (Krasnov et al., 2004).

On one hand, the trade-off hypothesis assumes that adaptations
for a more effective exploitation of particular hosts evolve at the
cost of the capacity to exploit a wide range of host species, and vice
versa. In other words, there is a trade-off between performance
and host range in parasites (Futuyma and Moreno, 1988). This
hypothesis is commonly illustrated in the scientific literature by
the figure of speech ‘‘Jack of all trades, master of none” and predicts
a negative relationship between host range and performance. On
the other hand, the resource breadth hypothesis is an extension
of the classical hypothesis proposed by Brown (1984), which pre-
dicts that species with broader niches tend to have both high local
abundance and broader distribution. The basic assumption of this
hypothesis is that the same attributes that enable a species to live
in diverse environments allow it to more efficiently exploit each

http://crossmark.crossref.org/dialog/?doi=10.1016/j.ijpara.2015.10.002&domain=pdf
http://dx.doi.org/10.1016/j.ijpara.2015.10.002
mailto:rafael-bpp@hotmail.com
http://dx.doi.org/10.1016/j.ijpara.2015.10.002
http://www.sciencedirect.com/science/journal/00207519
http://www.elsevier.com/locate/ijpara
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one of those. By applying the resource breadth hypothesis to para-
sitism and considering that hosts are the environments where par-
asites live, we can predict that parasites with broader niches will
perform better in each host species and have a wider host range
(Krasnov et al., 2004). According to this hypothesis, there is no
trade-off between host range and performance; both are results
of the same biological attributes of parasites and, therefore, will
be positively related. In this paper we define resource breadth pro-
cesses as all evolutionary and ecological processes that may lead to
this positive relationship, including the ‘‘amplification effect” (i.e.,
in diverse parasite-host-vector communities, parasites with a
broader host range may have an increased host encounter rate)
(Keesing et al., 2006).

Krasnov et al. (2004) suggested that the taxonomic composition
of the host assemblage may be key in understanding this variety of
outcomes. From this perspective, predictions derived from the
resource breadth hypothesis tend to be confirmed when the host
assemblage is composed of phylogenetically close species, but
those tend to be rejected when the hosts are phylogenetically dis-
tant from each other. The basic idea leading to this generalisation is
that closely related hosts have similar defence mechanisms, thus
ecological and evolutionary processes that cause an increase in
performance in one host species will probably have the same effect
on all other species. In a phylogenetically diverse host assemblage,
however, an increase in performance in one host species generally
occurs at the expense of performance in others.

The simplest measure of host specificity is the number of host
species exploited by a parasite (basic host specificity), but other
aspects of the interaction can also be quantified, such as the phy-
logenetic distinctiveness of host species (phylogenetic host speci-
ficity) (Poulin and Mouillot, 2003; Poulin et al., 2011). Recently,
network theory has acquired great importance in ecology as an
integrative approach to study ecological interactions in multi-
species systems by focusing on the interactions rather than on
the species (Proulx et al., 2005; Bascompte, 2009) and it can be
applied to studies on specialization (Blüthgen et al., 2007; Poulin,
2010). One of the most important network proxies for specialisa-
tion is modularity, which can be defined as the presence of cohe-
sive subgroups of densely connected species in a network (i.e.,
modules) (Olesen et al., 2007; Mello et al., 2011). Generally, the
modules are composed of phylogenetically close species or species
that converge in traits that affect the interaction (Schleuning et al.,
2014). Network analysis has also been successfully used to study
parasitism and a highly modular structure is commonly found in
parasitic networks (Fortuna et al., 2010; Bellay et al., 2011;
Krasnov et al., 2012), which is probably related to the high inti-
macy of host–parasite interactions.

Avian malaria, a vector-borne disease caused by protozoan par-
asites of the paraphyletic genera Plasmodium and Haemoproteus
(Outlaw and Ricklefs, 2011), is found in birds of all continents
except for Antarctica and represents an excellent model for studies
on the evolutionary ecology of parasitism (Lapointe et al., 2012).
Recent molecular studies on bird communities, which screened
the blood of birds for Plasmodium and Haemoproteus, revealed a
diversity of lineages that can be as high as that of the hosts
(Pérez-Tris et al., 2007; Lacorte et al., 2013) and lead to the con-
struction of large databases used in ecological and evolutionary
studies (Fallon et al., 2005; Pérez-Tris et al., 2007; Hellgren et al.,
2009). Recently, Svensson-Coelho et al. (2014) published the first
known study that applies network theory to an avian malaria sys-
tem. However, their study focused on comparing host specificity of
malaria lineages between a tropical and a temperate assemblage,
and the network analysis was restricted to the calculation of two
network specialisation indices.

In the present study we performed a thorough assessment of
one tropical avian malaria system using network theory, specificity
indices and phylogenetic analysis. We aimed to understand the
relationship between host specificity and performance of parasites,
and worked with two alternative scenarios based on the classic
trade-off and resource breadth hypotheses. First, we expected a
modular network in which the modules have strong phylogenetic
signals (i.e., host species of each module are phylogenetically clo-
ser than expected by chance). Second, if the trade-off hypothesis
is the best explanation for the patterns found in our study system,
we expected avian malaria lineages that infect several host species
to have lower performance. Third, if the resource breadth hypoth-
esis is the best explanation in this case, we expected widespread
malaria lineages to have better performance than lineages that
infect a single or few hosts.
2. Materials and methods

2.1. Data collection and phylogenetic analysis

The same parasite lineages and avian host species previously
described by Lacorte et al. (2013), which were collected in 10 sites
in southeastern Brazil, were used in our study. However, in order
to quantify specificity with more accuracy, we only used lineages
reported five times or more (28 out of 110). This procedure is
important, since lineages observed only a few times appear in only
a few host species, whether or not those are intrinsically spe-
cialised, which could produce a spurious correlation between low
prevalence and specialization.

After removing lineages with a small number of occurrences,
our host community was composed of 64 bird species of four
orders. A phylogenetic tree of hosts was built to calculate phyloge-
netic specificity, phylogenetic signal in parasitism, phylogenetic
signal in local host assemblages, and phylogenetic signal in module
composition. To build host phylogenetic trees, we included data
from three mitochondrial (mt) DNA gene regions: cytochrome
oxidase subunit 1 (COI), cytochrome B (CytB) and NADH dehydro-
genase subunit 2 (ND2). Phylogenetic analyses using Bayesian
inference were run in the programme MrBayes v3.2.1 (Ronquist
et al., 2012). For details on laboratory procedures and phylogenetic
reconstructions see Supplementary Data S1 and Table S1.
2.2. Specificity indices

The basic specificity of each parasite lineage was calculated as
the number of host species in which it was found. To calculate phy-
logenetic host specificity we used a modified version of the STD
index (Hellgren et al., 2009) in a phylogenetic context. Formulae
and details of specificity indices are described in Supplementary
Data S2.
2.3. Prevalence versus specificity

We measured two types of prevalence for each malaria lineage:
specific prevalence and maximum prevalence. Specific and maxi-
mum prevalences are commonly calculated in specificity analyses
and represent, respectively, the prevalence of a parasite lineage in
all avian species infected by it and the maximum prevalence in any
single host species infected by that parasite.

To test for associations between indices of prevalence and
indices of specificity we used generalised linear models (GLMs).
The GLMs were checked with residual analyses to find the suitable
error distribution and we accepted the minimally significant
model. We only calculated prevalence when the number of sam-
pled individuals of host species was at least 10.



Table 1
Results of generalised linear models testing the relationships between prevalence and
specificity indices. Each response variable in the table represents a model. For the
significant variables, the values shown are those of the minimum model and for the
non-significant variable, values are those of the maximum model. All generalised
linear models were best fitted to a quasibinomial distribution of errors.

Response
variable

Explanatory
variables

D.
F.

Dev. R.
D.F.

R.
Dev.

F P
value

Maximum
prevalence

Basic
specificity

1 0.11 25 73.82 0.033 0.86

S*TD 1 0.00 24 73.82 0.000 0.98

Specific
prevalence

Basic
specificity

1 9.29 25 94.99 2.203 0.15

S*TD 1 0.49 24 94.50 0.117 0.74
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2.4. Phylogenetic signal in parasitism and in local assemblage
composition

We tested whether host assemblages exploited by each parasite
were composed of species that are phylogenetically closer than
expected by chance. The Jaccard index (1912) was used to measure
composition dissimilarity in the group of parasites infecting each
avian species and tested for a correlation with a matrix of host phy-
logenetic distance with a Mantel test. Similarly, we tested for phy-
logenetic signal in local host assemblages, using the Jaccard index
as a measure of dissimilarity in local occurrences. Mantel statistics
were based on Spearman’s rank correlation rho and for each test
1000 permutations were performed.
D.F., Degrees of Freedom; Dev., Deviance; R. D.F., Residual Degrees of Freedom; R.
Dev., Residual Deviance.
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2.5. Network analysis

The data were organised as a binary adjacency matrix (pres-
ence/absence) for the network analysis (Supplementary
Table S2). According to Krasnov et al. (2012), the properties of par-
asitic interactions make binary data more appropriate than
weighted data for this kind of analysis.

To test for the existence of modules in the host–parasite net-
work we used an optimisation method based on simulated anneal-
ing (Guimerà and Nunes Amaral, 2005) and calculated an index of
modularity (M) based on the Newman algorithm (Newman and
Girvan, 2004). To estimate the significance of M we used a Monte
Carlo procedure (1000 randomizations) based on the ‘null model 2’
of Bascompte et al. (2003), in which the probability of an interac-
tion in a given cell of the matrix is proportional to the marginal
sums of its columns and rows. To perform the M analysis we used
the software Modular (Marquitti et al., 2014). We tested for phylo-
genetic and geographic signals in host module composition using
Mantel tests with a matrix of pairwise values of dissimilarities in
module identity (based on the Jaccard index) and matrices of phy-
logenetic distance and dissimilarity in local occurrences,
respectively.
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Fig. 1. The host–parasite network with bird species (circles) and malaria lineages
(diamonds). Modules of the network are represented in grey tones and identified by
letters (A–L). Vertices (i.e., parasites lineages and host species) in the graph are
disposed to visually emphasise modules, and line length has no meaning (the edges
are not weighted). Names of bird species (according to the Brazilian Ornithological
Records Committee (http://www.cbro.org.br)) and malaria lineages are presented
in Supplementary Table S2).

Table 2
Results of Mantel tests for signal analyses. The Mantel statistic is based on Spearman’s
rank correlation rho. Each test was performed for 1000 permutations.

Hypothesis tested Mantel
statistic r

P.95% P
value

Phylogenetic signal in host assemblage
exploited by each lineage

0.1331 0.049 0.0009

Phylogenetic signal in local assemblages 0.0091 0.060 0.3826
Phylogenetic signal in modules 0.1051 0.038 0.0019
Geographic signal in module �0.0140 0.046 0.7222

P.95%, 95th percentile of permutations (null model). Statistically significant values
in bold.
3. Results

To build the host phylogenetic tree we obtained 423 bp of COI,
999 bp of CytB and 1025 bp of ND2, which provided a total of
2447 bp of concatenated sequences. For all mtDNA genes, the
GTR + G + I was the best-fit substitution model chosen. The Baye-
sian trees obtained from the Bayesian analyses differ from each
other in topology and degree of resolution for each isolated gene.
Thus, we used the partitioned tree with all genes in our analysis
(Supplementary Fig. S1).

Basic host specificity of malaria lineages varied from one to 11
host species. Among the analysed lineages, only COSQU01 did not
have its prevalence indices calculated, since its host species sam-
pling was below 10 individuals. Specific prevalence varied from
0.04 (TARUF01) to 0.39 (VIOLI01), and maximum prevalence
reached 0.6 (VIOLI01). All indices for malaria lineages calculated
in our analysis are presented in Supplementary Table S3. There
was no correlation between any measure of prevalence and basic
or phylogenetic specificity (Table 1).

The host–parasite network contained 92 vertices (28 malaria
lineages and 64 avian host species) and only 105 realised connec-
tions out of 1792 potential connections (connectance = 0.06). There
is a high degree of modularity in our network (M = 0.7, Average M
of randomised matrices = 0.62, P = 0.014) and twelve modules
were detected (Fig. 1).

The phylogenetic distance among host species was correlated
with the composition of hosts within the modules and of the
assemblages exploited by each parasite lineage. Nevertheless,
there was no phylogenetic signal in local host assemblages or a
geographic signal in the composition of host within the modules
(Table 2).

http://www.cbro.org.br


Consequences of evolutionary changes:

1 - Increase in performance in all hosts
2 - Increase in performance in one host and decrease in perfomance in others hosts
3 - Increase in performance in a group of hosts and decrease in performance in other 
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Fig. 2. A new explanation for the conflicting results observed in the relationship
between performance and host range of parasites. (A) Dendrograms of hypothetical
host communities with: (a) low differences among hosts that change gradually in
the community; (b) high differences among hosts that change gradually in the
community; (c) a clustered structure in which the differences among hosts are low
within each cluster and high between clusters. Dashed rectangles delimit clusters of
close species. (B) Expected effects of host community structure and the difference
among hosts in the relationship between performance and host range. The cases (a),
(b) and (c) correspond to dendrograms in Fig. 2A.
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4. Discussion

Our results point to no relationship between prevalence and
basic or phylogenetic specificity, which contradicts predictions
from both the trade-off (Poulin, 1998) and the resource breadth
hypotheses (Krasnov et al., 2004). One implicit assumption of the
trade-off hypothesis is that eventually new adaptations that
increase performance in one host will represent maladaptation to
other hosts in the community. On the other hand, the implicit
assumption of the resource breadth hypothesis is that those new
adaptations increase performance in all hosts. We did not see
empirical or theoretical support to assume one or the other
hypothesis as a universal explanation for all cases. Krasnov et al.
(2004) suggested that the hypothesis that best explains a particu-
lar case depends on the phylogenetic structure of the studied com-
munity of hosts. In addition, the relationship between
specialisation and performance will be better explained by one
or the other hypothesis in different systems. We think that this
explanation, despite being logically valid, can only be applied if
the phylogenetic distance between hosts varies gradually, which
is not the case in our system.

The host assemblage studied here has high phylogenetic and
ecological diversity but is composed of subgroups of closely related
species. While on the one hand we have host species of different
bird orders (i.e., Collumbiformes, Galbuliformes, Passeriformes
and Piciformes), on the other hand we have four species of the
same genus (i.e., Turdus). In a scenario such as this, in which the
host assemblage is composed of clusters of closely related hosts
separated from each other by discontinuous phylogenetic differ-
ences, we expect the effects of evolutionary changes in a given par-
asite to differ between hosts of different clusters, which confounds
the relationship between performance and host specificity in the
system. Instead of processes in which an increase in the perfor-
mance in one host species leads to an increase (resource breadth
hypothesis) or decrease (trade-off hypothesis) in the performance
of all others, most likely there is a predominance of processes in
which an increase in the performance in one host species leads
to an increase in the performance in hosts of the same cluster
but to a decrease in the performance in hosts of other clusters
(Fig. 2). The observed phylogenetic signal in parasitism (Table 2)
is good evidence to assume that host phylogeny is important to
specialization. Nevertheless, it is important to note that the den-
drograms presented in Fig. 2A are not phylogenetic trees, but rep-
resentations of host species distances, considering every character
that can affect the performance of parasites (e.g., habitat prefer-
ences, behavioural and immunological defences, and chemical
composition of blood) (Thompson, 1994). The biological dendro-
gram will be very similar to the phylogenetic tree of the group if
there is strong phylogenetic conservatism in the evolution of the
biological traits considered although, in several cases, convergence
can unite phylogenetically distant species and separate phyloge-
netically close species.

We found that the modules of our network were not composed
of geographically close species, but of phylogenetically close host
species. Therefore, in our study system, phylogenetic clusters of
hosts are reflected in the modular network structure. Several
authors have argued that modularity usually emerges from a com-
bination of shared phylogenetic history and trait convergence
(Olesen et al., 2007; Krasnov et al., 2012; Schleuning et al., 2014).
If this is true, modules should be composed of species that are clo-
ser to each other than to species of other modules, considering not
only phylogenetic distance but also all biological characters (either
homologies and convergences) that affect the interaction, which is
exactly the same as the host clusters presented in Fig. 2A. Consid-
ering that the network was built based on connections that are
effectively made in the system, we conclude that the network
structure is the final outcome of the process of parasite specialisa-
tion and that modularity results from trade-offs and breadth
resource processes that occur simultaneously at different scales
in the host community. This conclusion is, in a few words, what
we are calling here ‘‘The Integrative Hypothesis of Parasite
Specialization”.

The Integrative Hypothesis of Parasite Specialization is based on
three assumptions: (i) the specialisation of parasites always
involves trade-offs between performance in different hosts, and
the trade-offs will be stronger with greater dissimilarity between
hosts; (ii) resource breadth processes always play a role in parasite
specialization, but they are weaker with greater the dissimilarity
between hosts; (iii) in most host communities, host dissimilarity
is not gradually structured. Natural communities are commonly
composed of clusters of similar organisms separated from other
clusters by discontinuous differences.

Once these assumptions are accepted we can conclude that the
specialisation of parasites is driven by a balance between the costs
of trade-offs and the benefits of resource breadth processes. As
new adaptations that increase a parasite’s performance in a host
species generally increase its performance in similar host species
and decrease its performance in dissimilar host species, there is
no point in considering trade-off and resource breadth hypotheses
as mutually exclusive. In fact, both are two sides of the same coin
and exert greater influences at different scales of the host commu-
nity. As the dissimilarity among host species is much larger
between than within clusters of host community, there is a discon-
tinuity in the balance between trade-off and resource breadth pro-
cesses. Instead of a gradual increase in the effect of trade-off and a
gradual decline in resource breadth processes with the broadening
of host range, there will probably be an abrupt change when the
limits of clusters are exceeded. Within clusters, resource breadth
processes predominate and between clusters, trade-off is expected
to be stronger.
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A relationship between performance and cluster specialisation
(Fig. 3) will emerge with the clusters as the main unit of specializa-
tion. Consequently, a parasite is considered specialised if it infects
hosts of a single or a few clusters, while generalised parasites infect
hosts of several clusters.

Based on this new theoretical perspective, we make novel pre-
dictions aimed at explaining the conflicting results reported in the
literature. First of all, it is important to notice that the predictions
shown in Fig. 2 and the hypothesis of Krasnov et al. (2004) are not
rejected here. On the one hand, when the entire host assemblage is
composed of closely related species (Fig. 2Aa) the assemblage itself
is the cluster of specialization, resource breadth processes will pre-
dominate, and a positive relationship between performance and
host range is expected. On the other hand, when dissimilarities
between host species are high from the perspective of the parasite
(Fig. 2Ab), each species may be the cluster of specialization, trade-
offs gain importance, and a negative relationship is expected.

When the host community is composed of clusters, the relation-
ship between performance and specificity will be strongly influ-
enced by sampling scale and contrasting results are expected. We
may expect three different results when comparing a study that
samples a single group of closely related hosts, a second that sam-
ples few hosts of several clusters, and a third that samples several
hosts of several clusters (Fig. 4). We are not referring to the real
host diversity, but to the subset of host species sampled. Once gen-
eralist parasites have poorer performance than specialists, they
have a lower chance of being detected in all of their real hosts,
either due to a sampling error in the least sampled species or ran-
dom fluctuations in local prevalence. This underestimation of host
range leads to parasites with low prevalence being considered
more specialised than they actually are, which masks the trade-
offs involved in generalisation. When a study samples a single clus-
ter, this bias creates an artificial relationship between performance
and host range (Fig. 4A). On the other hand, when a few hosts in
each cluster are sampled, the host ranges of parasites that infect
all hosts of a single cluster may be even more underestimated,
because only a few of their hosts were sampled. In this case what
is being masked is the effect of resource breadth processes acting
within these clusters, and an artificial negative relationship
between performance and host range may be observed (Fig. 4B).
When all host species are sampled, neither trade-off nor resource
breadth processes are masked, and no correlation between perfor-
mance and host range is observed (Fig. 4C). In this last scenario, the
integrative hypothesis of parasite specialisation predicts a positive
relationship between host range inside each cluster and perfor-
mance of parasites, but a negative relationship between the num-
ber of clusters infected by a parasite and its performance.

A good example of the predictions of the new hypothesis can be
provided by comparing our results with two previous studies that
tested the trade-off and resource breadth hypotheses in avian
malaria (Hellgren et al., 2009; Szöllosi et al., 2011). In contrast to
our findings, Hellgren et al. (2009) found a positive relationship
between performance and host range in avian malaria. However,
the host assemblage analysed in their study was composed only
of species of the suborder Passeri, whereas in the present study Pas-
seri was a phylogenetic subgroup of the whole host assemblage and
represented only 43.75% of the host species (28 in 64). The presence
of diversified clades in our analyses that are absent in Hellgren et al.
(2009) (i.e., suborder Tyranni and the orders Columbiformes,
Galbuliformes and Piciformes) explains the difference between
our results, with our dataset comprising some of the most marked
phylogenetic and ecological discontinuities in birds (Sick, 1997).
Furthermore, our samples were taken from one of the most
biodiverse regions in the world and have a strong environmental
discontinuity (i.e., they include birds that occur in three different
vegetation types) (Lacorte et al., 2013), which probably results in
an even higher diversity and a more clustered structure in our host
assemblage than expected by phylogeny alone. Szöllosi et al. (2011)
presented a more extreme example of micro scale analysis by
sampling host populations of a single species and, as expected, they
also found a positive relationship between host range (number of
host populations in which each lineage was found) and prevalence.

It is important to understand the effect of the processes
explained by the Integrative Hypothesis of Parasite Specialization
in the shaping of interaction networks. As we observed, the clus-
tered structure of host community can be reflected in a modular
network structure. This occurs due to the intensity of trade-offs
in performance in hosts of different clusters, or in other words,
modularity is a consequence of strong trade-offs between host
clusters. Moreover, we think that resource breadth processes can
also affect network structure by generating another common pat-
tern described in the ecological network literature - nestedness.
Modularity and nestedness have traditionally been seen as mutu-
ally exclusive (Bascompte et al., 2003), but recently they have been
recognised as patterns that can interact with one another (Fortuna
et al., 2010). Similarly to trade-off and resource breadth processes
in our hypothesis, these patterns can also occur at different scales
in a network structure. Future studies should focus on understand-
ing the relationship between specialisation and network structure
based on real world field data and not only on mathematical
simulation.

In the present study we: (i) performed a network analysis for
avian malaria together with the commonly used specificity indices,
(ii) tested for a phylogenetic signal in parasitism, (iii) built a molec-
ular phylogenetic tree of hosts to calculate phylogenetic specificity
while previous studies used only taxonomic distance, and (iv)
tested the predictions of the trade-off and resource breadth
hypotheses in a species-rich environment. Despite those hypothe-
ses leading to opposite predictions, after performing our study we
reached the conclusion that they are not mutually exclusive.
Therefore, (v) we propose a new hypothesis about parasite perfor-
mance and host specialisation that integrates the trade-off and
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breadth resource hypotheses within a single, more general, frame-
work by taking into account the biological structure of the entire
host community and the sample. The Integrative Hypothesis of
Parasite Specialization can explain the contrasting results found
in previous studies that tested the relationship between perfor-
mance of parasites and host specificity, and it helps to advance
the debate further. Moreover, our hypothesis generates several tes-
table predictions and we kindly invite the scientific community to
put those to the test.
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In plant–animal interactions, species are commonly labeled as either mutualists or antagonists, based on the most common, 
most studied, or most easily observed outcome. Nevertheless, evidence from simple systems comprising 2–4 species 
suggests that those labels are an oversimplification: individual species often function in both roles, either simultaneously 
or at different places or times. We include both mutualistic and antagonistic interactions between mammals and seeds 
in a multilayer network, to explore for the first time the community-level consequences of the dual roles played by some 
species. We tested whether negative and positive interactions within a plant–frugivore network are separated into different 
modules, or whether they overlap due to the presence of frugivores that both kill and disperse seeds. The frugivorous diets 
of nonvolant small mammals were studied at one dry tropical forest site in southeastern Brazil by analyzing fecal samples 
from individuals captured in live traps. Seed viability was assessed with a tetrazolium test to determine the outcome of those 
interactions, as estimated by whether or not seeds survived gut passage. Interactions were analyzed as a weighted multilayer 
network, subdivided into one potentially mutualistic (live seeds deposited) and one antagonistic (dead seeds deposited) 
layer. The two layers had similar structure with high overlap between them. Some mammal species exhibited highly central, 
dual roles, acting both as antagonists and mutualists, in many cases of the same plant species. Dispersal service by most of 
these small mammals is accompanied by seed destruction, suggesting that the selective pressures exerted by those animals 
on the plants is much more complex than often assumed. Our results demonstrate that the complexity of plant–frugivore 
networks can not be fully understood without proper incorporating measures of seed fate following gut passage.

Ecological interactions are the glue that binds communities, 
and some of the most important questions in contempo-
rary ecology are related to solving puzzles associated with 
“Darwin’s tangled bank” (Lewinsohn and Cagnolo 2012, 
Sutherland et al. 2013). The complex webs of intra- and 
interspecific relationships formed by those interactions affect 
processes ranging from population growth to ecosystem 
functioning (Bascompte and Jordano 2014). Depending on 
whether the outcome is positive, negative or neutral for each 
interacting species, the relationship between two species may 
be labeled as mutualistic ( ), antagonistic ( –, – –) or 
commensal (0 ) (Bronstein 2015). This dominant species-
level view, however, largely ignores growing evidence that 
the outcomes of interaction events often vary considerably 
in time and space (Chamberlain et al. 2014), and that conse-
quences to individual fitness also vary (Jones et al. 2015).

Most studies to date have assessed interaction outcomes 
in simple systems formed by 2–4 species (Bronstein 1994, 
2015). Patterns and processes at larger community scales 

remain poorly known. Recent studies of plant–pollinator 
systems have quantified positive and negative interactions 
by separating and analyzing subnetworks formed by antag-
onisms and mutualisms (Melián et al. 2009, Genini et al. 
2010, Yoshikawa and Isagi 2014, Maruyama et al. 2015). 
In plant–seed disperser systems, the influence of interaction 
outcomes on network structure has been recently shown 
(Ruggera et al. 2016). However, all of these studies treat 
mutualism and antagonism as separate networks. In the sin-
gle study that got closer to integrating different interaction 
types (Sauve et al. 2014), a computer-simulated, merged 
network with antagonisms and mutualisms was built. 
However, interaction types in their network were separated 
in a tripartite topology with a single set of vertices (plants) 
that were connected to the two other sets (antagonists and 
mutualists), and with each pair of vertices (plant–pollinator 
or plant–herbivore) connected by a single interaction type. 
Hence, knowledge of multiple interactions at the commu-
nity level is still fragmentary, as evidence suggests that few 
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animal species are either pure mutualists or pure antagonists 
of plants (Hoeksema and Bruna 2015). In addition, there 
might even be differences in interaction outcome within a 
population (Tur et al. 2015).

Due to recent breakthroughs in network theory 
(Boccaletti et al. 2014, Kivela et al. 2014, Cozzo et al. 
2016), it is now possible to merge networks with two or 
more types of interactions and hence analyze multilayer 
networks, i.e. systems formed by two or more types of 
connection (Pilosof et al. 2015). This novel theoretical 
approach opens an avenue for empirical research, as it allows 
assessment of the guild structure of a community and the 
relative importance of different species to a set of ecologi-
cal functions without focusing on a single interaction type 
at a time. It is now possible not only to identify keystone 
species, using centrality as a proxy (Dupont and Olesen 
2009, Martín González et al. 2010, Mello et al. 2015), but 
also to identify species that are keystones in different layers 
simultaneously, and that might therefore bridge different 
interaction types.

Although network theory has dramatically advanced our 
understanding of ecological interactions (Bascompte and 
Jordano 2014), it has become apparent that incorporating 
detailed natural history data changes assumed plant–
pollinator network structure (Ballantyne et al. 2015). 
For fruit–frugivore interactions, the vast majority of 
experimental studies have compared seed viability or 
germination of control versus gut-passed seeds (Traveset and 
Verdú 2002, Fuzessy et al. 2016) to determine interaction 
outcomes. However, only a single study so far incorporated 
a measure of frugivore effectiveness (sensu Schupp et al. 
2010) into fruit–frugivore networks (Ruggera et al. 2016). 
In our approach, rather than comparing seed viability 
between control versus gut-passed seeds, we incorporated 
a component of dispersal effectiveness by estimating seed 
viability of gut-passed seeds in a tropical, species-rich fruit–
frugivore network to investigate variation in interaction 
outcomes.

We asked: in a multilayer network made up of plants 
and the animals that consume their fruits (frugivores), are 
antagonistic and mutualistic interactions separated into 
different modules, or do they overlap, due to the presence 
of animals that are both beneficial and harmful to a plant 
species? In the literature, with few exceptions (e.g. caching 
rodents and birds), a given frugivore is considered to be 
either a seed predator or a seed disperser of a given plant 
(Jansen et al. 2012). Nevertheless, natural history stud-
ies suggest that functional roles are highly interchangeable 
(Howe 2016) and even legitimate dispersers vary greatly in 
effectiveness (Schupp et al. 2010). Considering that there are 
many ways for a frugivore to kill a seed (e.g. chewing, killing 
during gut passage, transport to unsafe sites; Levin et al. 
2003) at different stages of the seed dispersal loop before 
and after ingestion (Wang and Smith 2002), even if this ani-
mal is considered a legitimate seed disperser, we expected 
large overlap between seed dispersal and seed destruction. 
The present study is the first to take a multilayer network 
approach to solving the puzzle of dual functional roles in 
multispecies systems, using as a model a network formed by 
nonvolant small mammals and fruiting plants in a seasonally 
dry tropical habitat in Brazil.

Methods

Data collection

Data were collected in three protected areas near Belo 
Horizonte, southeastern Brazil, an ecotone between Atlantic 
Forest and Cerrado: Mangabeiras Municipal Park (19°56′S, 
43°54′W), Serra do Rola Moça State Park (20°55′S, 
44°58′W), and Serra do Curral Municipal Park (19°57′S, 
43°55′W). The regional climate is tropical with a marked 
dry season. We sampled nonvolant small mammals during 
61 days from June (dry season) to December (rainy season) 
2013, the period when almost all plants in the study area set 
fruits, with live traps set on the ground and on trees (details 
on the sampling protocol are provided in Supplementary 
material Appendix 1). All captured mammals were individu-
ally marked with ear tags. The traps were checked every day 
and fecal samples were collected. Nomenclature follows the 
latest list of Brazilian mammals (Paglia et al. 2012).

Seed viability test

Fecal samples were dissolved in water and sieved through 
a 0.25-mm mesh. Seeds were then identified to the finest 
possible taxonomic level by comparison with a reference 
collection of fruits and seeds from the study site and by 
consulting the literature (details provided in Supplemen-
tary material Appendix 1). To determine the outcome of 
gut passage, we used seed viability as a measure of dispersal 
effectiveness. Seed viability was assessed using the tetrazo-
lium test (Delouche et al. 1962), which discriminates living 
from dead plant tissue. For this test, we used only externally 
intact seeds, which we defined as those showing no bite or 
chewing marks. Medium to large seeds are usually chewed 
or destroyed by rodents (Janzen 1971, DeMattia et al. 2004) 
and cannot be retrieved in on fecal samples. Thus, our results 
are limited to seeds that passed intact through mammal 
guts and were found in fecal samples. If seeds were found 
to be alive after gut passage, we defined the interaction as 
potentially mutualistic. If seeds were dead, we defined the 
interaction as antagonistic (details provided in the Supple-
mentary material Appendix 1). We assumed that mammals 
always benefit from the interaction, as they consumed fruit 
pulp in both cases, so variation in interaction outcomes was 
due to variation in their effect on the plant.

Although our study was based on a solid protocol to assess 
the fate of seeds ingested and defecated by small mammals, 
there were three limitations to our design. First, estimating 
seed viability using fresh fruits collected directly from plants 
in the study area could have helpfully revealed the pro-
portion of seeds that die even in the absence of frugivory. 
However, we were not able to obtain these data; plant 
diversity in tropical savannas and forests is exceptionally 
high, and most plant species consumed by small mammals 
are difficult to find in the field and do not fruit every year 
or year-round (Esteves et al. 2015). The lack of data of seed 
viability for control seeds does not compromise our study, 
however, since our goal was not to access gut-passage effects 
of each individual mammal species, but rather to access 
the variability in interaction outcomes in multiple spe-
cies. We consider the positive interactions assessed in our 
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study as potentially mutualistic, because there is always the 
chance that intact, viable seeds be deposited in unsafe sites 
(Forget et al. 2005). Nevertheless, this is a first approach 
to incorporating disperser effectiveness into a multilayer  
network.

Second, we excluded chewed seeds from the analysis, as 
we were interested in the fate of seeds that are ingested and 
pass through the digestive tract of small mammals without 
suffering external macroscopic physical damage, a phase of 
the seed dispersal loop that is seldom assessed (Schupp et al. 
2010). In addition, most chewed seeds were represented by 
small, unidentifiable fragments.

Third, it is already known that rodents destroy large seeds; 
we chose to focus our study on the interaction outcome for 
small seeds. Despite these limitations, our study goes one 
step further than similar studies on frugivorous vertebrates, 
as we were able to assess the viability of all apparently intact, 
small seeds found in the fecal samples, while studies based on 
germination tests are subject to several other potential flaws 
related to germination methods and seed dormancy (Heer 
et al. 2010), which in any case are poorly known for most 
tropical species (Ribeiro et al. 2016). Furthermore, most 
studies that apply tetrazolium tests limit them to a subset of 
the plant species that might be dispersed by a focal frugivore 
species (Traveset et al. 2016).

Network analysis

To describe the structure of frugivore–plant interactions, we 
built a weighted multilayer network in which mammal and 
plant species were connected to one another by both positive 
and negative interactions. From this network, we derived 
two layers (subnetworks) characterized by either potentially 
positive (‘mutualistic layer’) or negative (‘antagonistic layer’) 
interactions. Graphs were drawn in Pajek 4.09 (Batagelj and 
Mrvar 1998) using the ‘Kamada–Kawai separate compo-
nents’ method, in which vertices with a larger number of 
connections or which bind modules are drawn closer to the 
center.

To describe the structure of each of the two layers, we 
used measures of nestedness and modularity. In a nested 
network, species with fewer interactions are connected to  
a subset of the partners of species with more interactions, 
while in a modular network, species form clusters that 
have higher internal than external density of connections 
(Bascompte and Jordano 2014). Those two archetypical 
topologies are not mutually exclusive (Lewinsohn et al. 
2006) and depend largely on the phylogenetic diversity of 
the network and the balance between tradeoffs and resource 
breadth processes (Pinheiro et al. 2016). We calculated 
nestedness in NODF 2.0 based on the binary metric NODF 
and the weighted metric WNODF in the software NODF 
(Almeida-Neto and Ulrich 2011). Modularity was calculated 
with the binary algorithm Barber (Guimerà and Amaral 
2005) in Modular 1.0 (Marquitti et al. 2014) and with the 
weighted algorithm Louvain (Blondel et al. 2008) in Gephi 
0.9.1 (Bastian et al. 2009). We calculated modularity with 
binary and weighted algorithms, as evidence suggested that 
the number of modules and the connectivity between them 
differ when edge weight is considered (Clauset et al. 2008), 
especially when the network is dissortative (Newman 2002). 

More importantly, binary metrics are better for assessing the 
fundamental niche of a species, whereas weighted metrics are 
better for assessing its realized niche (Fründ et al. 2016).

We used centrality as a proxy for a species’ relative 
importance to the structure of the network. Centrality 
has been used in the study of ecological networks to help 
identify keystone species (Mello et al. 2015). We calculated 
three centrality metrics in Pajek 4.09. Relative degree is cal-
culated as the proportion of interactions in relation to the 
number of potential partners in the network, and is used as 
a proxy for a species’ Grinnellian or Eltonian niche breadth. 
Betweenness is calculated as the proportion of small paths 
(shortest distances measured through direct and indirect 
connections) between all pairs of species in the network, in 
which the target species is present, and is used as a proxy for 
the importance of the species for binding different modules 
or regions of the network. Closeness is defined as the dis-
tance from the species to all other species in the network, 
measured as degrees of separation, and is used as a proxy for 
a species’ niche commonness or functional influence in a 
network. For instance, a frugivore species might be impor-
tant in maintaining the structure of a seed dispersal net-
work, by dispersing the seeds of a large number of plant 
species, by delivering this service to plants of different guilds 
or functional groups, or by dispersing the seeds of plants 
that are also consumed by other frugivores, thus acting as a 
‘backup mutualist’ that might continue delivering the ser-
vice even if some main dispersers are lost by some plant 
species. Some highly central frugivore species might even be 
important according to all those criteria. For further infor-
mation on the biological interpretation of these metrics see 
Mello et al. (2015).

We treated the centrality of each species as a vector rather 
than a scalar (Boccaletti et al. 2014). Therefore, the vector of 
each centrality metric for each species was defined based on 
the values measured in the multilayer network and its two 
separate layers.

Statistical analysis

We tested for differences in centrality among small mammal 
species and layers of the multilayer network with a gener-
alized linear model (GLM) run in SPPS 20.0 (following 
Dobson and Barnett 2008).

Data deposition

Data available from the Interaction Web Database: < www.
nceas.ucsb.edu/interactionweb/ >.

Results

Sampling of 4880 trap-nights resulted in 177 captures and 
recaptures of 104 individual small mammals representing 17 
species (10 Rodentia, six Didelphimorphia, one Carnivora), 
a capture success of 3.6% (see the complete list of small 
mammal species captured in the Supplementary mate-
rial Appendix 1). Of the 177 fecal samples collected in the 
traps, 62 samples (35%) produced by nine mammal species 
contained 642 seeds of 34 plant species and morphospecies 
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had both negative and potentially positive interactions with 
plant species, as judged by the condition of seeds found 
in their feces. The exceptions were Gerlinguetus ingrami 
(Rodentia), which only killed seeds, and Oligoryzomys sp. 
(Rodentia), which passed all seeds intact and in germinable 
condition. Some mammal and plant species were con-
nected to one another both by interactions of seed dispersal 
and seed destruction, as in the case of the interacting pairs 
Didelphis aurita (Didelphimorphia) and Cecropia pachys-
tachya (Cecropiaceae), and Necromys lasiurus (Rodentia) and 
Leandra aurea (Melastomataceae) (Fig. 1).

In addition, the centrality of most small mammal species 
differed between layers (Table 2), as detected by a GLM 
for normalized degree (DF  2, F  38.65, p  0.001, 
h2  0.48), closeness (DF  2, F  76.10, p  0.001, 
h2  0.64), and betweenness (DF  2, F  6.67, p  0.12, 
h2  0.14). The same seven small mammal species identi-
fied as bridging the mutualistic and antagonistic layers 
stood out also for reaching high centrality vectors (Table 2).  
For instance, the rodent Cerradomys subflavus and the 
marsupial Didelphis aurita had vectors of normalized degree 
(C.s.  0.41,0.25,0.27; D.a.  0.65,0.40,0.42), closeness 

(the other samples contained no seeds). Sixty percent of the 
seeds found in marsupial feces were viable, compared to 
80% in rodent feces.

The multilayer network contained 72 links (edges)  
(Fig. 1). On average, the multilayer network, the mutualistic 
layer, and the antagonistic layer were all more modular than 
nested, although none of the metrics was significantly differ-
ent from the expected values derived from null models. All 
networks had low degrees of binary (NODF) and weighted 
nestedness (WNODF) (Table 1). Modularity was interme-
diate to high in all analyzed networks, and there was little 
difference between the binary (Barber) and weighted metrics 
(Louvain) (Table 1). In the multilayer network, all modules 
were either composed of rodents or marsupials, except for 
one that contained both groups (the marsupial Monodelphis 
domestica and the rodent Necromys lasiurus).

The mutualistic and antagonistic layers overlapped 
greatly: 56% of the plant species and 78% of the frugivore 
species were present in both, and of the 72 links observed in 
the multilayer network, 24 links (33%) were repeated in the 
mutualistic and antagonistic layers (Fig. 1, Supplementary 
material Appendix 2). Seven of the nine frugivore species 

Figure 1. The weighted multilayer plant–frugivore network contained interactions (lines) of potential seed dispersal (light blue) and seed 
destruction (light red). Line width is proportional to the number of seeds analyzed in the tetrazolium test. Plants are depicted as ellipses, 
rodents as diamonds, and marsupials as boxes. Species colors represent modules found in the network (Louvain weighted algorithm). See 
Table 2 for species codes.
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show their importance as both seed dispersers and seed 
destroyers.

Discussion

Determining the community-level consequences of interac-
tion outcomes is a challenging and persistent question in 
ecology. Here, we identified a large overlap between mutu-
alistic and antagonistic relationships in a plant–frugivore 
network involving nonvolant small mammals and plants 
by adding information on a component of seed dispersal 
effectiveness. We show that most frugivore species both 

(C.s.  0.36,0.21,0.33; D.a.  0.41,0.24,0.37), and 
betweenness (C.s.  0.24,0.06,0.24; D.a.  0.43,0.13,0.36) 
that make them stand out among frugivores and clearly 

Table 1. Structural metrics calculated for each network. The networks 
are shown in the Supplementary material Appendix 2.

Index Multilayer Mutualistic Antagonistic

Nestedness (NODF) 0.19 0.21 0.14
Nestedness (WNODF) 0.14 0.14 0.11
Modularity (Barber) 0.57 0.56 0.58
Number of modules (Barber) 6 5 7
Modularity (Louvain) 0.57 0.52 0.58
Number of modules (Louvain) 6 19 8

Table 2. Centrality metrics calculated for plant and animal species as vectors, considering the values measured in the multilayer network and 
its two layers. For instance, the normalized degree of the rodent Cerradomys subflavus is 0.41, 0.25, 0.27.

Normalized degree Closeness Betweenness
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Animals Cerradomys scotti CerSco 0.06 0.05 0.03 0.25 0.15 0.19 0.00 0.00 0.00
Cerradomys subflavus CerSub 0.41 0.25 0.27 0.36 0.21 0.33 0.24 0.06 0.24
Didelphis albiventris DidAlb 0.21 0.15 0.12 0.12 0.09 0.12 0.01 0.00 0.01
Didelphis aurita DidAur 0.65 0.40 0.42 0.41 0.24 0.37 0.43 0.13 0.36
Monodelphis domestica MonDom 0.09 0.10 0.03 0.22 0.15 0.18 0.00 0.00 0.00
Necromys lasiurus NecLas 0.53 0.40 0.30 0.32 0.23 0.32 0.21 0.12 0.23
Oligoryzomys sp. OliSp 0.03 0.05 0.00 0.21 0.13 0.00 0.00 0.00 0.00
Philander frenatus PhiFre 0.12 0.05 0.09 0.27 0.05 0.25 0.11 0.00 0.07
Guerlinguetus ingrami GueIng 0.03 0.00 0.03 0.05 0.00 0.05 0.00 0.00 0.00

Plants Byrsonima sp. ByrSp 0.11 0.00 0.13 0.05 0.00 0.05 0.00 0.00 0.00
Campomanesia adamantium CamAda 0.22 0.13 0.13 0.23 0.16 0.23 0.00 0.00 0.00
Cecropia cf. hololeuca CecHol 0.11 0.00 0.13 0.21 0.00 0.19 0.00 0.00 0.00
Cecropia pachystachya CecPac 0.56 0.25 0.38 0.37 0.19 0.33 0.18 0.01 0.16
Cecropia cf. glaziovii CecGla 0.44 0.25 0.25 0.34 0.19 0.31 0.04 0.01 0.05
Chiococca alba ChiAlb 0.22 0.13 0.13 0.23 0.16 0.23 0.00 0.00 0.00
Coccocypselum aureum CocAur 0.56 0.38 0.25 0.34 0.20 0.24 0.06 0.03 0.04
Erythroxylum sp. ErytSp 0.22 0.13 0.13 0.28 0.17 0.26 0.00 0.00 0.00
Euphorbiaceae sp. EuphSp 0.22 0.13 0.13 0.28 0.17 0.26 0.00 0.00 0.00
Ficus sp. FicuSp 0.11 0.00 0.13 0.28 0.00 0.26 0.00 0.00 0.00
Leandra aurea LeaAur 0.33 0.13 0.25 0.28 0.16 0.28 0.01 0.00 0.02
Leandra cf. coriacea LeaCor 0.22 0.13 0.13 0.23 0.16 0.23 0.00 0.00 0.00
Leandra sp. LeanSp 0.22 0.00 0.25 0.28 0.00 0.28 0.01 0.00 0.02
Miconia albicans MicAlb 0.11 0.00 0.13 0.28 0.00 0.26 0.00 0.00 0.00
Miconia ligustroides MicLig 0.22 0.13 0.13 0.28 0.17 0.26 0.00 0.00 0.00
Miconia pepericarpa MicPep 0.22 0.13 0.13 0.25 0.15 0.24 0.00 0.00 0.00
Miconia sp.1 MicSp1 0.22 0.13 0.13 0.07 0.06 0.07 0.00 0.00 0.00
Morpho sp. 1 MorSp1 0.22 0.13 0.13 0.07 0.06 0.07 0.00 0.00 0.00
Morpho sp. 2 MorSp2 0.11 0.00 0.13 0.28 0.00 0.26 0.00 0.00 0.00
Morpho sp. 3 MorSp3 0.11 0.00 0.13 0.28 0.00 0.26 0.00 0.00 0.00
Morpho sp. 5 MorSp5 0.11 0.00 0.13 0.21 0.00 0.19 0.00 0.00 0.00
Morpho sp. 6 MorSp6 0.11 0.00 0.13 0.28 0.00 0.26 0.00 0.00 0.00
Morpho sp. 7 MorSp7 0.33 0.25 0.13 0.28 0.17 0.26 0.04 0.02 0.00
Morpho sp. 8 MorSp8 0.22 0.00 0.25 0.28 0.00 0.28 0.01 0.00 0.02
Morpho sp. 9 MorSp9 0.44 0.25 0.25 0.29 0.17 0.28 0.03 0.01 0.02
Myrtaceae sp.1 MyrSp1 0.11 0.00 0.13 0.28 0.00 0.26 0.00 0.00 0.00
Myrtaceae sp.2 MyrSp2 0.44 0.25 0.25 0.35 0.23 0.33 0.12 0.07 0.12
Psidium sp. PsidSp 0.56 0.38 0.25 0.29 0.21 0.23 0.04 0.05 0.04
Rubus sp.1 RubSp1 0.22 0.13 0.13 0.07 0.06 0.07 0.00 0.00 0.00
Rubus sp.2 RubSp2 0.11 0.13 0.00 0.21 0.05 0.00 0.00 0.00 0.00
Sabicea brasiliensis SabBra 0.11 0.00 0.13 0.25 0.00 0.24 0.00 0.00 0.00
Solanum sp. SolaSp 0.22 0.13 0.13 0.23 0.16 0.23 0.00 0.00 0.00
Tocoyena cf. formosa TocFor 0.11 0.00 0.13 0.07 0.00 0.07 0.00 0.00 0.00
Vismia cf. brasiliensis VisBra 0.11 0.00 0.13 0.28 0.00 0.26 0.00 0.00 0.00
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modules of the multilayer networks and each layer separately 
(betweenness). Therefore, they may be ‘dual keystones’, i.e. 
at the same time mutualistic keystones and reverse keystones 
(sensu Cottee-Jones and Whittaker 2012). This entangle-
ment suggests that it may be impossible to understand the 
extent of ecological and evolutionary pressures exerted by 
frugivores on plants if one looks only at their mutualistic or 
antagonistic components. Few studies have tried to formally 
apply the concept of keystone species to multispecies systems 
at the community level or beyond (Mouquet et al. 2013).

Several open questions remain. The positive and negative 
effects of those small mammals on large-seeded plant species 
in the study area, as opposed to the smaller-seeded ones we 
focused on, remain to be elucidated. As our study was based 
only on fecal samples, only small-seeded plants were con-
sidered in the network, and large-seeded species were likely 
to have been destroyed before being swallowed. The overlap 
between mutualistic and antagonistic layers formed between 
plants and frugivores may only be detectable in small-sized 
seeds. Large seeds provide a better reward for granivores than 
do small seeds, and so they tend to be chewed more often 
than small seeds (DeMattia et al. 2004). On the other hand, 
small seeds are usually contained in fruits whose reward is 
the pulp itself (Mello et al. 2005). Therefore, further studies 
need to include the fate of large seeds to accurately determine 
the role of nonvolant mammals as seed predators, and they 
should also assess how changes in the underlying conditions 
make the balance between positive and negative interactions 
vary in space and time (as proposed by Chamberlain et al. 
2014).

In summary, we have shown complex outcomes in a 
tropical, species-rich, plant–frugivore multilayer network. 
Our results suggest that assigning species roles in plant–
frugivore networks in the absence of seed viability estimates 
can be misleading, and that while individual interaction 
events can be labelled as mutualistic or antagonistic, species-
level labeling is not accurate. The duality of outcomes in 
fruit–frugivore interactions should be also taken into account 
when planning for habitat restoration using network theory 
as a tool (Kaiser-Bunbury and Blüthgen 2015, Howe 2016), 
as the ratio of negative and positive interactions in a sec-
ond-growth system may influence the speed of its recovery 
(Young et al. 2005, Devoto et al. 2012). In recognition of 
some shortcomings of the dominant approach of analyz-
ing only one interaction type in each network at a time 
(Howe 2016, Ruggera et al. 2016), the framework provided 
by multilayer networks opens a new avenue for research. It 
has the potential to increase the value of network theory for 
understanding interaction complexity.
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dispersed and destroyed seeds of the same plant species, thus 
acting as both mutualists and antagonists at the community 
level. In a case like this, terming a species a seed disperser 
or seed destroyer is clearly an oversimplification of its dual 
functional role. Below, we discuss the theoretical implications 
of this duality within ecological networks.

We have described for the first time the duality between 
mutualistic and antagonistic linkages in a species-rich  
plant–frugivore network based on empirical data. The fact 
that mutualists inflict costs on their partners is not a new 
idea. For instance, yucca moths both pollinate flowers 
and consume some of the seeds initiated by their actions 
(Bronstein 2001), and caching rodents eat a significant por-
tion of the seeds they disperse (Grenha et al. 2010, Jansen 
et al. 2012). The novelty of our study is that we treat these 
antagonistic elements not just as costs of mutualism, but 
as distinct interactions that link networks in ways that are 
subtly different from the links that are beneficial.

Assessing the viability of seeds collected from small 
mammal feces is extremely difficult (see different approaches 
in Traveset and Verdú 2002, Traveset et al. 2016, Sahley 
et al. 2016, Campos et al. 2017). The tetrazolium test used 
here, which has largely been used in agriculture rather 
than in community ecology, is an efficient tool to access 
an important component of seed dispersal quality (Schupp 
et al. 2010). In particular, it helps disentangle positive and 
negative interactions between frugivores and plants. Note, 
however, that we did not track seed fate after dispersal. It 
is well-known that many seeds land in sites that do not 
foster germination and establishment (Levin et al. 2003). 
As a consequence, the number of potentially positive inter-
actions was very likely overestimated in our study. On the 
other hand, the number of seeds that were nonviable for 
reasons other than the actions of consumers, as well as the 
number of seeds killed by chewing, might have been under-
estimated, as we did not assess seed viability in fresh fruits 
before the interaction with small mammals, and did not 
carry out viability tests on seeds with clear marks of external 
physical damage. Therefore, our conclusions are not invali-
dated by those limitations, since we clearly show contrasting 
interaction outcomes involving from the same species pairs. 
We argue that including an estimate of quality treatment in 
the gut (sensu Schupp et al. 2010) is fundamental to disen-
tangling species’ functional roles in ecological networks (see 
also Ballantyne et al. 2015). Our data suggest a previously 
unrecognized complexity in plant–frugivore networks and 
highlight the need to downscale from species- to individual-
level labeling in ecological interactions (Tur et al. 2015).

The importance of this duality extends even further. 
It has been recently proposed that central species are the 
mutualistic keystones of plant–frugivore networks (Mello 
et al. 2015). Here we show that some of those potential 
keystones may also serve as bridges that connect antagonis-
tic and mutualistic ‘small worlds’. For instance, two marsu-
pials (Didelphis aurita and D. albiventris) and two rodents 
(Cerradomys subflavus and Necromys lasiurus) had high cen-
trality vectors that demonstrate their important roles as both 
mutualists and antagonists, in terms of the number of plants 
with which they interact (normalized degree), how similar 
their interaction sets are to the interaction sets made by other 
species (closeness), and how strongly they bind different 
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 2 

Introductory paragraph 25 

How are ecological systems assembled? Here, we aim to contribute to answering this question by 26 

harnessing the framework of a novel integrative hypothesis. We shed light on the assembly rules 27 

of a multilayer network formed by frugivory and nectarivory interactions between bats and 28 

plants in the Neotropics. Our results suggest that, at a large scale, phylogenetic trade-offs 29 

separate species into different layers and modules. At an intermediate scale, the modules are also 30 

shaped by geographic trade-offs. And at a small scale, the network shifts to a nested structure 31 

within its modules, probably as a consequence of resource breadth processes. Finally, once the 32 

topology of the network is shaped, morphological traits related to consuming fruits or nectar 33 

determine which species are central or peripheral. Our results help understand how different 34 

processes contribute to the assemblage of ecological systems at different scales, resulting in a 35 

compound topology. 36 

 37 

Introduction 38 

Since Darwin’s “tangled bank” metaphor1, one of the most important quests in ecology has been 39 

to unveil the assembly rules of ecological systems2. Different study models have been used in an 40 

attempt to generate unifying principles, from sets of species (i.e., communities3) to systems 41 

formed by species interactions (i.e., networks4). Knowing those rules is crucial for understanding 42 

the architecture of biodiversity5, restoring degraded environments6, and controlling emerging 43 

diseases7, among other applications. However, identifying those rules remains one of the main 44 

unsolved challenges in ecology8.  45 
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 3 

Major advances in network science have shed light on some assembly rules that govern 46 

interaction systems9–11. These breakthroughs permitted the ecological and evolutionary analysis 47 

of monolayer networks formed by a single interaction type. Since then, there has been much 48 

debate concerning the prevalent topology among interaction networks (nested or modular) and 49 

which processes should generate those patterns (niche or neutral). Early evidence suggested that 50 

antagonistic networks should be predominantly modular, while mutualistic networks should be 51 

nested12. However, recent studies suggest that those topological archetypes are not exclusive to 52 

particular interaction types13, may occur in combination14, and depend on geographic and 53 

phylogenetic scales15.  54 

A novel conceptual framework, termed “the integrative hypothesis of specialization” 55 

(IHS16), proposes that a balance between trade-offs17 at larger scales and resource breadth 56 

processes18 at smaller scales shapes host-parasite networks. The IHS, in its updated form19, is 57 

based on premises that can be extrapolated from parasites to consumers in general: (i) types of 58 

resources differ in their ability to be exploited by consumers; (ii) resources are more different 59 

from one another at larger than smaller scales; and (iii) an adaptation to exploit a resource helps 60 

exploit similar resources but becomes a maladaptation to exploit dissimilar resources.  61 

Using the framework from the IHS and new models of multilayer networks20, here we 62 

aimed to understand the assembly rules of a system formed by bats and plants that interact with 63 

one another through frugivory and nectarivory in the entire Neotropical region. From the IHS, 64 

we deduced that different processes should shape the bat-plant network at different scales. If this 65 

is true, firstly, there should be strong phylogenetic and geographic trade-offs in the network 66 

studied, as it contains two interaction types and high phylogenetic diversity (one large bat family 67 

and several plant families21), distributed over an entire biogeographic region. These trade-offs 68 
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should lead to strongly separated layers (large scale) and modules (intermediate scale). However, 69 

within the modules (small scale) resource breadth processes should lead to a nested structure, 70 

resulting in a compound topology: a modular network with modules internally nested. Secondly, 71 

considering that some bat species are able to feed both on fruits and nectar22, different 72 

organismal traits related to those diets22,23 should thus determine the relative importance of 73 

different bat species for the structure of each layer and for bridging layers.  74 

Our results support the IHS as a good model to explain the topology of interaction 75 

networks. They also provide the first evidence of a compound topology in multilayer networks, 76 

with different processes operating at different scales. 77 

 78 

Results 79 

The Neotropical bat-plant multilayer network analyzed here (Fig. 1a) is hyper-diverse and 80 

massive. It is composed of 439 plant species, 73 bat species, 911 links of frugivory, 301 links of 81 

nectarivory, and 18 dual links (i.e., links of both frugivory and nectarivory between the same bat 82 

and plant species). The frugivory layer contains 307 plant species and 56 bat species, while the 83 

nectarivory layer contains 139 plant species and 39 bat species. The 18 dual links were made 84 

between 10 bat species and 8 plant species. 85 

As predicted, the studied network showed a compound topology (Table 1, Fig.1b). The 86 

modularity score for the whole multilayer structure (M = 0.53, Zfree = 49.18, P <0.001) was much 87 

higher than expected by the free null model, which does not consider the network’s modular 88 

structure (see Methods for explanations of the null models). The same was observed for the 89 

frugivory (M = 0.48, Zfree = 44.44, P <0.001) and nectarivory layers, respectively, using the free 90 
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null model (M = 0.63, Zfree = 24.94, P <0.001). In contrast, the entire multilayer structure was 91 

slightly nested (NODF = 0.18, Zfree = 4.72, Pfree< 0.001), as well as the frugivory (NODF = 0.29, 92 

Zfree = 7.12, Pfree < 0.001) and nectarivory layers (NODF = 0.16, Zfree = 2.39, Pfree < 0.013). In 93 

other words, the studied multilayer network is both modular and nested at the same time, but the 94 

modular structure is stronger than the nested structure at larger scales.  95 

Corroborating this result, nestedness between species of different modules (NODFDM) 96 

was lower than expected by the free null model in the nectarivory layer and the multilayer 97 

network but, interestingly, equal to the expected value in the frugivory layer. This result suggests 98 

that the modules impose greater constraints to nectarivory than to frugivory interactions. 99 

Furthermore, nestedness in general (NODF), between species of the same module (NODFSM), 100 

and between species of different modules (NODFDM) was higher than expected considering the 101 

modular structure of the multilayer network and its layers. The exception was the nectarivory 102 

layer, in which species of different modules (NODFDM) show higher nestedness than expected 103 

given the modules. 104 

Geographic co-occurrence and phylogeny of bat species were also important predictors of 105 

the network’s compound structure. Most bat species analyzed have small geographic ranges, 106 

while a few are broadly distributed. The species with the smallest range was Lonchophylla 107 

bokermanni (23,309 km2), whereas the species with the largest range was Sturnira lilium 108 

(17,327,789 km2). Mantel tests found no correlation between the geographic co-occurrence and 109 

phylogenetic distances of bat species, which means that these bat clades are distributed in the 110 

Neotropical Region independently of their evolutionary origin (Figure 2a). Though we found a 111 

strong phylogenetic signal in the modules of the network (intermediate scale) we did not find 112 

such signal in the interactions within the modules (small scale). Nevertheless, the contrary was 113 
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true for the geographic signal: it is strong at the scale of within-module interactions, but very 114 

weak in the modules (Figure 2a). We found these same general trends (Figure 2b-c) when we 115 

used partial Mantel tests to discount for mutual effects between the structuring factors and the 116 

scales. 117 

There was dependence between modules and interaction types (c2 = 554.33, N = 12, P < 118 

0.001), which means that some modules are formed mainly by nectarivorous bats and others by 119 

frugivorous bats. Additionally, we detected a phylogenetic signal in layer composition (Figure 120 

2d), where some bat clades are preferentially nectarivorous while others are preferentially 121 

frugivorous, which corroborates the structuring power of phylogeny at a large scale. Then, 122 

because of the dependence between layers and modules, we tested and confirmed that the 123 

phylogenetic signal in the modules remains even when discounting the correlation with the 124 

layers (Figure 2d). We conclude that phylogeny structures the layers of the network (large scale) 125 

and the modules inside each layer (intermediate scale), and geographic co-occurrence structures 126 

the interactions within each module (small scale). Finally, there was no phylogenetic signal in 127 

bridge species, which make both interactions of frugivory and nectarivory (r = 0.04, Z = 0.75, P 128 

= 0.21). 129 

Few centrality metrics presented significant correlations with one another, whereas most 130 

were only weakly correlated or not correlated (Supplementary Results 1). Centrality varied 131 

largely among all species. It varied also between layers in the case of bridge species (Figure 3). 132 

For these bridge species, there was no relationship between degree, betweenness centrality, 133 

closeness, or eigenvector centrality across layers (all P > 0.05, Table 2, Supplementary Results 134 

2). However, bat species with larger degree, betweenness centrality, and eigenvector centrality in 135 

the frugivory layer had higher probabilities of being bridge species (all P < 0.05, Table 2, 136 
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 7 

Supplementary Results 2). In the nectarivory layer, none of the centrality metrics explained the 137 

probability of a species being a bridge between layers. 138 

Geographic range size did not affect the centrality of bat species. Among the 139 

morphological attributes, body size and bite force were the most important predictors of species’ 140 

centrality. For the frugivory layer, the latent variable analysis (N = 16, df = 29) indicated that 141 

eigenvector decreased with body size (coefficient = -0.524, P = 0.003), increased with bite force 142 

(coefficient = 1.585, P < 0.001), and was not explained by the other latent and indicator variables 143 

(Fig.4a). For the nectarivory layer (N = 15, df = 29), eigenvector increased with body size 144 

(coefficient = 1.268, P < 0.001), decreased with bite force (coefficient = -1.841, P < 0.001), and 145 

was not explained by the other variables (Fig.4b). For dual interactions, the model could not be 146 

calculated due to the small number of observations. Finally, considering the entire multilayer 147 

structure and a multilayer version of centrality (N = 18, df = 29), eigenvector increased with bite 148 

force (coefficient = 0.517, P = 0.013), and was not explained by the other variables (Fig.4c). 149 

 150 

Discussion 151 

Our analysis of a continent-wide multilayer interaction network shows that, in order to build a 152 

complex ecological system, a combination of processes operating at different scales is needed. 153 

This finding supports the integrative hypothesis of specialization (IHS16,19), which we here 154 

extend from parasite-host to plant-animal interactions. 155 

Firstly, at large and intermediate scales, phylogenetic and geographic trade-offs generate 156 

a multilayered and modular structure. After the influence of those trade-offs, at a small scale, the 157 

modules of the network are internally nested and shaped first by geographic trade-offs. For 158 
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sympatric species, this nested structure is probably a result of resource breadth processes18, 159 

neutral processes related to differences in abundance24, or universal processes observed in 160 

different kinds of complex networks such as preferential attachment25. Scale-dependence has 161 

been pointed out as a critical issue in biodiversity research26 and here we show that the same is 162 

true for species interactions. Secondly, after the network is shaped, biological traits determine 163 

how important each species is for the structure of each layer of the network. Those traits 164 

determine also which species bridge the layers by being frugivorous and nectarivorous at the 165 

same time.  166 

Organismal attributes, such as body size and bite force, predict eigenvector centrality in a 167 

manner that is consistent with predictions from ecomorphological theory; species with greater 168 

performance are expected to have access to a broader array of ecological resources27. Bite force 169 

is a whole-organism performance trait that is tightly linked with the physical demands imposed 170 

by diet28. Specialized neotropical frugivores have evolved foreshortened rostra and large jaw 171 

adductors, which allows these species to have exceptionally forceful bites for their size and 172 

consume fruit across a broader hardness spectrum than species that have weaker bite 173 

forces23,29,30. Conversely, an elevated bite force is not a feeding performance requirement for 174 

nectarivores, to whom an elongated skull and thus weaker bite forces, and a larger body size may 175 

be an advantageous trait for accessing a broader array of flower sizes and types31. 176 

Our results suggest that the dilemma of identifying the predominant topology among 177 

interaction networks (nested or modular) creates a false dichotomy. This interpretation is 178 

supported not only by our results, but by evidence from other recent studies14,15,32, which 179 

highlight that modularity and nestedness are states along a continuum3. Ecologists foresaw this 180 

continuum for interaction networks in the past14, and it seems applicable to other types of 181 
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ecological systems, such as communities and metacommunities3,33. The IHS provides us with a 182 

mechanistic model that predicts this compound topology16,19. In addition, the evidence provided 183 

here also corroborates the importance of biological traits to the hierarchy of centrality in 184 

interaction networks34,35. 185 

In conclusion, we found evidence that to build a continent-wide, hyper-diverse interaction 186 

network, we need different processes operating at different scales. Our findings integrate 187 

different debates in the ecological and parasitological literatures, and may also help understand 188 

the emergence of hierarchical structures in other complex systems, such as social and economic 189 

networks36. 190 

 191 

Methods 192 

Data set 193 

The data set used in the present study came from the Bat-Plant Interaction Database37, which was 194 

partially published in a book on seed dispersal by bats38, and was later updated and used in other 195 

studies on ecological networks34. In the present study, we added new data on bat-flower 196 

interactions collected by the authors in Mexico, Costa Rica, and French Guiana, which were 197 

published in different papers. The list of data sources is presented in Supplementary Table 1. 198 

 199 

Network building 200 

The original studies from which we sourced the bat-plant interaction data used a myriad of 201 

methods, ranging from mist-netting to roost inspection and direct observation. In addition, these 202 

studies varied in their focus, from single bat species or plant families, to whole bat-plant 203 
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ensembles at a local scale39. Therefore, we decided to use binary data (i.e., presence or absence 204 

of interactions) to build the multilayer network, as it would be very complicated to integrate and 205 

standardize frequency data from different methods collected at different taxonomic scales. 206 

Furthermore, binary data are more adequate to assess fundamental ecological niches40,41, which 207 

is the case of our study. The multilayer network was compiled at the scale of the whole 208 

Neotropical Region. Henceforth, its nodes represent interactions across the entire geographic 209 

range of species of bats and plants, and not just single local populations. Its binary links (edges) 210 

thus represent dimensions of the fundamental niches of those species, and not their local realized 211 

niches. 212 

On each layer of the network a bat species and a plant species were connected to each 213 

other by a link, whether an interaction of frugivory or nectarivory between them had been 214 

recorded in the wild. Several species make links of both types, and thus belong to both layers of 215 

the network. We call these “bridge species”. Furthermore, a few bat and plant species were 216 

connected to one another in both layers, making what we call here “dual links”. In other words, 217 

some bat species are both seed dispersers and pollinators of the same plant species. 218 

Consequently, the multilayer network contained two types of links: frugivory and nectarivory. 219 

Those link types were modeled as interconnected layers in the format of an edge list 220 

(Supplementary Data 1). See also Supplementary Methods 1, where we explain how the 221 

multilayer structure was modeled. Full Latin names of bats and plants are presented in 222 

Supplementary Data 1. Network science terms used here are explained in detail in 223 

Supplementary Table 2. 224 

 225 

Compound topology 226 
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Compound topology analysis 227 

To test whether each layer and the aggregated network were formed by internally nested modules 228 

(compound topology, sensu14), we used a recently proposed protocol19, which is based on the 229 

following steps.  230 

Step 1, find the best partition of a network and compare its modularity score to that 231 

expected by a given null model of interest42. Step 2, compute the nestedness (NODF) of the entire 232 

network and disentangle it into two components: nestedness between pairs of species of the same 233 

module (NODFSM) and nestedness between pairs of species of different modules (NODFDM). Step 234 

3, compare the observed values of NODFSM and NODFDM to their values expected both in the 235 

absence (free null model) and in the presence (restricted null model) of the modular structure.  236 

In a modular network, NODFSM should be higher than expected when interactions are 237 

reshuffled regardless of the modular structure, i.e., following the free null model. The reason is 238 

that connectance of areas within the modules of the null matrices will be smaller than that of the 239 

real matrix, and NODF increases monotonically with connectance43. Therefore, to test whether 240 

interactions are more nested than expected given the modular structure, we compared the observed 241 

NODFSM and NODFDM to the values expected by a null model that conserves the modular structure 242 

(i.e., keeps the observed connectance values within and between modules in the null matrices).  243 

 244 

Null models 245 

On the one hand, the free null model produces null matrices of the same size, 246 

connectance, and species relative degrees. On the other hand, besides size, connectance, and 247 

relative degrees, the restricted null model also conserves the modular structure of the original 248 
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matrix when generating the null matrices. This is made by weighting the a priori probability of 249 

interaction among species Ci and resource Rj (Pij) by the connectance of the matrix sub-area to 250 

which the cell Mij belongs19.  251 

For each layer, and the aggregated network, we generated 1,000 random matrices using 252 

the free null model and another 1,000 matrices using the restricted null model. Next, for each 253 

random matrix, we computed its overall NODF and decomposed it into NODFSM and NODFDM 254 

using the observed partitions of their corresponding real network. Finally, a Z-score was 255 

calculated as Z = [Valueobs – mean(Valuesim)] / σ(Valuesim), where Valueobs is the observed value 256 

of the metric and Valuesim represents the values of the metric in the randomized matrices. 257 

Observed and expected modularity values were also compared using Z-scores, but only for the 258 

free null model, as it does not make sense to compare observed and expected modularities with a 259 

null model that fixes the modules. 260 

 261 

Geographic and phylogenetic signals 262 

We used a combination of analyses to detect the signals of the geographic distribution and of the 263 

phylogeny of bats at different scales of the multilayer network. In this analysis, we used only the 264 

bat species that belong to the main component of the network, whose distribution data were 265 

available in the IUCN red list global assessment (65 bat species). First, we computed five 266 

pairwise distance matrices for bat species: phylogenetic, geographic, interactions, modules, and 267 

layers. 268 

To generate the phylogenetic distance matrix, we used the branch lengths in the most up-269 

to-date, species-level phylogeny of phyllostomids44 (for 8 bat species not presented in the 270 
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phylogeny we used an alternative approach, see Supplementary Methods 2). For the pairwise 271 

geographic distances, we used a measure of the overlap in the distribution of bat species 272 

recovered from IUCN databases. Interaction, module, and layer pairwise distances were 273 

calculated based on Jaccard Index (for details, see Supplementary Methods 2).  274 

To test the signals, we performed a combination of Mantel and partial Mantel tests, and 275 

used the Z-Score as a measure of effect size (observed correlation minus the average correlation 276 

in randomized matrices, divided by the standard deviation). We tested the dependence between 277 

modules and layers of the network using a chi-squared test of independence. Lastly, we used a 278 

Mantel test to test for a phylogenetic signal in bridge species. 279 

 280 

Centrality and biological traits 281 

We assessed the relative importance of each bat species to the structure of each layer or the entire 282 

multilayer network through the centrality metrics degree, closeness centrality, betweenness 283 

centrality, complementary specialization, within-module degree, participation coefficient, and 284 

eigenvector centrality. For details on their definition and calculation, see Supplementary Methods 285 

1. 286 

Using generalized linear models (GLMs) based on a quasi-Poisson distribution of errors, 287 

we tested whether the centralities of bat species in the frugivory and the nectarivory layers were 288 

correlated with one another. All models were checked for over- and sub-dispersion, and then tested 289 

with an analysis of variance (ANOVA). 290 

To test for a correlation between centrality indices of bat species in each layer (frugivory 291 

and nectarivory) and the probability of a bat being a bridge species between the layers, we also 292 
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used generalized linear models (GLMs). Since the response variable was binary (bridge species: 293 

yes or no), we used a binomial distribution of errors in those GLMs. We checked all models for 294 

overdispersion, and then tested them with a chi-squared test. These two first sets of statistical tests 295 

were conducted in R, using the package lme445 (see Supplementary Results 2). 296 

To test the relationship between body size, skull morphology, feeding performance, 297 

geographic range size, and centrality, we used a dataset on morphometric and performance traits 298 

of phyllostomid bats for the whole Neotropics, compiled by R. Stevens and S. Santana from 299 

published studies23,29,46. This dataset spans a large variety of morphometric and feeding 300 

performance traits, which were collected from wild animals and museum specimens using 301 

standardized methods29. As many of these are strongly correlated with one another, we relied on 302 

previous studies to select traits considered most relevant to feeding function in the context of 303 

frugivory and nectarivory (see Supplementary Results 1). 304 

In relation to organismal traits, species with larger geographic range size are expected to 305 

have broader diets within their trophic niches (e.g., frugivory or nectarivory), as they cannot rely 306 

on specialized diets all over their distribuition47,48. Animals with larger body size are expected to 307 

have broader diets, as they have higher energy requirements than small-bodied animals34,49. 308 

Frugivorous bats are expected to bite more forcefully than nectarivorous bats, considering 309 

differences in hardness between solid and liquid diets29. Skull morphology is another important 310 

trait related to diet in bats, as frugivorous species tend to have shorter and broader skulls than 311 

nectarivorous species22.  312 

As there should be complex direct and indirect paths of influence among body size, 313 

dietary morphology and performance, geographic range size, and centrality, we used a latent 314 

variable analysis (LaVaAn) to disentangle these relationships. In all models, the response 315 
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variable, eigenvector centrality (eg.), was determined by three latent variables: body size (Siz), 316 

bite force (Bit), and skull morphology (Skl), and one single indicator: geographic range size 317 

(rng). The latent variable body size was composed of the exogenous variables body mass (Mss) 318 

and forearm length (Frr). The latent variable Bit was composed of the exogenous variables 319 

length of maxillary toothrow (LMT), breadth across upper molars (BUM), and maximum bite 320 

force (MBF). The latent variable Skl was composed of the exogenous variables breadth of 321 

braincase (BOB) and greatest length of skull (GLS). We built four similar models: one for the 322 

frugivory layer, one for the nectarivory layer, one for dual interactions (i.e., the same bat and 323 

plant species connected to one another in both layers), and one for the entire multilayer. 324 

As not all bat species participate in both layers of the network, the sample size (N) of 325 

each test was smaller than the number of bat species analyzed in the present study. All statistical 326 

tests related to this prediction were carried out in R, using the package lavaan50 (significance 327 

level a = 0.05 for all tests). 328 
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Figures 475 

 476 

Figure 1. The multilayer bat-plant network, built for the entire Neotropical Region based on 477 
interactions of frugivory and nectarivory recorded in the wild, showed a strong separation 478 
between interaction types (layers) and guilds (modules). A. Multilayer graph; the layers represent 479 
interactions of frugivory (blue), nectarivory (orange), and dual interactions (purple, i.e., 480 
interactions of both types between the same bat and plant species). Bat species are represented as 481 
squares, plant species as circles, and interactions as lines. Node colors represent modules 482 
detected in the network using the DIRT_LPAwb+ algorithm. B. Multilayer matrix; bat species 483 
are represented in the rows, plant species in the columns, and filled cells represent interactions 484 
(same colors as in the graph); boxes represent the modules found. See the full-sized graph with 485 
species labels in Supplementary Data 1.  486 
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 487 

Figure 2. Phylogenetic (Phy) and geographic (Geo) signals at different scales of the multilayer 488 

network: interactions (Int) (small scale), modules (Mod) (intermediate scale), and layers (large 489 

scale). A. Results of Mantel tests for all the correlations between bat distances in phylogeny, 490 

geographic co-occurrence, interactions, and modules. B. We used partial Mantel tests to discount 491 

the mutual effects between phylogeny and geographic co-occurrence; therefore, when testing 492 

geographic signals at each scale, we conditioned the correlation on the phylogenetic distance, and 493 

vice-versa. C. We used partial Mantel tests but conditioning the correlations with distances in one 494 

scale on the distances in the other scale. D. We used a Mantel test to assess a phylogenetic signal 495 

in the layers of the network and then used a partial Mantel test to test the phylogenetic signal in 496 

the modules accounting for the distance between layers. Arrows in black represent significant 497 

correlations and in gray, non-significant correlations. Arrow width scaled by Z-scores. In partial 498 

Mantel tests, the crossed circle with a letter inside indicates on which distances the correlation 499 

tested (arrow) was conditioned (geographic – G, phylogenetic – P, modules – M, or interactions – 500 

I).  501 
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 502 

Figure 3. The centrality metrics varied largely in the same species between layers of the network 503 

(frugivory and nectarivory). Each axis of each spider chart represents a centrality metric calculated, 504 

and its original range of variation. Different bat species are represented by different colors. Only 505 

the most central species that occurred in both layers are presented here. Species codes were made 506 

using the first three letters of the genus and the first three letters of the epithet (e.g., Carper = 507 

Carollia perspicillata). See binomial nomenclature in Supplementary Data 1.  508 
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 509 

Figure 4. The eigenvector centrality (Eigen) of a bat species was determined by a combination 510 
of biological traits (indicators) related to morphology (the latent variables: Skull, Bite, Size) and 511 
geographic range size (Range). A bat species was more central in the frugivory layer, when it 512 
had a strong bite force (Bite) and small body (Size). In the nectarivory layer, larger bats (Size) 513 
with weak bite force (Bite) were the most central. In the complete multilayer structure, only bite 514 
force (Bite) was positively related to centrality. Numbers on the lines are the standardized 515 
coefficients of each path, and line thickness was drawn proportionally to this coefficient only for 516 
the latent variables (Skull, Bite, Size) and single indicator variable (Range). Significance was 517 
estimated only for those main variables. See full indicator names in Supplementary Results 1  518 
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Tables 519 

Table 1. The multilayer network presented a compound topology, with a modular structure that 520 

comprises internally nested modules. Scores of modularity (M) and nestedness (NODF) for the 521 

entire multilayer matrix and its layers, including NODF scores calculated between species of the 522 

same module (sm) and of different modules (dm). The scores were calculated for the studied 523 

matrix (Obs), and also randomized according to the free and restricted null models. P-values (P) 524 

were estimated based on a Monte Carlo procedures run for each null model (1,000 iterations), 525 

which lead to expected scores (E) and Z-scores (Z). The free null model randomizes the entire 526 

matrix, whereas the restricted null model conserves its modular structure. We did not run the 527 

fixed null model for modularity. All scores were standardized varying from 0 to 1. Significance 528 

level (a): 0.05. 529 

  Obs Efree Zfree Pfree Erest Zrest Prest 
Frugivory layer        
Mod 0.48 0.35 44.45 0.001 NA NA NA 
NODF 0.29 0.22 7.00 0.001 0.23  6.44 0.001 
NODFsm 0.60 0.19 34.69 0.001 0.43 8.37 0.001 
NODFdm 0.23 0.22 0.92 0.179 0.19 4.04 0.002 
Nectarivory layer        
Mod 0.63 0.47 24.95 0.001 NA NA NA 
NODF 0.16 0.13 2.39 0.013 0.13 3.02 0.003 
NODFsm 0.55 0.13 37.41 0.001 0.35 8.41 0.001 
NODFdm 0.09 0.13 -4.82 0.999 0.09  -0.56 0.710 
Multilayer        
Mod 0.53 0.38 49.18 0.001 NA NA NA 
NODF 0.18 0.15 4.73 0.001 0.15 6.14 0.001 
NODFsm 0.55 0.14 53.32 0.001 0.40 8.85 0.001 
NODFdm 0.13 0.15 -2.23 0.994 0.11 3.58 0.001 
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Table 2: The centrality of a bat species on one layer of the network did not predict its centrality 531 
on the other layer. However, the higher the centrality of a bat species in the frugivory layer, the 532 
higher its probability of being a bridge species (i.e., making interactions on both the frugivory 533 
and the nectarivory layers). Relationships between centrality metrics calculated in different 534 
layers of the network using GLMs. Significant P-values are highlighted in boldface. Significance 535 
of the models of the set 1 was estimated using F tests, while for the sets 2 and 3 we used χ² tests. 536 

Model df deviance F P 

1. Centralities vs. layers     

ndeg.frug ~ ndeg.nect 20 0.027 0.269 0.610 

bet.frug ~ bet.nect 20 0.003 0.033 0.857 

clo.frug ~ clo.nect 20 0.002 2.208 0.153 

eig.frug ~ eig.nect 20 0.018 4.870 0.832 

2. Bridge species vs. frugivory     

ndeg ~ bridge 54 12.607  0.000 

bet ~ bridge 54 16.125  0.000 

clo ~ bridge 54 1.119  0.290 

eig ~ bridge 54 14.940  0.000 
3. Bridge species vs. nectarivory    

ndeg ~ bridge 41 0.073  0.787 

bet ~ bridge 41 0.858  0.354 

clo ~ bridge 41 1.759  0.185 

eig ~ bridge 41 0.002   0.963 
Legend: ndeg = normalized degree, bet = betweenness, clo = closeness, eig = eigenvector, frug = 537 
frugivory layer, nect = nectarivory layer. Significance level (a): 0.05. 538 
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Supplementary information 540 

Supplementary Data 1. Dataset used to build the multilayer network, including an R code for 541 

drawing it. Available on GitHub: https://github.com/marmello77/mello-etal-2018-SD1.  542 

Supplementary Table 1. References used to build our dataset on bat-plant interactions in the 543 

Neotropics. 544 

Supplementary Table 2. A small dictionary of network science.  545 

Supplementary Methods 1. Details on the calculation of centrality and the definition of the 546 

multilayer structure and the calculation of multilayer versions of the main centrality metrics. 547 

Supplementary Methods 2. Phylogenetic and geographic signals. 548 

Supplementary Results 1. Correlograms of centrality for each layer of the network (A: frugivory, 549 

B: nectarivory, and C: dual) and for the multilayer network (D). 550 

Supplementary Results 2. Correlations between centrality metrics between layers. Trend lines are 551 

presented only for statistically significant relationships. (a) Correlations between three centrality 552 

metrics between layers for bat species that make interactions of frugivory and nectarivory. (b) 553 

Relationship between the centrality of bat species in the frugivory layer and the probability of 554 

being a bridge species (i.e., making dual links with the same plant species). (c) Relationship 555 

between the centrality of bat species in the nectarivory layer and the probability of being a bridge 556 

species (i.e., making dual links with the same plant species). 557 
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Abstract 13 

The architecture of interaction networks has been extensively studied in the past 14 

decades, and different topologies have been observed in natural systems. Despite 15 

several phenomenological explanations proposed, we still understand little of the 16 

mechanisms that generate those topologies. Here we present a mechanistic model based 17 

on the integrative hypothesis of specialization, which aims at explaining the emergence 18 

of topology and specialization in consumer-resource networks. By following three first-19 

principles and adjusting five parameters, our model was able to generate synthetic 20 

weighted networks that show the main patterns of topology and specialization observed 21 

in nature. Our results prove that topology emergence is possible without network-level 22 

selection. In our simulations, the intensity of trade-offs in the performance of each 23 

consumer species on different resource species is the main factor driving network 24 

topology. We predict that interaction networks with low species diversity and low 25 

dissimilarity between resources should have a nested topology, although more diverse 26 

networks with large dissimilarity should have a compound topology. Additionally, our 27 

results highlight scale as a key factor. Our model generates predictions consistent with 28 

ecological and evolutionary theories and real-world observations. Therefore, it supports 29 

the IHS as a useful conceptual framework to study the architecture of interaction 30 

networks. 31 

Keywords: Ecological interactions; interaction networks; consumer-resource networks; 32 

network topology; nestedness; modularity; compound topology; specialization; trade-33 

offs; 34 
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2 

 

Introduction 36 

In the past decades, network science, by focusing on the structure of entire systems 37 

instead of species, proved to be an outstanding tool for the study of ecological 38 

interactions (Dormann et al. 2017). One persisting controversy in the literature is the 39 

predominant architecture among interaction networks. Two main topologies have been 40 

proposed as almost universal: nested and modular (Fortuna et al. 2010).  41 

Several studies have detected significant nestedness in interaction networks (Bascompte 42 

et al. 2003; Guimarães et al. 2007b). In a perfectly nested network, the links (i.e., 43 

connection between two species in a network) made by species with fewer interaction 44 

partners (i.e., other species to which it is connected) tend to be a subset of the links 45 

made by species with more interaction partners (Bascompte & Jordano 2007), so 46 

interaction overlap is maximum. Nevertheless, several other studies have found a 47 

modular topology in interaction networks. A modular network is composed of 48 

subgroups of densely connected species (Guimerà et al. 2010; Bellay et al. 2011; Watts 49 

et al. 2016).  50 

Contrary to nestedness, modularity is characterized by each node interacting 51 

preferentially with a particular subgroup of nodes, overlap is reduced, and several links 52 

are considered forbidden (e.g., impossible to occur due to trait mismatch, Jordano 53 

2016). Usually, modules are composed of phylogenetically close species (Krasnov et al. 54 

2012) or species that converge in a set of traits (Mello et al. 2011). Despite nestedness 55 

and modularity being logically different topologies (Ulrich et al. 2017) and usually 56 

negatively correlated with one another in empirical ecological networks (Thebault & 57 

Fontaine 2010; Pires & Guimaraes 2012; Trøjelsgaard & Olesen 2013), networks 58 

combining some degree of both have been observed in nature (Olesen et al. 2007; 59 

Bellay et al. 2011; Flores et al. 2013). 60 

Diverse explanations to the emergence of each network topology have been proposed 61 

For instance, interactions driven by abundance (Vázquez et al. 2007), neutrality 62 

(Krishna et al. 2008), and morphological constrains (Stang et al. 2007) for nestedness. 63 

And phylogenetic conservatism (Krasnov et al. 2012), functional complementarity 64 

(Montoya et al. 2015), and trait-matching (Donatti et al. 2011) for modularity. 65 

Interaction intimacy does also seem to play a role in shaping network topology (Hembry 66 

et al. 2018).  67 

Additionally, a recurrent hypothesis is that nestedness should be expected in mutualisms 68 

while modularity should emerge in antagonisms (Thebault & Fontaine 2010). 69 

Nevertheless, several studies found empirical evidence against this hypothesis (Olesen 70 

et al. 2007; Mello et al. 2011; Pires & Guimaraes 2012). Despite a diversity of 71 

phenomenological explanations, we still poorly understand the mechanisms that drives 72 

the establishment of links and so shape network architecture, an issue already pointed 73 

out (Ings et al. 2009), but which still has not been properly addressed. Maybe as a 74 

symptom of this knowledge gap, community-level selection is commonly invoked to 75 
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explain interaction network topology, despite the strong criticism against it in the 76 

evolutionary literature (see Pires & Guimaraes 2012). In the present study, we use a 77 

recent hypothesis to propose a unified mechanism that drives the formation of links and 78 

scales up to shape network topology. 79 

The integrative hypothesis of specialization (IHS), (early called the integrative 80 

hypothesis of parasite specialization, Pinheiro et al. 2016; Felix et al. 2017), is aimed at 81 

explaining the relationship between performance and specialization in consumer-82 

resource interactions (e.g., parasite-host, prey-predator, plant-pollinator). A classical 83 

hypothesis states that, due to trade-offs involved in specialization, generalist consumers 84 

should be outperformed by specialist consumers in exploiting each resource (Futuyma 85 

& Moreno 1988). It is illustrated by the figure of speech “jack-of-all-trades, master of 86 

none”. In this scenario, because of those trade-offs, each consumer species tends to 87 

specialize in one or few resource species, and several interactions are forbidden. Indeed, 88 

some studies have found compelling evidence corroborating this hypothesis in different 89 

systems (Poulin 1998; Muchhala 2007). However, other studies found that generalistic 90 

consumers achieve higher performance in exploiting each resource (Krasnov et al. 91 

2004; García-Robledo & Horvitz 2012). In such cases there is no generalism-92 

performance trade-off and specialization is a sub-optimal state for a consumer. The IHS 93 

was initially proposed as an explanation for this diversity of results. 94 

The main question behind this dilemma is whether the same traits that allow a consumer 95 

species to efficiently exploit a given resource species do also allow it to exploit other 96 

resource species. This tends to be true if the resources are similar to one another, but 97 

false if not (Krasnov et al. 2004). Starting from this perspective, the IHS predicts that 98 

the relationship between consumer’s performance and specialization depends on 99 

resource heterogeneity. However, diverse communities can comprise clusters of similar 100 

resource species, each cluster being highly different from the other. For instance, the 101 

host community studied by Pinheiro et al. (2016) contains several birds species of the 102 

same genus, but also birds of different orders. In such cases of a wide range of resource 103 

dissimilarities, the IHS predicts a multi-scale relationship between performance and 104 

specialization. Considering only a group of similar resources, a “jack-of-all-trades” 105 

consumer tends to be master of all, though, between different clusters of resources the 106 

trade-off is strong (Pinheiro et al. 2016).  107 

In previous studies, we proposed that the same mechanism governing the specialization 108 

vs. performance relationship may drive the architecture of consumer-resource networks 109 

(Pinheiro et al. 2016; Felix et al. 2017). From this perspective, nestedness is the result 110 

of the correlated performances of each consumer on similar resources, although 111 

modularity emerges because of strong trade-offs in performances on dissimilar 112 

resources. Therefore, the IHS predicts that subnetworks that represent phylogenetic or 113 

taxonomic subsets of complete systems, and thus do not comprise trade-offs, should be 114 

nested. However, in more diverse networks a multi-scale topology should emerge: a 115 

modular structure with internally nested modules. 116 
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This multi-scale architecture was named compound topology, a conceptual archetype 117 

proposed by Lewinsohn et al. (2006) and predicted by Flores et al. (2011). A compound 118 

topology is also a suitable explanation for networks that are nested and modular at the 119 

same time, because in those networks those conflicting topologies would predominate at 120 

different scales, instead of being mixed in the structure (as suggested by Fortuna et al. 121 

2010). Evidence of a compound topology was found in pollination (Bezerra et al. 2009), 122 

bacteria-phage (Flores et al. 2013), and mammal-flea (Felix et al. 2017) empirical 123 

networks, as well as in synthetic networks (Beckett & Williams 2013; Leung & Weitz 124 

2016). Moreover, a pattern of in-block nestedness was found in a large set of 125 

mutualistic and antagonistic networks, which, as far as we can tell, is the same structure 126 

as a compound topology  (Solé-Ribalta et al. 2018). 127 

Here, we propose a new mechanistic model for interaction networks based on the IHS. 128 

Our new model is presented in terms of consumers and resources, so it can help predict 129 

the topology of networks formed by different kinds of interaction, from antagonism to 130 

mutualism. The first-principles of our model are: (i) each resource species has a set of 131 

traits that affect its exploitability by each consumer species, and resource species can be 132 

more or less similar to one another in those traits; (ii) a consumer’s mutation that 133 

enhances its exploitation of a given resource tends to improve the exploitation of similar 134 

resources, but worsen its exploitation of dissimilar resources; and (iii) the capacity of a 135 

consumer to exploit each resource on a given moment is a result of its previous 136 

adaptations and maladaptations. 137 

Following these simple principles, and adjusting a set of five parameters, we tested 138 

whether the IHS model can: (1) reproduce the varied relationships between performance 139 

and specialization of consumers observed in natural systems; (2) reproduce the main 140 

topologies observed in interaction networks, (3) explain the general conditions that 141 

affect the emergence of those patterns, and (4) generate predictions that are consistent 142 

with ecological and evolutionary theories and coherent with real-world observations. 143 

Moreover, our model is aimed to be a proof-of-concept (sensu Servedio et al. 2014) of 144 

the IHS, testing whether its predictions are logically derived from its assumptions and 145 

mechanism. 146 

The IHS model 147 

Core structure   148 

Our model simulates the evolution of consumer species exploiting resource species. It is 149 

species-based and does not account for intraspecific variations. For increased text 150 

fluency, hereafter, we call consumer species “consumers” and resource species 151 

“resources”. Similarly, consumer species richness is referred to as “consumer richness”, 152 

and resource species richness as “resource richness”. 153 

The core of our model consists of two evolving matrices: the innate performance 154 

matrix, and the realized performance matrix. In addition, there are two static inputs: a 155 
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matrix with the pairwise distances between resources, and a vector of resource carrying 156 

capacities (Fig. 1).  157 

Innate performance represents the match between a consumer and a resource. It 158 

summarizes how all characteristics of the consumer (e.g., morphology, physiology, and 159 

behavior) affect its ability to exploit a given resource. When a consumer has a negative 160 

innate performance on a resource, it is incapable of exploiting it. However, when its 161 

innate performance is positive, the consumer exploits the resource (has a realized 162 

performance on it). 163 

The distance between two resources in our model is a measure of how different they are 164 

from consumer’s perspective. Resources are close to one another when they require of 165 

the consumers the same adaptations for an efficient exploitation. For instance, two plant 166 

species, whose fruits have similar shape, size, and consistency, require from frugivorous 167 

birds the same type of beak. Resources are distant from one another when they require 168 

of the consumers opposite adaptations for an efficient exploitation. For instance, two 169 

plant species whose fruits are more easily consumed by, respectively, small-beaked and 170 

large-beaked birds. Because of phylogenetic conservatism, we expect the distances 171 

between resources to mirror the taxonomic and phylogenetic distances between them, 172 

however, convergence may confuse this pattern. 173 

The carrying capacity of each resource limits the overall realized performance of its 174 

consumers. It can be understood as the availability of each resource for consumer 175 

exploitation. In natural systems, we expect abundance, size, and vulnerability (in 176 

antagonisms) or accessibility (in mutualisms) of each resource to be major factors 177 

defining this value. 178 

Each realized performance represents the strength of an interaction effectively made in 179 

a consumer-resource system, therefore it cannot have a negative value. It integrates the 180 

match between consumers and resources (i.e., innate performance) with the limitations 181 

imposed by each resource carrying capacity, as presented in equation 1: 182 

𝑅𝑃𝑖𝑗 =  {

𝐼𝑃𝑖𝑗 

∑ 𝐼𝑃𝑖𝑗
𝑆𝑐
𝑖=1

𝐾𝑗 ,    𝑖𝑓   𝐼𝑃𝑖𝑗 ≥ 0

0,         𝑖𝑓   𝐼𝑃𝑖𝑗 < 0 

      (1)  183 

in which 𝐼𝑃𝑖𝑗 is the innate performance of consumer 𝑖 on resource 𝑗, 𝑅𝑃𝑖𝑗 is the realized 184 

performance of consumer 𝑖 on resource 𝑗, 𝑆𝑐 is consumer richness, and 𝐾𝑗 is the 185 

carrying capacity of resource 𝑗. In other words, consumers that have negative innate 186 

performances on a given resource, have zero realized performance on it. And for 187 

consumers that have positive innate performances on a given resource, the realized 188 

performances are the resource’s carrying capacity divided between these consumers 189 

proportionally to their innate performances. 190 
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Mutation phase 191 

At the beginning of each iteration, a consumer is randomly assigned to evolve. This 192 

consumer, then, is submitted to alternative mutations, one focused on each resource 193 

(focal resource), therefore generating 𝑆𝑟 (resource richness) mutants of the consumer.  194 

Mutations change the innate performance of the assigned consumer on all resources. 195 

The values of those changes are randomly drawn from normal distributions, in which 196 

standards deviations are equal to 0.3 and means are defined by the distance between 197 

each resource and the focal resource of the mutation, as presented in equation 2:   198 

µj = 1 – αjf (2) 199 

in which 𝜇𝑗 is the mean of the normal distribution from which we draw the value of 200 

changes in the innate performance of the assigned consumer on resource j, and 𝛼𝑗𝑓 is 201 

the distance between resource j and the focal resource f. Since the distance of the focal 202 

resource from itself is 0, the focal mutation will be a value randomly drawn from a 203 

normal distribution of mean = 1. Notice that, as a consequence of equation 3, each 204 

mutation probabilistically tends to increase the innate performance of the mutating 205 

consumer on resources with distances from the focal resource above 1 (𝜇𝑗 > 0) and 206 

tends to decrease performances beyond this threshold (𝜇𝑗 < 0).  207 

Selection phase 208 

In the selection phase, following equation 1, the total realized performance of each 209 

mutant consumer is compared with the total realized performance of the original 210 

consumer (before mutations). If at least one mutant present increased total realized 211 

performance, the mutant with the largest total realized performance is selected, 212 

replacing the original consumer in the innate performance matrix for the next iteration 213 

(i.e., evolutionary changes occurred). However, if all mutations result in decreased total 214 

realized performance, the original consumer is selected, and the simulation goes to the 215 

next iteration without evolutionary changes. 216 

End of the simulation 217 

The simulation ends after a pre-defined number of iterations. Then, by applying 218 

equation 1 on the final innate performance matrix, the final realized performance matrix 219 

is generated. This matrix corresponds to the simulated consumer-resource network 220 

(hereafter referred to as “simulated network”). Its contains the information concerning 221 

the consumer and resource species in the network (nodes), the interactions that are made 222 

between those species: consumers exploiting resources (links), and the consumers’ 223 

performance on exploiting each resource (weights). Moreover, as consumers cannot 224 

interact with other consumers, nor resources can interact with other resources, the 225 

simulated network is bipartite (two-mode). 226 
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For a complete example of an iteration of the IHS model, see Fig. S1 in Supporting 227 

Information. 228 

 229 

 230 

Figure 1 – The IHS model. The iteration starts with the assignment of a random consumer that 231 

will evolve. This consumer suffers alternative mutations, each generating a mutant with its own 232 

innate performances on resources. Each mutation is focused on a given resource (focal resource) 233 

but affects the consumer’s innate performance on all resources. The consequence of each 234 

mutation for the consumer’s innate performance on a given resource depends on the distance 235 

between this resource and the focal resource, which is given by the resource species distance 236 

matrix. Then, using equation 1 (see the section “The IHS model”) the realized performance of 237 

each mutant is calculated. The mutant with the highest total realized performance is selected and 238 

replaces the original consumer in the innate performance matrix to be used in the next iteration 239 

of the model (unless all mutations result in decreased total realized performance, in which case 240 

the original consumer is maintained). For a detailed example of one iteration of the IHS model 241 

see Supplementary Figure S1. Sc: consumer richness; Sr: resource richness. Elements in blue are 242 

static inputs: do not change during the simulation. Elements in red are evolving matrices. 243 

 244 

Simulations 245 

Inputs and parameters of the simulations 246 

Innate performance matrix 247 

To start each simulation, we need to provide an initial innate performance matrix. We 248 

built matrices with different consumer richness and resource richness. To fill the matrix 249 

we used three different methods: rep0) all consumers score 0 (zero) in innate 250 
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performance on all resources, then the first mutation of a consumer corresponds to its 251 

ingress in the simulated network; rnorm11) the innate performance of each consumer on 252 

each resource is randomly drawn from a normal distribution with mean = 1 and standard 253 

deviation = 1; and rep1) all consumers score 1 (one) in innate performance on all 254 

resources. 255 

Carrying capacity vector 256 

The carrying capacity of each resource was defined by randomly drawing a value from 257 

a normal distribution with mean = 200 and standard deviation = 50. 258 

Matrix of resource distances 259 

The IHS predicts that network topology emerges as a function of the distance between 260 

resources and the degree of clustering of those distances. To test this prediction, we 261 

generated distance matrices defining values for the maximum distance between two 262 

resources and the number of clusters it contains (for details see Supplement S1). 263 

Number of iterations 264 

The number of iterations for each simulation was defined as each consumer has 265 

averaged 50 rounds of evolution. Therefore, the number of iterations equals consumer 266 

richness times 50. 267 

List of parameters 268 

In our simulations we adjusted five parameters: the consumer richness, the resource 269 

richness, the method used to generate the initial innate performance matrix (innate 270 

method), the maximum distance between two resources (maximum distance), and the 271 

number of resource clusters (number of clusters).  272 

Running simulations 273 

Simulations were coded in R (R Core Team 2018). For commented codes see 274 

Supplement S1. The parameter values used in our simulations were: consumer richness: 275 

5, 10, 50, 100, and 200; resource richness: 50, 100, and 200; innate method: rep0, 276 

rnorm11, and rep1; maximum distance: 1, 1.5, 2, 2.5, 3, 3.5, and 4; and number of 277 

clusters: 1, 2, and 4. We ran one simulation for each combination of those values, 278 

totalizing 945 setups. 279 

Statistical analysis 280 

Proportion of iterations in which occurred evolutionary changes 281 

We used generalized linear models (GLM) to test which parameters affected the 282 

proportion of iterations in which occurred evolutionary changes in each simulation. In 283 

the complete model, we included as explanatory variables: (1) maximum distance, (2) 284 
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innate method, (3) number of clusters (as a categorical variable), (4) resource richness, 285 

(5) consumer richness, and all interactions between variables (1), (2), and (3). After 286 

building the complete model, we used a backward stepwise approach with analysis of 287 

variance to reduce it to a minimum model. We used the explained deviance of each 288 

explanatory variable in the minimum model as a measure of effect size. This same setup 289 

was followed in all GLMs built in our study. For details about all statistical analyses 290 

performed in this study see Appendix S1. 291 

For the subsequent analyses, we removed the simulations in which evolutionary 292 

changes occurred in less than 80% of iterations. There remained 672 simulations (72%). 293 

Relationship between performance and resource specialization of consumers 294 

For each consumer in the simulated networks we calculated three performance indices: 295 

(1) mean realized performance, its average performance on all resources it exploits, (2) 296 

maximum realized performance, its maximum performance on a single resource, and (3) 297 

total realized performance, the sum of its performances on all resources. We also 298 

calculated two resource specialization indices, the first binary and the second weighted: 299 

(1) basic resource specialization, the richness of resource species exploited by the 300 

consumer, and (2) structural resource specialization, the diversity of resources exploited 301 

by the consumer measured with Shannon index (Poisot et al. 2012).  302 

Then, we calculated Spearman correlations between the three performance indices and 303 

the two resource specialization indices for each simulated network. It was not possible 304 

to calculate the correlations using basic resource specialization for completely filled 305 

matrices, because in them, all consumers exploit the same resource richness. 306 

To assess which factors influence the relationship between consumers’ performance and 307 

specialization in our simulations, we used generalized additive models (GAM) with the 308 

correlations as response variables and simulation parameters as explanatory variables. 309 

The maximum distance was included as a smooth term on each GAM. To find the 310 

minimum model we used the same approach used for the GLMs. In the present study, 311 

we used GAMs when the relationship between the response variable and maximum 312 

distance could not be properly modelled with a GLM. 313 

Network analysis 314 

Network specialization 315 

For each simulated network, we calculated a binary and a weighted network 316 

specialization metric: respectively, connectance and H2’ (Blüthgen et al. 2006). 317 

Connectance is defined as the proportion of potential links that are made in the network, 318 

therefore, the smaller its value, the more specialized the network. For H2’ the contrary is 319 

true: the higher it value, the more specialized the network. Specialization indices were 320 

computed using the package bipartite for R (Dormann et al. 2008). To test whether the 321 
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simulation parameters influenced the specialization of the simulated networks we used 322 

GLMs. 323 

Modularity 324 

To measure the modularity and module composition of each simulated network we used 325 

the DIRTLPAwb+ algorithm (Beckett 2016), which maximizes the Barber modularity 326 

(Barber 2007) for weighted bipartite networks. Then we tested whether modularity 327 

values were affected by simulation parameters using GLMs. 328 

Nestedness 329 

To compute nestedness in weighted bipartite networks we used a new metric, which we 330 

named WNODA (weighted nestedness based on overlap and decreasing abundance). 331 

WNODA is a modification of WNODF (weighted nestedness based on overlap and 332 

decreasing fill) (Almeida-Neto & Ulrich 2011). WNODF is a nestedness metric 333 

designed for weighted networks, however, it maintains the condition of binary 334 

decreasing fill from the original NODF metric (Almeida-Neto et al. 2008). Therefore, 335 

WNODF can be strongly affected by weak links, which is not optimal for a weighted 336 

metric, and cannot deal with completely filled matrices (in those cases WNODF is 0). 337 

WNODA, in turn, does not demand binary nestedness to account for weighted 338 

nestedness, is less affected by weak links, and can be used for completely filled 339 

matrices. WNODA measures how frequently the weight of each link made by a node of 340 

lower total abundance is weaker than the weight of those same link made by a node 341 

with higher total abundance. Detailed information about WNODA and comparisons 342 

between metrics are presented in Appendix S2. 343 

We calculated the WNODA of each simulated network and used GLMs to see how it 344 

was affected by the simulation parameters. To test the correlation between nestedness 345 

and modularity in our networks, we performed a Spearman correlation test. 346 

Considering the possibility of a compound topology in our simulated networks, we used 347 

an approach based on the method proposed by Flores et al. (2013) and adapted by Felix 348 

et al. (2017), in which we separately compute the nestedness between species belonging 349 

to the same module and the nestedness between species belonging to different modules 350 

(Felix et al. 2017). This method can be performed with any nestedness metric based on 351 

pairwise comparison between nodes, including WNODA (see Appendix S2).  352 

In a network with a compound topology we expect the WNODA between species of the 353 

same module (WNODASM) to be much higher than the WNODA between species of 354 

different modules (WNODADM). An R function to compute these components of 355 

nestedness using NODF, WNODF, and WNODA is provided in Supplement S2. 356 

We used GLMs to test for effects of maximum distance and number of clusters on the 357 

WNODASM and WNODADM of the simulated networks. 358 
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Network topologies 359 

In the present study, we considered three network topologies: modular, nested, and 360 

compound. To categorically define which topology was shown by each simulated 361 

network, we used the approach proposed by Felix et al. (2017) based on null model 362 

analysis. 363 

First, we tested for nested and modular topologies using free null models. In the free 364 

models, each randomized matrix was generated using a modified version of the method 365 

proposed by Vázquez et al. (2007). Their method creates a null matrix conserving the 366 

original connectance and the total number of interactions, and probabilistically 367 

conserving the marginal sums. To this end, the algorithm first defines the binary 368 

structure of the null matrix, assigning interactions according to probabilities based on 369 

the marginal sums of the original matrix. However, to prevent reducing the size of the 370 

matrix, the algorithm requires that each species makes at least one interaction. After 371 

that, the remaining interactions are distributed among the filled cells, following again 372 

probabilities based on marginal sums. This method, however, is not fully adequate to 373 

our simulated matrices, as their interaction weights are not counts, but continuous. 374 

Therefore, the procedure results in null matrices with very different marginal sums from 375 

the original matrix, especially in matrices with many weak interactions. To deal with 376 

this, we modified the algorithm so that it does not fill the matrices by distributing 377 

unitary interactions (including and summing 1s) but by distributing a lower value. We 378 

defined this value as 0.1, as this was low enough to reasonable conserve the marginal 379 

sums.  380 

For each simulated network, we generated a free null model with 500 randomized 381 

matrices and performed a Z-test to test whether the observed value of each metric was 382 

significantly different from the distribution of values of the null matrices. A network 383 

was considered modular when its value of Barber Modularity was significantly higher 384 

than the randomized values. Similarly, a network was considered nested, when it had a 385 

significant WNODA value. To avoid excessively low consumer richness in each 386 

module, we excluded the networks with 10 or fewer consumer species and kept 415 387 

simulated networks for this and subsequent analysis. 388 

A network was considered as having a compound topology, when it was significantly 389 

modular and presented a significant WNODASM (i.e., a modular network with modules 390 

internally nested). To test the significance of WNODASM in each simulated network we 391 

used restricted null models (Felix et al. 2017). A restricted null model is one that 392 

conserves the modular structure of the matrix when generating the randomized matrices. 393 

As, by definition, nodes in the same modules overlap more than nodes in different 394 

modules, not conserving the modular structure of the randomized matrix (i.e., using a 395 

free null model) would result in an inflated type I error ratio for WNODASM. 396 

In the restricted null model, each interaction is first assigned an a priori probability and 397 

then the probabilities are adjusted to keep the modular structure. Here we used two 398 
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different algorithms to assign the a priori probabilities of each interaction: Equiprobable 399 

and Degree-probable. In the Equiprobable method, a priori probabilities are equal for 400 

all cells and, therefore, only the modular structure defines the probability of each 401 

interaction. In the Degree-probable method, a priori probabilities are defined based on 402 

marginal sums (same method used for the free null model) and thenadjusted to maintain 403 

the modular structure of the matrix. 404 

Null model analysis was performed in the Sagarana High-Performance Computing 405 

cluster from the High-Performance Processing Center, Institute of Biological Sciences, 406 

Federal University of Minas Gerais, Brazil. 407 

We built GLMs to test how the simulation parameters affected the chance of a 408 

simulated network having a modular topology. Similarly, we tested for a nested 409 

topology. Then we tested, only for modular networks, how the simulation parameters 410 

affected their chances of having a compound topology. 411 

Multi-scale relationship between performance and specialization  412 

To measure the resource specialization of consumers at different network scales, for 413 

each consumer in each modular network we calculated its standardized within-module 414 

degree (Z) and participation coefficient (P) (Guimerà & Nunes Amaral 2005). The first 415 

is a Z-score of the consumer’s degree within its module, and measures within-module 416 

specialization (small network scale). The second is a measure of how much the 417 

consumer’s links are distributed between different modules; therefore, it represents 418 

between-module specialization (large network scale). We also developed weighted 419 

versions of Z and P. The weighted Z is the Z-score of the diversity of links made by the 420 

consumer within its module, measured with Shannon index, and the weighted P 421 

measure the distribution of weights between modules.  422 

As for the calculation of Z we need to compute standard deviations, it cannot be applied 423 

when all nodes of a module have the same degree. This resulted in some networks 424 

having too few usable values. For this analysis, we discarded networks with fewer than 425 

5 nodes with meaningful values of both Z and P.  426 

Then, for each network, we made linear regressions with consumer performances 427 

(mean, maximum and total) as response variables, and Z and P values (binary and 428 

weighted version) as explanatory variables. Finally, to test whether simulation 429 

parameters affected the relationship between performance and specialization of 430 

consumers at different network scales (i.e., coefficients of Z: Z and Weighted-Z, and 431 

coefficients of P: Z and Weighted-Z in the linear regressions), we used GAMs. 432 

Results 433 

The proportion of iterations in which occurred evolutionary changes decreased with 434 

maximum distance and number of clusters, and was lower in matrices built with the 435 
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innate methods “rep1” and “rnorm11”. The other simulation parameters had low 436 

explanatory power (see Appendix S1.1). Out of the 945 simulations performed, 267 437 

(28%) had less than 80% of the iterations with evolutionary changes and were removed 438 

from the subsequent analyses. The remaining simulations resulted in a highly diverse 439 

set of networks for every metric calculated in this study. Fig. 2 presents examples of this 440 

large variability.  441 

 442 

 443 

 444 

Figure 2 - Diversity of patterns in the simulated networks. Our simulations resulted in a 445 

highly diverse set of consumer-resource networks considering all metrics analyzed (A). The 446 

relationship between specialization and performance of consumers varied largely (B). Here we 447 

illustrate two opposite patterns of specialization using as an example the simulated networks 448 

277 (C-D) and 533 (E-F). In C and E, each line represents a consumer species. Five consumer 449 
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species were sorted from each simulated system and their relative realized performances were 450 

plotted. The trees were obtained by hierarchical clustering of the distances between resources in 451 

the simulations, using the complete linkage method. Simulation 277 does not include 452 

performance trade-offs (maximum distance = 1) and does not have clusters in resource distance 453 

structure. The consumer which has the highest performance in one resource, also has the highest 454 

performances in all other resources (red line): the jack-of-all-trades is master of all. This 455 

simulation generated a network with very high nestedness and very low modularity (D). Rows 456 

and columns in D were organized by decreasing marginal sums and the grey tones represent the 457 

weight of each interaction. Nestedness is evidenced by the general trend of decreasing weights 458 

top-down and left-right in the matrix (D). Simulation 533 includes moderate trade-offs and 459 

clusters of similar resources. In this case, each consumer specializes in a group of similar 460 

resources (E). The network (F) has high modularity and low nestedness. Nevertheless, 461 

nestedness between species of the same module is high. 462 

 463 

The correlation between mean performance and resource specialization depended on the 464 

distance between resources and the number of resource clusters, varying from positive 465 

to negative, and following the same general trend regardless of the resource 466 

specialization index used (Fig. 3A-C). The same trend held for the correlations with 467 

maximum performance (Appendix S1.2). The correlations involving total performance 468 

varied non-linearly with maximum distance. Our model predicts that specialists will 469 

present higher total performance than generalists when resources are intermediately 470 

distant one from another. Otherwise, generalists outperform specialists (Fig. 3D-E). See 471 

Appendix S1.2. 472 

We found a consistent pattern of increasing network specialization with increasing 473 

maximum distance and number of clusters in simulations, in both the GLMs with 474 

connectance and H2’ (Fig. 4). Parameters related to the size of the network (consumer 475 

richness and resource richness) had just minor effects on connectance, but consumer 476 

richness had a moderate effect on H2’. Although the innate method defines the 477 

specialization of the initial matrix, it had little effect on connectance (Appendix S1.3) 478 

and H2’ (Appendix S1.4) in the simulated networks.  479 

Modularity increased with maximum distance and number of clusters (Fig. 5A), while 480 

nestedness decreased with those parameters (Fig. 5B). The other parameters had little or 481 

no effect on nestedness (Appendix S1.5) and modularity (Appendix S1.6) in the 482 

simulated networks. Both WNODASM and WNODADM decreased with maximum 483 

distance and number of clusters (Fig. 5C, Appendix S1.7). However, the former has a 484 

smaller slope than the later, and, therefore, the expected ratio between WNODASM and 485 

WNODADM increased with maximum distance and number of clusters (Fig. 5D). There 486 

is a strong negative correlation between modularity and nestedness on the simulated 487 

networks (Spearman rho: -0.94, p<0.001) (Fig. 5E, Appendix S1.8). 488 

 489 
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 490 

Figure 3 - Correlations between performance and specialization of consumers. Correlations 491 

in the simulated network are presented as a function of maximum distance (horizontal axis), and 492 

number of clusters (colors in plots A and B) or innate method (colors in plots C and D). For 493 

each network we calculated Spearman correlations between indices of consumers’ realized 494 

performance (mean realized performance, maximum realized performance, and total realized 495 

performance) and indices of consumers’ specialization (basic specialization and structural 496 

specialization). Results for maximum performance were very similar to results for mean 497 

performance and are presented in Appendix S1. Notice that the values of specialization indices 498 

are negatively related to specialization, i.e., the higher the diversity of resources exploited by a 499 

consumer, the less specialized the consumer. The parameters represented in each plot are the 500 

ones with more explanatory power in the generalized additive models (see Appendix S1.2). In 501 

all plots, when consumer or resource richness were significant explanatory variables, we used 502 

its average values to draw the curves. 503 

 504 
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 505 

Figure 4 – Network specialization metrics. Connectance and H2’ are presented as a function 506 

of maximum distance (horizontal axis), number of clusters (colors), and innate method 507 

(columns of plots in the panel). The parameters represented are the ones with more explanatory 508 

power in the generalized additive models (see Appendix S1.3-4). Average values of consumer 509 

and resource species richness were used to draw the curves. Notice that plots are presented with 510 

different scales in the horizontal axis. 511 

From the 415 tested networks, 268 were significantly modular, 198 were significantly 512 

nested, and 51 were both modular and nested. The probability of a network having a 513 

modular topology increased with maximum distance and number of clusters, although 514 

the chance of a network being nested is affected by both parameters on the opposite 515 

direction. High consumer richness increased the chance of a simulated network being 516 

nested, but had a minor effect on the chance of it being modular. The other parameters 517 

had small effects on the models (Fig. 5F). Using the Equiprobable algorithm to define 518 

the a priori probabilities in the restricted null models, we detected that all modular 519 

networks showed in fact a compound topology. However, when the a priori 520 

probabilities were based on node degrees (Degree-probable), from the 268 modular 521 

networks, 142 were detected as having a compound topology. Using this last method, 522 

the main factor affecting the chance of a modular network presenting a compound 523 

topology was consumer richness. (Fig. 5G). For details see Appendix S1.9. 524 

 525 

.CC-BY-NC-ND 4.0 International licensepeer-reviewed) is the author/funder. It is made available under a
The copyright holder for this preprint (which was not. http://dx.doi.org/10.1101/362871doi: bioRxiv preprint first posted online Jul. 5, 2018; 

http://dx.doi.org/10.1101/362871
http://creativecommons.org/licenses/by-nc-nd/4.0/


17 

 

 526 

Figure 5 – Simulation parameters affecting network topology. (A) and (B) show the effect 527 

of maximum distance and number of clusters on modularity and nestedness of the simulated 528 

networks, respectively. Values of WNODA were divided by 100, resulting in values between 0 529 

and 1. In (C) nestedness is decomposed in its two components: nestedness between nodes of the 530 

same module (WNODASM, solid lines) and nestedness between nodes of different modules 531 

(WNODADM, dashed lines). Average values of consumer and resource richness were used to 532 

draw the curves in (A-C). Plot (D) shows the ratio between the expected WNODASM and 533 

WNODADM (curves on C) as a function of maximum distance. Notice that the vertical axis in D 534 

is log-transformed. In (E) a plot with nestedness vs. modularity shows the strong negative 535 

correlation between those metrics (Spearman correlation presented). (F) and (G) present Venn 536 

diagrams for network topologies and arrows for the main factors affecting the chance of a 537 

network showing each topology. The networks were classified as nested or modular based on 538 

null model analysis. Maximum distance and number of clusters have opposite effects on the 539 

chance of a network being nested or modular. Consumer richness had a strong effect on the 540 

probability of a network being nested, but a weak effect on its probability of being modular (F). 541 

Therefore, modular networks with high consumer richness have higher chance of also being 542 
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nested. We tested whether each modular network presented a compound topology using 543 

restricted null models with two different methods to define a priori probabilities: equiprobable 544 

and degree-probable. All modular networks were detected as having compound topologies by 545 

the equiprobable restricted null model (not shown in the figure) and 142 were detected as 546 

having compound topologies by the degree-probable restricted null model (G). In this latter 547 

case, consumer species richness was the main factor influencing the probability of a modular 548 

network having internally nested modules (compound topology). All results presented here were 549 

obtained by fitting generalized linear models, except for (E), which was based on a Spearman 550 

correlation. Complete results are presented in Appendix S1. 551 

 552 

Most values of the P and Weighted-P in the regressions with mean performance were 553 

negative. However, this was not a ubiquitous pattern, as several positive values were 554 

also found. For Z the results were still more diverse, since most of the Z values were 555 

negative, although most of the Weighted-Z values were positive (Fig. 6A-B). In general, 556 

we found that the relationship between mean performance and Z decreased with 557 

maximum distance and number of clusters (Fig. 6D-F), although the relationship 558 

between mean performance and P was little or not affected by these parameters (Fig. G-559 

I). The same general trends were found in the analysis using maximum performance 560 

instead of mean performance (Appendix S1.10). Similarly, most of the P and Weighted-P 561 

values in the regressions with total performance were also negative, and Weighted-Z 562 

values decreased with maximum distance, although this relationship was not observed 563 

for Z (Appendix S1.10). 564 

 565 
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 566 

Figure 6 - Simulation parameters affecting the multi-scale relationship between 567 

consumer’s mean performance and specialization. First, for each network we performed a 568 

linear regression between consumers’ mean performance as a function of Z (within-module 569 

degree) and P (participation coefficient). In (A) we plotted the coefficients (β) of these 570 

regressions. We also performed this same procedure using weighted versions of Z and P (B). 571 

The colored region of (A) and (B) represents the multi-scale relationship between performance 572 

and specialization predicted by the IHS: negative within-module (βZ>0) and positive between-573 

modules (βP<0). Notice that the values of Z and P are negatively related to specialization. We 574 

built generalized additive models to test for a relationship between regression coefficients and 575 

simulation parameters (Appendix S1). In (C-F) we present the regression coefficients as a 576 

function of maximum distance (horizontal axis) and number of clusters (colors) when it has a 577 

statistically significant effect on the model. There were some coefficients with extreme values, 578 

whose inclusion would make it difficult to visualize the plots, and so, we show only the core 579 
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region of each plot including most of the points and the predicted curves. Average values of 580 

consumer and resource richness were used to draw the curves. 581 

 582 

Discussion 583 

The IHS model, following three first-principles, and through the adjustment of five 584 

biologically meaningful parameters, has successfully produced a highly diverse set of 585 

synthetic consumer-resource networks. In those simulations, specialization varied 586 

largely, and we found the main topologies observed in real-world interaction networks: 587 

nested, modular, and compound. We also found positive, neutral, and negative 588 

relationships between consumers’ performance and specialization, as well as multi-scale 589 

relationships. Despite this not being the first theoretical model to produce or predict one 590 

of those features separately (e.g., modularity: Guimerà et al. 2010; compound topology: 591 

Leung & Weitz 2016; positive relationship between performance and specialization: 592 

trade-off hypothesis, Poulin 1998; negative relationship between performance and 593 

specialization: resource breadth hypothesis, Hellgren et al. 2009), as far as we know, 594 

our model is the first to implement a single mechanism able to generate all patterns 595 

under different circumstances.  596 

It is important to notice that no network-level structure was imposed on our model or 597 

emerged through network-level selection, but rather emerged from the rules on the 598 

evolution of links between consumers and resources. Moreover, by comparing 599 

simulated networks generated with different parameter setups we were able to identify 600 

general contexts that are related to the emergence of each pattern. 601 

Model parameters and simulated networks 602 

Out of the five model parameters, maximum distance and number of clusters have 603 

disproportionately affected the simulated networks. Maximum distance is linked to the 604 

existence and intensity of trade-offs in consumer performances on different resources 605 

and number of clusters affects how discontinuously are those trade-offs distributed in 606 

the resource community. We found that discontinuities tend to reinforce the effect of 607 

increasing trade-offs on network architecture (i.e. maximum distance and number of 608 

clusters usually affect metrics of the simulated networks in the same direction).  609 

The innate method defines the initial state of the network (the realized performance 610 

matrix before the simulation), however it had weak effect in most of the analysis of 611 

simulated networks (the realized performance matrix after the simulation), which shows 612 

that consumer evolution was strong enough to overcome initial patterns in most 613 

simulations. The only metric that was strongly driven by innate method was the 614 

proportion of iterations in which occurred evolutionary changes (for a discussion of this 615 

result, see Appendix S1.1). Overall, consumer and resource richness did not strongly 616 
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influence the simulation outputs either, being important just in some analyses (e.g., 617 

compound topology), which we discuss further. 618 

When using the IHS model, it is imperative to keep in mind that the simulated networks 619 

are ideal networks and several weak links on the matrices may not be detected in 620 

empirical studies or even may not happen in nature. First, it is well recognized that 621 

weak interactions are unlikely to being sampled in ecological studies (Jordano 2016). 622 

Also, some links may be so weak that it does not happen even once in ecological time 623 

or the resource exploitation is avoided by the consumer because it does not compensate 624 

the energy costs. For last, in most of interaction networks, weights are measured as 625 

counts (e.g. abundance of parasites in hosts, floral visits of pollinators), thus, imposing a 626 

lower limit on link weights (a link lower than 1 cannot occur). Therefore, despite 627 

several simulated networks have very high connectance, this is not likely to be found in 628 

empirical studies.  629 

Trade-offs and specialization 630 

In general, higher values of maximum distance and number of clusters resulted in 631 

specialist consumers having higher performance than generalists on each resource, and 632 

in more specialized, more modular and less nested simulated networks. When trade-offs 633 

are strong, the jack-of-all-trades is master of none or, even, does not exist, and the 634 

network is sparse, with several forbidden links. However, when trade-offs are weak, the 635 

jack-of-all-trades is master of all, and the network is highly connected. When there is no 636 

trade-off at all (no distance between resources greater than 1), there is no forbidden 637 

links and connectance is always 1.  638 

In natural systems we may expect that the intensity of trade-offs depends on the type 639 

and intimacy of the studied ecological interaction. As more intimate interactions require 640 

stronger match between interacting species than less intimate interactions (Hembry et 641 

al. 2018), the same difference between two resource species, tends to represent a 642 

stronger trade-off in intimate networks. For instance, slight physiological differences 643 

between two resources may strongly affect the probability of each resource being 644 

exploited by a given endoparasite, but be irrelevant to their probabilities of being preyed 645 

upon. In agreement with our predictions, ecological interactions known to be more 646 

intimate usually are more specialized than less intimate interactions (e.g., pollination vs. 647 

seed dispersal, Blüthgen et al. 2007; parasitism and parasitoidism vs. predatism, Van 648 

Veen et al. 2008; leaf mining vs. leaf chewing, Novotny et al. 2010), and form sparsely 649 

connected and modular networks, although low intimacy leads to highly connected and 650 

nested networks (Guimarães et al. 2007a; Pires & Guimaraes 2012; Hembry et al. 651 

2018). 652 

One of the most pervasive patterns in ecological networks is a negative relationship 653 

between size and connectance (Jordano 1987; Blüthgen et al. 2007). However, in our 654 

simulated networks, connectance was just minimally affected by consumer and resource 655 

richness (i.e., network size), but mostly driven by the intensity of trade-offs. Our results 656 
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suggest that connectance in real-world ecological networks is not directly related to 657 

network size, but a consequence of larger networks usually comprising a more 658 

heterogeneous set of organisms and, therefore, containing stronger trade-offs. The same 659 

may hold for other network features that are affected by the intensity of trade-offs, such 660 

as modularity and nestedness. Using a similar rationale, Jordano (1987) argues that 661 

larger seed-dispersal networks are more compartmentalized and less connected because 662 

they include more diverse sets of feeding structures and fruit types. Moreover, Flores et 663 

al. (2011), in a set of nested networks, did not find a relationship between connectance 664 

and size, and Montoya et al. (2015) found that modularity in island networks was 665 

related with functional diversity but not with species richness, both corroborating that 666 

specialization decreases with heterogeneity and not with size itself. 667 

Compound topology 668 

On the one hand, several simulated networks presented both significant nestedness and 669 

modularity. On the other hand, nestedness and modularity are driven in opposite 670 

directions by the same main parameters (maximum distance and number of clusters) 671 

and are strongly negatively correlated, as usually found in empirical ecological 672 

networks (Thebault & Fontaine 2010; Pires & Guimaraes 2012; Trøjelsgaard & Olesen 673 

2013). This scenario does not support the perspective of the overall network having a 674 

mixed nested and modular structure (Fortuna et al. 2010), but is consonant with the 675 

perspective that each topology may predominate at different network scales (Felix et al. 676 

2017).  677 

Indeed, in modular-nested simulated networks, most of network nestedness came from 678 

the smaller scale: WNODASM was always much higher than WNODADM. Our model 679 

predicts that networks without trade-offs should present a nested topology, and 680 

reinforces the prediction that highly diverse networks tend to present a compound 681 

topology (Lewinsohn et al. 2006; Flores et al. 2011; Felix et al. 2017). In these 682 

networks, consumers tend to specialize in a group of homogeneous resource species 683 

instead of a single species (Fig. 2D), which corroborates that network modules may be 684 

the real unity of specialization and coevolution (Olesen et al. 2007). Recently, as a 685 

result of conceptual and methodological improvements in ecological network science, 686 

compound topologies have been detected in several real-world networks that could be 687 

previously classified as purely modular or nested-modular (Flores et al. 2013; Felix et 688 

al. 2017; Solé-Ribalta et al. 2018). 689 

We did not find a ubiquitous multi-scale relationship between consumer performance 690 

and specialization in modular networks, which suggests that this previously predicted 691 

pattern (Pinheiro et al. 2016) that has already been observed in nature (Felix et al. 692 

2017), is not a necessary consequence of the IHS, but one of the possible structures that 693 

may emerge in diverse consumer-resource interaction systems. When the trade-offs are 694 

too strong, a positive relationship between performance and specialization emerges even 695 

within modules, which leads to extreme specialization. These are the situations in which 696 

we should expect to find pairwise specialization and coevolution. The relationship 697 
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between performance and specialization in different modules presented a more random 698 

variation, that could not be explained based on the intensity of trade-offs in the 699 

simulations. If, on the one hand, a multi-scale relationship in modular networks was 700 

found in just a few cases, on the other hand, when entire simulated networks with 701 

increasing resource diversity are compared to one another, there is a clear inversion in 702 

the expected relationship between consumer performance and specialization.  703 

Our results show that scale is key to understand the architecture and dynamics of 704 

ecological networks. And by scale we mean the hierarchical levels within a given 705 

network (e.g., network, modules, nodes), and the different taxonomic, phylogenetic, 706 

functional, and geographic scales that may be sampled when building a network from 707 

empirical data. Interaction networks containing only similar species show patterns that 708 

are not observed in more heterogeneous networks, as well as a module does not reflect 709 

the structure of the entire network. And, as previously commented by other authors, 710 

studies of ecological interactions are usually focused on modules of the network or in 711 

taxonomically defined assemblages subsets (Olesen et al. 2007; Jordano 2016). Thus, 712 

the literature is probably biased towards low-scale patterns (as suggested by Bezerra et 713 

al. 2009; Mello et al. 2011). This may explain, for instance, the paradigm of mutualism 714 

being always nested (Bascompte & Jordano 2007) and the dominance of positive 715 

relationships between performance and host range of parasites in the literature (Krasnov 716 

et al. 2004; Hellgren et al. 2009). Moreover, we may expect that several of the 717 

published nested interaction networks are in fact modules of more complete networks 718 

with compound topologies.  719 

Competing models that produce compound topologies 720 

Beckett & Williams (2013) have predicted a compound topology for phage-bacteria 721 

networks, using a relaxed lock-and-key model. Despite their model including a larger 722 

number of parameters and having a more complex and less general mechanism than 723 

ours, most principles of the IHS model are at least partially met by it. In fact, only the 724 

first-principle (iii) of our model is not mirrored in some extent by their model, since 725 

performance is not defined only by consumer evolution, but also by resource evolution. 726 

We believe that our model is not contradictory to the relaxed lock-and-key model, but 727 

rather more comprehensive. Generality gets more and more important in those models, 728 

as observations of compound topologies in other systems are made (Felix et al. 2017; 729 

Solé-Ribalta et al. 2018). 730 

Leung & Weitz (2016) proposed a bipartite network growth model that can also produce 731 

modular, nested, and compound networks. The mechanics of their model is very 732 

different from ours, mainly in two major aspects. First, in their model, a network grows 733 

by duplication of nodes, while in our model the number of species in the system is kept 734 

constant. Second, in their model once a link is stablished between two nodes it is not 735 

modified anymore, while in our model links depends on the match between consumers 736 

and resources, which is subjected to evolution. Moreover, contrary to the IHS model, 737 

their model produces only binary networks. These differences make it very difficult to 738 
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compare assumptions and mechanisms of both models. However, it is remarkable that 739 

Leung & Weitz (2016) found that, when there are trade-offs, modularity emerges in 740 

networks, otherwise, hosts and parasites enter an arms race that results in nestedness. 741 

This is highly consonant with our main predictions using the IHS model. 742 

Limitations of the model 743 

The main limitation of the IHS model is the assumption that innate performance is 744 

modified only by the evolution of consumer species. In nature, consumption is likely to 745 

be a selective force that also drives resource species evolution (Thompson 1994). This 746 

limitation is especially important in mutualisms, where it is not trivial to classify each 747 

partner as consumer or resource. In these cases, application of our model should take 748 

into account the available knowledge about the evolution of the species groups involved 749 

in the interaction. For instance, in pollination systems we may be eager to classify 750 

animals as consumers and plants as resources, because of the trophic relationship 751 

between them. However, there is strong evidence that plants evolve in response to 752 

pollinator-mediated selection, although the opposite is seldom true (Armbruster 2017). 753 

Therefore, it may be more appropriate to consider pollinators as resources exploited by 754 

plants in order to reproduce.  755 

Another relevant limitation of our model is that the realized performance is determined 756 

only by resource species carrying capacity and innate performance, and does not 757 

consider consumer species abundance. This is a direct consequence of the IHS being 758 

initially proposed inspired by endoparasitic interactions. In obligatory interactions, from 759 

the consumers’ perspective, mainly when they are symbiotic, the abundance of the 760 

consumer species is itself a measure of interaction weight, as the consumer only 761 

survives by interacting. Then it is reasonable to consider consumer abundance and 762 

performance together in the model. However, in facultative interactions, in which 763 

consumer abundance is less dependent on the interaction, to not consider the separated 764 

effect of abundance and trait-matching in link establishment may represent a strong 765 

caveat.  766 

Other limitations of the IHS model are: (1) the model does not include extinctions nor 767 

cladogenesis. It is important to warn that the present model does not aim to explain 768 

species coexistence in an ecological system but assumes it a priori. (2) The consumer-769 

resource system is assumed to be closed: there is no emigration or immigration; and (3) 770 

links are affected just by the match between consumer and resource, overlooking factors 771 

exogenous to the species that may affect link establishment, e.g., context dependence 772 

(Chamberlain et al. 2014). Nevertheless, despite these somewhat simplistic 773 

assumptions, our model was able to recover all common topological patterns observed 774 

among interaction networks. 775 

Conclusion 776 
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In summary, we propose a new model for generating consumer-resource networks 777 

based on the integrative hypothesis of specialization (IHS). Despite its limitations, 778 

which are inherent to a model aiming at generality, our model may be a useful source of 779 

testable predictions.  780 

One great challenge ahead is to parameterize our model based on real-world data, in 781 

order to generate more precise and quantitative predictions for particular kinds of 782 

networks. This is no simple task, though, as the distance between resource species is a 783 

non-dimensional variable, based on an abstract concept, which is affected by several 784 

factors. One possible solution would be to develop proxies for resource species 785 

distances based on phylogenetic, trait-based, or interaction-based distances. 786 

However, even without these refinements, the proposed model reproduced several 787 

already observed patterns and most of its predictions are coherent to real-world 788 

observations and consonant with current evolutionary and ecological theories. Our 789 

results show that the IHS model is useful to generate synthetic, weighted, bipartite, 790 

consumer-resource networks and supports the IHS as a theoretical framework to study 791 

interaction specialization and network topology. 792 
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CONCLUSÃO

Através da série de trabalhos apresentados nos capítulos desta tese, além de outros citados na
introdução,  meus  colaboradores,  alunos  e  eu  contribuímos  para  a  o  esforço  científico
internacional de desvendar as regras de montagem de redes de interações. Ao longo de 10
anos de pesquisas, deduzimos um argumento que nos levou à uma nova síntese.

Primeiro, observamos que redes de polinização de flores de óleo têm uma estrutura diferente
da  encontrada  em redes  com composição  mais  mista.  Portanto,  partes  de  uma rede  não
necessariamente  apresentam  a  mesma  estrutura  do  sistema  completo,  dependendo  de
características relacionadas à história natural dos táxons e aos modos de polinização.

Segundo,  observamos  um  forte  viés  taxonômico  na  literatura  sobre  redes  de  interações.
Muitas das evidências coletadas em trabalhos pioneiros, além de parte da teoria iii criada para
lhes dar coerência, foi baseada em redes formadas por apenas um táxon. Por exemplo, redes
de  dispersão  de  sementes  que  continham  apenas  aves.  Em  uma  série  de  trabalhos,
demonstramos que a estrutura de subredes varia com o táxon predominante. Portanto, as
partes de uma mesma rede também podem diferir entre si, dependendo da história natural de
cada táxon.

Terceiro, observamos que espécies com maior grau de especialização no tipo de interação que
define  a  rede,  assim  como  uma  história  evolutiva  mais  longa  relacionada  a  esse  tipo  de
interação, costumam ser as mais importantes para manter a estrutura do sistema. Portanto, a
história natural de cada interação, espécie ou táxon superior influencia não apenas como é
construída a rede, mas também a hierarquia interna dela e o resultado final de cada interação.

Quarto, observamos que diversas redes de interações, quando considerados múltiplos táxons
ou escalas espaciais acima da local, apresentam uma topologia composta. Isto é, essas redes
são modulares, porém os módulos delas são internamente aninhados. Assim, modularidade e
aninhamento  não  são  mutuamente  excludentes,  nem  duas  faces  da  mesma  moeda,  mas
estruturas que predominam em diferentes escalas de um mesmo sistema.

Com base nessas evidências, concluímos que tanto o debate sobre a topologia predominante
em redes de interações, quanto o debate sobre a relação entre performance e generalismo,
poderiam ser  resolvidos  de forma integrada.  Isso porque todas as escolas de pensamento
envolvidas nesses dois debates estavam certas de algum modo. Padrões e processos mudam
com a escala.

Depois de elaborarmos essa nova hipótese integradora, obtivemos evidências de que ela de
fato  explica  bem  a  estrutura  de  diversas  redes  em  diferentes  escalas,  inclusive  redes
multicamada formadas por dois ou mais tipos de interações, ou redes em escala biogeográfica.

O que aprendemos até o momento nos leva a pensar que sistemas complexos algumas vezes
requerem explicações complexas e que falsas dicotomias devem ser evitadas. Há dualidade em
redes  de  interações,  sendo que  essa  própria  dualidade  é  uma ilusão,  se  considerarmos  a
natureza multi-escala desses sistemas.

iii Uso aqui  a  palavra  “teoria”  no  sentido  amplo,  na  verdade,  mais  com uma conotação  de arcabouço  conceitual,

segundo: 1. Marquet, P. A. et al. On theory in ecology. Bioscience 64, 701–710 (2014).
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EPÍLOGO

A busca pelas regras de montagem de redes de interações naturalmente não começou e nem
termina com a presente tese. Muito pelo contrário, novas ferramentas e teorias têm permitido
que a comunidade científica avance rumo à solução a passos cada vez mais largos. E a cada
passo dado surgem novos desdobramentos do problema. No nosso laboratório, as próximas
duas peças que pretendemos adicionar ao quebra-cabeças são apresentadas nos preprints dos
capítulos 6 e 7, além de outros trabalhos que ainda estão no forno iv. O nosso principal foco no
momento  é  formalizar  matematicamente  a  teoria  integradora  que  criamos.  Também  será
crucial nos próximos anos testar previsões derivadas da nossa teoria usando redes empíricasv

monocamada e multicamada armazenadas no banco de dados do SintECOvi. Por fim, queremos
testar até onde podemos extrapolar a nossa teoria.

iv Como, por exemplo, o segundo capítulo da tese de doutorado do meu aluno Rafael Pinheiro. 

v Como fizemos no seguinte preprint, fruto da dissertação de mestrado de outro ex-aluno meu: Felix, G. M., Pinheiro, R. B. P.,
Poulin, R., Krasnov, B. R. & Mello, M. A. R. The compound topology of a continent-wide interaction network explained
by an integrative hypothesis of specialization. bioRxiv 236687, (2017).

vi Banco esse que atualmente tem sido atualizado pelo doutorando Guillermo Florez, da UFABC.
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