University of Plymouth

PEARL https://pearl.plymouth.ac.uk
01 University of Plymouth Research Outputs University of Plymouth Research Outputs
2018-10

Functional diversity mediates
macroecological variation In
planthummingbird interaction networks

Maruyama, PK
http://hdl.handle.net/10026.1/12598

10.1111/geb.12776
Global Ecology and Biogeography
Wiley

All content in PEARL is protected by copyright law. Author manuscripts are made available in accordance with
publisher policies. Please cite only the published version using the details provided on the item record or
document. In the absence of an open licence (e.g. Creative Commons), permissions for further reuse of content

should be sought from the publisher or author.



10

11

12

13

14

15
16
17

18
19
20
21

22
23

24
25

26
27
28

Running title: Functional diversity and network structure

Title: Functional diversity mediates macroecological variation in plant-hummingbird

interaction networks

Authors: Pietro Kiyoshi Maruyamal2, Jesper Sonne?, Jeferson Vizentin-Bugoni®#, Ana M.
Martin Gonzalez?, Thais B. Zanata®®, Stefan Abrahamczyk®, Ruben Alarcon’, Andréa C.
Araujo®, Francielle P. Araljo®, Andrea C. Baquero?, Edgar Chavez-Gonzalez!°, Aline G.
Coelho®, Peter A. Cotton'?, D. Matthias Dehling*®4, Erich Fischer®, Glauco Kohler®®, Carlos
Lara’®, Flor Maria G. Las-Casas'’, Adriana O. Machado'®, Caio G. Machado!!, Maria A.
Maglianesi®**°, Tiago S. Malucelli®, Oscar Humberto Marin-Gémez?, Paulo E. Oliveira®®,
Juan Francisco Ornelas?!, Raul Ortiz-Pulido®?, Moénica B. Ramirez-Burbano®, Marcia A.
Rocca?*, Licléia C. Rodrigues®, Liliana Rosero-Lasprilla?®, Ana M. Rui?’, Brody Sandel?,
Jens-Christian Svenning®®®, Boris A. Tinoco®, Isabela G. Varassin®, Stella Watts®?, Carsten

Rahbek?33, Marlies Sazima?!, Matthias Schleuning'®, Bo Dalsgaard?

Affiliations:

1. Departamento de Biologia Vegetal, Instituto de Biologia, Universidade Estadual de
Campinas (Unicamp), Cx. Postal 6109, CEP:13083-970 Campinas, SP, Brasil. (PKM:
pietrokiyoshi@gmail.com, MSa: msazima@unicamp.br)

2. Center for Macroecology, Evolution and Climate, Natural History Museum of Denmark,
University of Copenhagen, Universitetsparken 15, DK-2100 Copenhagen @, Denmark. (JS:
jesper2904@hotmail.com, AMMG: ana.maria.martingonzalez@gmail.com, ACB:
baquero.andrea@gmail.com, CR: crahbek@snm.ku.dk, BD: bo.dalsgaard@snm.ku.dk)

3. Programa de P6s-Graduagdo em Ecologia, Universidade Estadual de Campinas (Unicamp),
Cx. Postal 6109, CEP: 13083-970, Campinas, SP, Brasil. (jougoni@yahoo.com.br)

4. Natural Resources and Environmental Science Department, University of Illinois at
Champaign-Urbana, 61820, IL, USA

5. Laboratdrio de Ecologia Vegetal, Departamento de Botanica, Centro Politécnico,
Universidade Federal do Parana, Cx. 19031, 81531-980, Curitiba, PR, Brasil (TBZ:
thaisbzanata@gmail.com, TSM: malucelli.ts@gmail.com, IGV: isagalarda@gmail.com)

1



29
30

31
32

33
34

35
36

37
38

39
40
41

42
43

44
45
46

47
48

49
50

51
52
53

54
55

56
57

58
59
60

61

6. Nees Institute for Biodiversity of Plants, Meckenheimer Allee 170, Bonn 53115, Germany
(sabraham@uni-bonn.de)

7. Biology Program, California State University Channel Islands, Camarillo, CA 23012, USA
(ruben.alarcon@csuci.edu)

8. Instituto de Biociéncias, Universidade Federal de Mato Grosso do Sul, 79070-900, Campo
Grande, MS, Brasil (ACA: andrea.araujo@ufms.br, EF: erich.fischer@ufms.br)

9. Universidade Estadual do Rio Grande do Sul, S&o Francisco de Paula, RS, Brasil.
(franciaralp@yahoo.com.br)

10. Red de Ecoetologia, Instituto de Ecologia, AC, Xalapa, Veracruz, 91070, Mexico
(edgar.chavez.gonzalez.18@gmail.com)

11. Laboratdrio de Ornitologia, Departamento de Ciéncias Bioldgicas, Universidade Estadual
de Feira de Santana, Feira de Santana, BA, 44036-900, Brasil (AGC:
alinegcoelho@yahoo.com.br, CGM: gracom@uol.com.br)

12. Marine Biology & Ecology Research Centre, University of Plymouth, Plymouth PL4
8AA, UK. (p.cotton@plymouth.ac.uk)

13. Senckenberg Biodiversity and Climate Research Centre (BiK-F), Senckenberganlage 25,
60325 Frankfurt (Main), Germany. (DMD: dmdehling@gmail.com, MAM:
mmaglianesi@uned.ac.cr, MSc: matthias.schleuning@senckenberg.de)

14. School of Biological Sciences, University of Canterbury, Private Bag 4800, Christchurch
8140, New Zealand.

15. Instituto Nacional de Pesquisas da Amaz6nia, Av. André Araudjo 2936, Petropolis, 69080-
971, Manaus, AM, Brasil (certhiaxis@gmail.com)

16. Centro de Investigacion en Ciencias Bioldgicas, Universidad Auténoma de Tlaxcala, Km
10.5 Autopista Tlaxcala-San Martin Texmelucan, San Felipe Ixtacuixtla, Tlaxcala 90120,
Mexico. (laracar@posgradouatx.com.mx)

17. Laboratory of Ecology, Systematics and Evolution of Birds, Federal University of
Pernambuco, 50670-420, Recife, PE, Brasil. (flormarialc@hotmail.com)

18. Instituto de Biologia, Universidade Federal de Uberlandia, Uberlandia, MG, Brasil.
(AOM: adrianaoliveiramachado@yahoo.com.br, PEO: poliveiragm@gmail.com)

19. Vicerrectoria de Investigacion, Universidad Estatal a Distancia, de la Rotonda la Betania
500m al este, Carretera a Sabanilla, Mercedes de Montes de Oca, 474-2050 San José, Costa
Rica.

20. Instituto de Ecologia, A.C, Xalapa, Veracruz, 91070 Mexico. (oschumar@gmail.com)



62
63

64
65
66

67
68
69

70
71
72

73
74
75

76
77
78

79
80

81
82

83
84

85
86

87
88

89
90
91

92
93

94

21. Departamento de Biologia Evolutiva, Instituto de Ecologia, AC, Xalapa, Veracruz, 91070,
Mexico. (francisco.ornelas@inecol.mx)

22. Centro de Investigaciones Bioldgicas, Instituto de Ciencias Basicas e Ingenieria,
Universidad Autonoma del Estado de Hidalgo, Km 4.5, Carretera Pachuca—Tulancingo,
Mineral de la Reforma, C.P. 42184 Pachuca, Hidalgo, Mexico. (raulortizpulido@yahoo.com)

23. Programa de doctorado en Ciencias-Biologia, Facultad de Ciencias Naturales y Exactas,
Departamento de Biologia, Universidad del Valle, Cali, Colombia
(monicab.ramirezb@gmail.com)

24. Departamento de Ecologia, Centro de Ciéncias Biologicas e da Saude, Universidade
Federal de Sergipe, Avenida Marechal Rondon, s/n, Jardim Rosa Elze, CEP: 49100000 - S&o
Cristovdo, SE, Brasil. (roccamarcia@yahoo.com.br)

25. Laboratorio de Ornitologia, Departamento de Zoologia, ICB, Universidade Federal de
Minas Gerais. Caixa Postal 486, 31270-901, Belo Horizonte, MG, Brasil.
(licleia@yahoo.com.br)

26. Escuela de Ciencias Bioldgicas, Grupo de Investigacion Biologia para la Conservacion,
Universidad Pedagdgica y Tecnol6gica de Colombia, Tunja, Boyacd, Colombia.
(lilianaroslasprilla@gmail.com)

27. Departamento de Ecologia, Zoologia e Genética, Instituto de Biologia, Universidade
Federal de Pelotas, Pelotas, RS, Brasil. (ana.rui@ufpel.edu.br)

28. Department of Biology, Santa Clara University. 500 ElI Camino Real, Santa Clara CA
95057, USA. (bsandel@scu.edu)

29. Section for Ecoinformatics and Biodiversity, Department of Bioscience, Aarhus
University, Ny Munkegade 114, Aarhus C 8000, Denmark. (svenning@bios.au.dk)

30. Center for Biodiversity Dynamics in a Changing World (BIOCHANGE), Aarhus
University, Ny Munkegade 114, Aarhus C 8000, Denmark.

31. Escuela de Biologia, Ecologia y Gestién, Universidad del Azuay, Cuenca, Ecuador.
(btinoco@uazuay.edu.ec)

32. Landscape and Biodiversity Research Group, Department of Environmental and
Geographical Sciences, University of Northampton, Avenue Campus, St George’s Avenue,
Northampton NN2 6JD, UK. (hummingbird_pe@yahoo.com)

33. Department of Life Sciences, Imperial College London, Silwood Park Campus, Ascot SL5
7PY, UK.



95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

Correspondence: Pietro Kiyoshi Maruyama, Departamento de Biologia Vegetal, Instituto de
Biologia, Universidade Estadual de Campinas (Unicamp), Cx. Postal 6109, CEP:13083-970

Campinas, SP, Brasil. e-mail: pietrokiyoshi@gmail.com; phone: +55 19 98261-6145

Number of words in the Abstract; 294

Number of words in main body of the paper: 4919

Number of references: 70

ACKNOWLEDGMENTS

Financial support was provided by S&o Paulo Research Foundation through a Postdoctoral
grant to PKM (FAPESP grant #2015/21457-4). PKM, JS, TBZ, CR and BD acknowledge the
Danish National Research Foundation for funding for the Center for Macroecology, Evolution
and Climate, grant no. DNRF96. Funding was also provided by CAPES to JVB (Ph.D.
scholarship and PDSE proc. 8012/2014-08), TBZ (PDSE proc. 8105/2014-6), LCR (proc.
2725/2011) and ACA; by CNPq to IGV and TBZ (proc. 445405/2014-7), MSa (proc.
303084/2011-1) and EF (proc. 307016/2015-3); by CONACYT to ROP (project 258364);
VILLUM FONDEN to JCS (VILLUM Investigator project, grant 16549). We thank museum
curators Paul Sweet (AMNH), John Bates (FMNH), Juliana Paulo da Silva (MBML), Marcos
Raposo (MNRJ), Alexandre Aleixo (MPEG), Robert Prys-Jones and Mark Adams (NHMT),
Gerald Mayr (SMF), Gary Graves (USNM), Till Topfer and Karl-Ludwig Schuchmann
(ZFMK) and Jon Fjeldsa (ZMSNM) for allowing the hummingbirds measurements in the

museums and Louis Hansen for help in gathering hummingbird weight data.



116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

Abstract (up to 300 words)

Aim: Species interaction networks are known to vary in structure over large spatial scales.
We investigated the hypothesis that environmental factors affect interaction network structure
by influencing the functional diversity of ecological communities. Notably, we expect more
functionally diverse communities to form interaction networks with a higher degree of niche

partitioning.

Location: Americas.

Time period: Current.

Major taxa studied: Hummingbirds and their nectar plants.

Methods: We used a large dataset comprising 74 quantitative plant-hummingbird interaction
networks distributed across the Americas, along with morphological trait data for 158
hummingbird species. First, we used a model selection approach to evaluate associations
between environment (climate, topography and insularity), species richness, and
hummingbird functional diversity as predictors of network structure (niche partitioning, i.e.,
complementary specialization and modularity). Second, we used Structural Equation Models
(SEMs) to ask whether environmental predictors and species richness affect network structure
directly and/or indirectly through their influence on hummingbird functional diversity. For a
subset of 28 networks, we additionally evaluated whether plant functional diversity was

associated with hummingbird functional diversity and network structure.

Results: Precipitation, insularity and plant richness, together with hummingbird functional
diversity (specifically functional dispersion), were consistently strong predictors of niche
partitioning in plant-hummingbird networks. Moreover, SEMs showed that environmental

predictors and species richness affected network structure indirectly through their effects on
5
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hummingbird functional diversity. Plant functional diversity, however, was unrelated to

hummingbird functional diversity and network structure.

Main conclusions: We reveal the importance of hummingbird functional diversity for niche
partitioning in plant-hummingbird interaction networks. The lack of support for similar
effects for plant functional diversity potentially indicate that consumer functional diversity
may be more important for structuring interaction networks than resource functional diversity.
Changes in pollinator functional diversity are therefore likely to alter the structure of

interaction networks and associated ecosystem functions.

KEYWORDS

functional dispersion, insularity, modularity, network structure, niche partitioning, plant-

pollinator interactions, pollination networks, specialization, trait diversity
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1 INTRODUCTION

Species’ traits influence niche partitioning between pairs of species, and thus should affect the
structuring of entire networks of interacting organisms (Frind, Dormann, Holzschuh &
Tscharntke, 2013; Junker et al., 2013; Maruyama, Vizentin-Bugoni, Oliveira, Oliveira &
Dalsgaard, 2014; Maglianesi, Bohning-Gaese & Schleuning, 2015). We may therefore expect
a correspondence between community trait composition (i.e., functional diversity) and
interaction network structure, such that communities in which species differ strongly in traits
related to their ecological interactions should exhibit a high resource partitioning. Despite the
potential importance for community stability and ecosystem functioning (Fontaine, Dajoz,
Meriguet & Loreau, 2005; Frind et al., 2013; Mouillot, Graham, Villéger, Mason &
Bellwood, 2013; Schleuning, Frind & Garcia, 2015), the relationship between functional
diversity and the structure of species interaction networks remains untested at large

geographical scales (Kissling & Schleuning, 2015; Gravel, Albouy & Thuiller, 2016).

Several recent studies have used mutualistic networks to examine how large-scale
variation in environmental factors, notably climate, relate to network structure (e.g.,
Dalsgaard et al., 2011; Schleuning et al., 2012, 2014; Trgjelsgaard & Olesen, 2013; Martin
Gonzélez et al., 2015). Likewise, studies have reported relationships between environment
and functional diversity of assemblages, for both plants and pollinators (Swenson et al., 2012;
Grass, Berens & Farwig, 2014; Rader, Bartomeus, Tylianakis & Laliberté, 2014; Ordonez &
Svenning, 2017). However, apart from a few local and regional studies on a small number of
networks (e.g., Junker, Bluthgen & Keller 2015; Maglianesi, Bliuthgen, Bohning-Gaese &
Schleuning 2015), the way in which functional diversity influences species interaction
networks is poorly understood. In addition, despite the reported relationships between
environmental factors and network structure, the mechanisms behind such relationships

7



175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

remain speculative (reviewed in Trgjelsgaard & Olesen, 2016 and Tylianakis & Morris,

2017).

One plausible way environmental factors may affect interaction network structure is
through effects on the distribution of species and, hence, community composition (Dalsgaard
et al., 2011; Bartomeus et al., 2016; Sonne et al., 2016, Tylianakis & Morris, 2017).
Environmental factors have been shown to affect the distribution of species traits, e.g., body
size (Olson et al., 2009), as well as plant richness (Kreft & Jetz, 2007). Moreover, high
species richness has been linked to an increase in competition, which should promote greater
trait differentiation within plant and pollinator communities (MacArthur & Levins, 1967;
Inouye, 1978; Vamosi et al., 2006; Frind et al., 2013). For example, traits linked to
pollinators’ body size and shapes have been shown to determine interaction partitioning
within plant-pollinator interactions (e.g., Inouye, 1978; Vizentin-Bugoni, Maruyama &
Sazima, 2014). Thus, one hypothesis is that environmental factors influence species and
functional diversity in communities (Kreft & Jetz, 2007, Olson et al., 2009, Ordonez &
Svenning, 2017), which then mediate effects on network structure (Frind et al., 2013;
Mouillot et al., 2013; Bartomeus et al., 2016, Tylianakis & Morris, 2017). Specifically, a
higher functional diversity in communities should lead to networks with a greater partitioning
of interactions (Inouye, 1978; Junker et al., 2013, 2015; Maruyama et al., 2014; Maglianesi,

Bluthgen et al., 2015).

We investigate this hypothesis using a large dataset of 74 quantitative plant-
hummingbird mutualistic interaction networks distributed widely across the Americas.
Hummingbirds, a species-rich family of nectar-feeding birds, are important pollinators in the
New World, showing specialized interactions with the plants they pollinate (Stiles, 1981;
Cronk & Ojeda, 2008; Zanata et al.,, 2017). Due to their high diversity and strong

8
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specialization for nectarivory, hummingbirds have frequently been used as a model system to
study the evolutionary, historical and ecological factors structuring the assembly of species
into communities (Snow & Snow, 1972; Stiles, 1981; Graham Parra, Tinoco, Stiles &
McGuire, 2012; Vizentin-Bugoni et al., 2014; Maglianesi, Bohning-Gaese et al., 2015; Martin
Gonzélez et al., 2015; Sonne et al., 2016). We here evaluate the relationships between
environmental factors, species richness, functional trait diversity, and network structure. Our
aim is to elucidate whether functional trait diversity mediates the effects of environmental
factors on network structure at a macroecological scale. We focused on hummingbird body
mass, bill length and shape, as these traits are known to influence their interactions with their
nectar-plants (Feinsinger & Colwell, 1978; Dalsgaard et al., 2009; Maglianesi, Blithgen,
Bohning-Gaese & Schleuning, 2014; Maglianesi, Bohning-Gaese, et al., 2015; Loépez-
Segoviano, Bribiesca & Arizmendi, 2018). Because hummingbirds depend on floral nectar for
energy intake and partition floral resources according to their morphology, we expected that
hummingbird communities with higher degree of functional diversity should form specialized
interaction networks with higher degree of niche partitioning (MacArthur & Levins, 1967;
Feinsinger & Colwell, 1978; Inouye, 1978; Stiles, 1981; Maglianesi, Bluthgen, et al., 2015).
We similarly expected a positive relationship between plant functional diversity and the
degree of interaction niche partitioning as plant traits have been shown to constrain plant-
hummingbird interactions (Maglianesi et al., 2014; Vizentin-Bugoni et al., 2014). Moreover,
we expected that predictors linked to productivity, such as temperature and precipitation, are
positively associated with both functional diversity (e.g., Ordonez & Svenning, 2017) and
network specialization (Dalsgaard et al., 2011; Trgjelsgaard & Olesen, 2013; Martin Gonzélez
et al., 2015), whereas past climate instability should decrease specialization (Dalsgaard et al.,
2011; Ordonez & Svenning, 2017). Climatic seasonality, on the other hand, may increase both

the functional diversity (Swenson et al., 2012) and interaction partitioning (Schleuning et al.,
9
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2014) by causing regular species turnover related to predictable environment variability. In
addition to climatic effects, we expected that topographical heterogeneity has a positive effect
on both functional diversity and network specialization by generating habitat heterogeneity
and enabling species to track changing climates more easily (Sonne et al., 2016; Ordonez &
Svenning, 2017), while insularity is expected to have a negative effect due to ecological
release and increased generalization on islands (Traveset, Olesen, et al., 2015). We tested
these hypotheses by examining how environmental predictors affect network structure both

directly and indirectly through their influence on functional diversity.

2 METHODS

2.1 Plant-hummingbird networks

We used a dataset of 74 quantitative plant-hummingbird interaction networks distributed
across the Americas (Figure 1), from 38°58' North to 31°48' South (updated from Martin
Gonzaélez et al., 2015; see Appendix S1 in Supporting Information). Each network describes
interactions among plant and hummingbird species for a given community, with interactions
summarized as a quantitative bipartite matrix having plants as rows and hummingbirds as
columns, and each cell filled with the observed frequency of pairwise interactions. We
focused on mutualistic interactions among plants and hummingbirds, and thus excluded
instances of nectar robbery or theft, as they characterize other interaction types (Maruyama,
Vizentin-Bugoni, Dalsgaard, Sazima & Sazima, 2015). Species names and classification
followed The Plant List (www.theplantlist.org) and the International Ornithological

Committee World Bird List (IOC, www.worldbirdnames.org), respectively. In total, our
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dataset comprised 158 species of hummingbirds (~46% of the 345 species in the 10C Bird

List, Appendix S2) and 984 species of plants from 85 families (Appendix S3).

2.2. Hummingbird morphological traits and functional diversity

For all hummingbird species, we compiled information on three morphological traits that
influence their interactions with flowers as well as interspecific competition for nectar: bill
length, bill curvature and body mass (Snow & Snow, 1972; Feinsinger & Colwell, 1978;
Stiles, 1981; Dalsgaard et al., 2009; Maruyama et al., 2014; Vizentin-Bugoni et al., 2014;
Maglianesi et al., 2014, Maglianesi, Bluthgen, et al. 2015; Lopez-Segoviano et al., 2018). Bill
length and curvature were measured by inspecting an average of 10 adult specimens, both
males and females, deposited at museums (see details in Appendix S6); body mass data were
gathered from the literature (Appendix S2). For all three traits, we used the mean trait values
per species, as interspecific trait variation is larger than intra-specific variation and plays a
larger role in determining the division of floral resources among coexisting hummingbird
species (Graham et al., 2012; Tinoco, Graham, Aguilar & Schleuning, 2017). In our data, the
intraspecific coefficient of variation across all hummingbird species averaged 6.2% for bill
length and 8.3% for bill curvature, while interspecific variation amounted to 42.4% and

246.9%, respectively (see also Appendix S2).

To calculate hummingbird FD metrics, we computed the pairwise Euclidean distances
between hummingbird species based on their traits. These distances were projected into a
functional trait space using a Principal Coordinate Analysis (Villéger, Mason & Mouillot,
2008; Figure 2). Traits were standardized to zero mean and unit variance prior to the
calculation of Euclidean distances. We used two measures to quantify distinct facets of FD in
hummingbird communities. First, we calculated from the multivariate trait space the sum of

the branch length of the Minimum Spanning Tree (MST) connecting all hummingbirds co-
11
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occurring in a community. This measure estimates the total trait variability within each
community and is similar to functional richness (Villéger et al., 2008), but has the advantage
that it can be calculated for communities comprising only two co-existing species (as was the
case for some communities in North America and the Caribbean islands). Large MST values
indicate the occurrence of species with distinct traits, but do not consider species abundance
in its calculations. Second, we calculated the Functional Dispersion (FDis) of each
community by computing the mean distance of all species in a community to its centroid in
functional trait space (Laliberté & Legendre, 2010). FDis accounts for differences in species’
frequencies in the community, by weighting the mean distance and the position of the
community centroid with species’ abundances. In this study, we approximated hummingbird
species abundance by using the sum of interactions for each hummingbird species in the
interaction matrices (see details in Appendix S7, S8). High values of hummingbird FDis
indicate the co-occurrence of hummingbird species with distinct trait combinations (Laliberté
& Legendre, 2010). Calculation of FDis was performed with the function dbFD in the R
package ‘FD’ (Laliberté¢ & Legendre, 2010). The two functional indices analyzed in this study
(MST and FDis) represent complementary aspects of FD and are only moderately correlated
(Pearson's r = 0.57, P < 0.05, n = 74 networks). If FDis is calculated without weighting by
species abundance, this correlation becomes higher (r = 0.80, P < 0.05). Moreover, MST
showed a stronger correlation with hummingbird species richness (Pearson's r = 0.76, P <

0.05) than did weighted FDis (r = 0.43, P < 0.05).

2.3. Plant functional diversity

For a subset of 28 networks, including mainland and island communities and comprising 103
hummingbird and 467 plant species (51.2% and 47.5% of the complete dataset, respectively),
we also computed plant functional diversity. We considered three traits that have been

12
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317

associated with hummingbird specialization and partitioning of interactions among flowers: 1)
floral corolla length (e.g., Maglianesi et al., 2014; Maruyama et al., 2014); 2) color spectrum
visible to human eye of the visited flowers, reflecting different degrees of specialization to
ornithophily (Wilson, Castellanos, Hogue, Thomson & Armbruster, 2004; Dalsgaard et al.,
2009); and 3) plant life form, reflecting resource availability (Feinsinger & Colwell, 1978)
and/or vegetation strata (Jordano, Bascompte & Olesen, 2006; see details on plant trait
assessment at Appendix S4-S6). We calculated plant FDis for each network, based on the
pairwise Gower distances as suggested for the combination of continuous and categorical trait
variables (Laliberté & Legendre, 2010). Weights of individual species in the FDis metric were
given by independent measures of local floral abundances (Appendix S6). For this same
subset of communities, we also re-calculated hummingbird FDis to test whether it relates to
plant functional diversity. In addition, we estimated plant and hummingbird FDis based only
on corolla and bill length, respectively, as we only had the corolla length as a continuous
variable for plants. Results from single-trait analyses were qualitatively identical and are

therefore not shown.

2.4 Network indices and sampling intensity

To characterize network structure, we calculated two quantitative indices widely used in the
literature to quantify the extent to which species partition their interactions, namely
complementary specialization (H2' and d', Blithgen, Menzel & Bliithgen, 2006), and
quantitative bipartite modularity (Q, Dormann & Strauss, 2014). Although conceptually
distinct, these indices characterize a similar ecological pattern from the hummingbird’s
perspective, namely the partitioning of interactions along a niche dimension represented by
the plant species in the network (Blithgen, 2010). The complementary specialization indices
derive from Shannon’s entropy and quantify how realized species’ interactions differ from

13
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those expected in randomly interacting communities relative to partner availability, i.e. reflect
the niche partitioning among species (Bluthgen et al., 2006; Blithgen, 2010). Two variants,
the network-wide specialization Hy' and the species level specialization d' are commonly
used; a guild level specialization can be estimated as the weighted mean of d' across all
species from the same guild <d'> (Bluthgen et al., 2006). In our dataset, hummingbird
specialization <d'> was strongly correlated with network wide specialization Hy' (Pearson's r
= 0.93, P < 0.05). We mostly focused on <d'> as we calculated FD based on morphological

data for hummingbird species.

A complementary measure of interaction partitioning is modularity Q, which
quantifies the prevalence of preferentially interacting subgroups in the networks (Dormann &
Strauss, 2014). The formation of such modules of interacting species can be related to a high
degree of trait matching between species (Maruyama et al., 2014, Maruyama, Vizentin-
Bugoni, Dalsgaard, Sazima & Sazima, 2015). Here, we used the QuanBiMo, a modularity-
searching algorithm specifically designed for quantitative bipartite networks (Dormann &
Strauss, 2014). Both <d'> and Q scale from 0 to 1, with zero indicating low
specialization/modularity and 1 high specialization/modularity (Bluthgen et al., 2006;
Dormann & Strauss, 2014). Network analyses were conducted using the ‘bipartite’ package in

R (Dormann, Frund, Bluthgen & Gruber, 2008; R Core Team, 2016).

Intrinsic characteristics of the networks, such as size (i.e., number of interacting
species) and sampling effort, may affect network indices (Bluthgen et al., 2006; Vizentin-
Bugoni et al., 2016). The quantitative network indices used here take species interaction
frequencies into account and are less sensitive to sampling insufficiency than metrics based
on binary networks that only report the presence or absence of interactions between species
pairs (Blithgen et al., 2006; Vizentin-Bugoni et al., 2016). Nevertheless, to minimize
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potential biases due to differences in sampling among networks, we A-transformed our
metrics (Schleuning et al., 2012, Dalsgaard et al., 2017). In this transformation, the mean
value of a metric obtained by multiple randomizations of a null network is subtracted from the
observed value (Schleuning et al., 2012, Dalsgaard et al., 2017). Here, we used the Patefield
null model, which fixes the network size and the marginal totals, i.e. species richness and
species’ total number of interactions, while shuffling interactions randomly (Dormann et al.,
2008). The specialization index <d'> is already subject to a correction for the marginal totals
of the species in the network (Bliithgen et al., 2006), but modularity is not (Dormann &
Strauss, 2014); thus, we report the null model corrected AQ values in the main results.
Nonetheless, results for both untransformed and A-transformed specialization and modularity

metrics were similar (see Appendix S9).

In addition to null model corrections, we calculated sampling intensity (SI) and
network asymmetry, both of which may affect the degree of specialization (Bllthgen et al.,
2006; Schleuning et al., 2012). Sampling intensity is defined as the square root of the number
of interaction events divided by the geometric mean of the total species number in the given
bipartite network (Schleuning et al., 2012) and network asymmetry is defined as the ratio
between hummingbird and plant richness. Since network asymmetry was only weakly related
to the calculated metrics (r = -0.21, P = 0.07 for <d'> and r = -0.09, P = 0.42 for AQ), we did

not consider it further. However, SI was included in the models (see Table 1).

2.5 Environmental variables

We extracted information on current climate, topography, and long-term climate stability
within a 10 km radius around each study site from WorldClim 30 arc-second rasters
(Hijmans, Cameron, Parra, Jones & Jarvis, 2005). Current climate was represented by mean

annual temperature (MAT), mean annual precipitation (MAP), temperature seasonality
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(estimated as the standard deviation across monthly temperatures; TS), and precipitation
seasonality (estimated as the coefficient of variation for monthly precipitation means; PS). To
determine the topographical variation (Topography) at each study site, we also used the
WorldClim digital elevation model (DEM). This combines the SRTM gap-filled 30 arc
second DEM (CGIAR - http://srtm.csi.cgiar.org/), covering from 60N to 60S with the
GTOPO30 DEM (https://lta.cr.usgs.gov/GTOPO30) for other parts of the world. Topography
was represented by the standard deviation of elevation within a 10 km radius around each
study site. We described paleoclimate stability using the change in temperature and
precipitation from the Last Glacial Maximum (LGM) to the present, as estimated using two
different models, CCSM3 (Collins et al., 2006; Otto-Bleisner et al., 2006) and MIROC 3.2
(K-1 model developers, 2004). For each site, we calculated the change in temperature and
precipitation from the LGM to the present (Anomaly), and its spatial rate of displacement
(Velocity) as complementary measures of past to present climate variability (Loarie et al.,
2009). As our data cover a large geographical extent, we assumed that the regionally
downscaled climate estimates are good indicators of the variation of local climate among
communities. In addition to data on past and current climate and topography, we included
insularity as a dummy variable (1 - island, 0 - mainland). To meet statistical assumptions of
normality, MAP was square root transformed and TS was log-transformed prior to further
analyses. All variables were scaled to zero mean and unit variance. As velocity and anomaly
both describe historical climate change, and are derived from the same model projection, we
built one model for each of the two measures of historical climate change. As velocity
includes topographical heterogeneity in the calculations (Loarie et al., 2009), we did not
include velocity and topography in the same models. In the main text, we report the results

regarding anomaly and topography; results regarding velocity as an integrated measure of
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historical climate variability were qualitatively similar and are reported in the Supplement

(Appendix S10).

2.6 Macroecological analysis

We divided the macroecological analysis into two steps in order to simplify and reduce the
number of predictors in the Structural Equation Models (SEMs). First, we fitted multi-
predictor linear models for both specialization <d'> and modularity AQ, considering the two
indices for hummingbird FD (MST and FDis), separately, plus hummingbird richness
(Hummingbirds). Besides these predictors, we included the following environmental
predictors: temperature (MAT), precipitation (MAP), temperature seasonality (TS),
precipitation seasonality (PS), topography (Topo), temperature anomaly (AnomT),
precipitation anomaly (AnomP) and insularity (Insu). Finally, we included plant species
richness (Plants) that has been shown to influence resource partitioning in flower-bird
networks (Zanata et al., 2017), potentially independent of floral functional diversity (Souza et
al., 2018). For the subset of 28 networks with plant FDis measures, we used linear models to
test whether plant FDis predicted network level specialization Hy' and AQ. The same

procedure was repeated with hummingbird FDis within this subset.

We fitted four principal models incorporating the combinations of two measures of FD
(MST and FDis) and the two network indices (<d'> and AQ). The two FD measures were
always fitted separately as these were correlated; for comparison, we also fitted a model with
unweighted FDis (i.e., without incorporating abundance; Appendix S11). We checked for
multicollinearity in the full model by evaluating the condition number (CN < 5) and the
variance inflation factor (VIF < 5). This led to the exclusion of MAT and Hummingbird
richness as predictors (see additional results in Supporting Information). Models considering

hummingbird richness instead of FD measures had less statistical support (Appendix S12).
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Model performance of all combinations of predictor variables was assessed based on the
Akaike Information Criterion with correction for small samples (AlICc). Model selections
were performed with the function dredge in the R package ‘MuMIn’ (Barton, 2014),
according to their AlCc. In all cases, multiple models presented AAICc values < 2.0 in
relation to the best model, i.e., no single best model was identified (Burnham & Anderson,
2002). Hence, model averaging was performed across all possible models using the function
model.avg in ‘MuMIn’ (Barton, 2014). We report the averaged coefficient values and the
relative importance of each predictor variable by summing the Akaike weights across the
models including the respective variable across all possible models (i.e., Xwi; Burnham &
Anderson, 2002). We did not include interaction terms between predictors in our models due
to the lack of a clear hypothesis justifying their inclusion. Spatial autocorrelation in models’
residuals was assessed by computing Moran’s | correlograms using the ‘ncf” package in R
(Bjornstad, 2016), with distance classes of 500 km and a truncation distance of 5000 km. The
linear model with specialization <d'> showed significant positive spatial autocorrelation.
Therefore, we re-ran this model using a simultaneous autoregressive (SAR) model that
specifies the autoregressive processes within the error term (Kissling & Carl, 2008). The SAR
modeling was conducted using the “spdep” package in R (Bivand & Piras, 2015). The spatial
connections between networks were determined as the three nearest neighbors. For the SAR
model, no significant spatial auto correlation remained in the residuals (see also Appendix

S6).

The second step of our analysis used SEMs to quantify the extent to which predictors
influence network structure directly or indirectly via FD. The advantage of SEMs is that both
direct and indirect associations among variables are considered simultaneously, hence

allowing a hierarchical model structure (Shipley, 2002). We constructed two sets of SEMs for

18



438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

each of the network metrics: (i) one based on the hypothesis that environmental and species
richness predictors affect FD and network metrics in parallel, resulting in covariation between
FD and network metrics, and (ii) another based on the hypothesis that FD directly affects
network metrics (no covariation between FD and network metrics). A priori SEMs were
constructed based on results from the previous model selection, which consistently
demonstrated that insularity, MAP and plant richness had the greatest importance in
determining network structure. All other predictors, except hummingbird FDis, had
consistently low importance values, usually with a Xw; below 0.3, and thus were not included
in the SEMs (see Table 1, S9-S12). As MST was found not to influence <d'> or AQ, only
SEMs for FDis were constructed. By including the same set of predictors in each SEM,
models were directly comparable, enabling a direct interpretation of whether environmental
factors and plant richness are likely to affect network structure directly or indirectly through
the functional composition of morphological traits (Shipley, 2002). Appropriate fits for SEMs
were obtained by including error covariance links based on high modification indices and
large residual correlations. Model fit was evaluated with a chi-square test, a comparative fit
index (CFI), and a Root Mean Square Error of Approximation (RMSA). The chi-square test
measures the coincidence between the empirical and the fitted variance-covariance structure
in the data. Here, models were accepted if P > 0.05. The CFI relates the chi-square of the
model, with the chi-square value of an independent model assuming zero correlation among
variables while also accounting for sample size (Shipley, 2002). CFI ranges between 0 and 1,
and models with CFI > 0.09 were considered to have an appropriate fit (Shipley, 2002).
Finally, the RMSA index was included due to its sensitivity to the number of fitted
parameters. A RMSA < 0.07 indicated an appropriate model fit (Shipley, 2002). All SEM
analyses were conducted using the ‘lavaan’ package (Rosseel, 2012) in R (R Core Team,

2016).
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3 RESULTS

Communities varied considerably in measures of hummingbird functional diversity
(coefficient of variation - CV; MST = 55.3%; FDis = 43.4%) and network structure (CV;
<d'> = 53.1%; Q = 48.5%, Figure 1). No strong latitudinal trend was observed for these
variables (linear models with absolute latitude as a predictor; hummingbird FDis: R?= 0.08, P
= 0.02; <d'>: R?=0.05, P = 0.05; Q: R?=0.09, P < 0.01), although MST was higher at low
latitudes (R? = 0.37, P < 0.01).

All best-fitting models included hummingbird FDis as a predictor, showing a positive
association with both hummingbird complementary specialization <d'> and network
modularity AQ (Table 1; Figures 1-2). Moreover, FDis was the only variable that consistently
had high importance values across different models, with a positive effect on both
untransformed and A-transformed network indices (Table 1, Appendix S9). On the other
hand, MST had a negligible importance in predicting network structure (Table 1), as did
unweighted FDis (Appendix S11) and hummingbird richness (Appendix S12). MAP was
positively related to hummingbird specialization <d'> (Table 1), whereas plant richness was
positively and insularity negatively related to modularity AQ (Table 1). Other environmental

variables were not important in any of our models.

For the subset of 28 networks with plant abundance and trait data, plant FDis showed
less variation than hummingbird FDis (Coefficient of Variation = 24.2% vs. CV = 43.2%,
Appendix S5). Plant FDis was unrelated to plant richness (R? = 0.01, P = 0.51) and
hummingbird FDis (r = 0.07, P = 0.70), and also to network structure (Hz": R? = 0.01, P =
0.54; AQ: R? = 0.04, P = 0.34). Within this subset, hummingbird FDis was positively
associated with the degree of interaction partitioning (H2": R?= 0.36, P < 0.01; AQ: R?= 0.55,
P < 0.01), consistent with the analysis across all networks.
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SEMs indicated that the combined influence of precipitation, insularity and plant
richness explained a larger amount of the variation in specialization and modularity than in
FDis (Figure 3a, c). Notably, including hummingbird FDis as predictor of network structure
(Figure 3b, d) increased the overall explanatory power of the models (adjusted R?, Figure 3).
Environmental predictors affected network structure more strongly through direct links, but
also had indirect effects through their influence on functional diversity. Precipitation (MAP)
affected specialization both directly (4 = 0.32; Figure 3b) and indirectly through FDis
(indirect coefficients are obtained by multiplication of coefficients, i.e., 0.41 x 0.31 = 0.13;
Figure 3b). In the case of modularity, the indirect association with precipitation (0.41 x 0.39 =
0.16; Figure 3d) was similar to the direct one (# = 0.14; Figure 3d). Plant species richness
(specialization: direct = 0.19, indirect = 0.07; modularity: direct = 0.27, indirect 0.09; Figure
3b, d) and insularity (specialization: direct = -0.21, indirect =-0.06; modularity: direct = -0.28,
indirect -0.07; Figure 3b, d) showed stronger direct and weaker indirect associations with

network metrics.

4 DISCUSSION

Functional diversity of hummingbirds was correlated with network structure in plant-
hummingbird communities across the Americas, with hummingbird communities composed
of functionally distinct species (i.e., those with a high functional dispersion) forming
specialized and modular interaction networks with their nectar plants. In contrast, plant
functional diversity was unrelated to network structure. Our result that precipitation was both
directly and indirectly related to network structure through its association with hummingbird

functional diversity illustrates how the environment, through its effects on community trait
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composition, may influence the realization of species interactions within local communities

(McGill, Enquist, Weiher & Westoby, 2006).

In addition to precipitation, we show that plant richness was positively related to the
extent to which hummingbirds partition floral resources, with both direct and indirect effects
through hummingbird functional diversity. This association may be driven by the resource
diversity for hummingbirds, and partly be related to precipitation since the annual number of
days with rainfall — a variable closely related to annual precipitation — is one of the major
drivers of global vascular plant richness (Kreft & Jetz, 2007). This notion is reinforced by the
importance of plant species richness in our models, and its covariation with precipitation
(Table 1, Figure 3). A global analysis of nectarivorous birds, including hummingbirds,
honeyeaters and sunbirds (Zanata et al., 2017), had previously reported a positive relationship
between plant richness and network specialization. Interestingly, the association between
plant richness and network structure was not mirrored by co-variation between network
structure and plant functional diversity (see also Souza et al., 2018). One possible reason for
this is that, in contrast to birds, interaction frequencies of plants usually do not reflect their
abundances (Vizentin-Bugoni et al., 2014; Weinstein & Graham et al., 2017). For instance,
plant species with long corollas often have low abundances (see Vizentin-Bugoni et al.,
2016), thus contributing little to abundance-weighted estimates of plant FDis. However, long
corolla flowers are frequently visited by abundant long-billed hummingbirds, thus generating
interaction partitioning (Maruyama et al., 2014; Maglianesi, Bohning-Gaese et al., 2015;
Weinstein & Graham et al., 2017). This potentially results in a mismatch between the
functionally most distinct plant species and those that provide most floral resources, i.e.,
higher floral abundance. A closer association between consumer FD and network

specialization may also result from phenological differences between plants and animals.
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While most hummingbirds stay in the community for most of the year, plant species
flowering turnover is usually high, meaning that morphologically specialized plant species are
temporarily replaced by other functionally similar ones (Bergamo et al., 2017). This means
that from the plant side, there is higher redundancy between species and the processes driving
niche partitioning may differ between plants and animals. For instance, hummingbirds often
compete for floral resources, as exemplified by their frequent aggressive defense of floral
resources (Feinsinger & Colwell, 1978), which likely enforces niche partitioning among birds
more than among co-flowering plant species. Overall, our results indicate that total
resource/niche space, as expressed by plant richness, allows for a finer division of resources

(Dalsgaard et al. 2011)

In addition to the positive effect of precipitation and plant richness, insularity had a
negative association with functional diversity and network metrics (Figure 3). Although the
direct links between insularity, specialization and modularity were stronger than the indirect
effects, we could also detect indirect relationships between network structure and insularity
through bird functional diversity. Island communities, especially from oceanic islands, tend to
show a high degree of generalization, consistent with an interaction release and niche
expansion in improvised communities (Traveset, Olesen, et al., 2015). Consequently, plant-
pollinator interaction networks on these islands can be less specialized than those on
continents, for instance by showing higher pollinator overlap among plants (Traveset, Tur, et
al., 2015). In accordance with this, higher generalization has been previously shown for
insular plant-hummingbird networks (Martin Gonzalez et al., 2015), and our results here
indicate that part of this higher generalization is associated with the lower functional diversity

of hummingbirds on islands.

23



557

558

559

560

561

562

563

564

565

566

567

568

569

570

571

572

573

574

575

576

577

578

579

580

The incorporation of functional diversity constitutes an important step towards
identifying determinants of network structure at large spatial scales and is particularly
promising for scaling up our understanding of natural systems from local to global scales
(Kissling & Schleuning, 2015; Gravel et al., 2016). Furthermore, it may allow a better
assessment of the association between community structure, ecosystem functioning and
responses to disturbance (Fontaine et al., 2005; Frund et al., 2013; Mouillot et al., 2013;
Schleuning et al., 2015; Tylianakis & Morris, 2017). For instance, niche partitioning among
morphologically distinct hummingbirds may promote optimal foraging, as trait-matching
leads to an increased efficiency in floral resource use (Maglianesi et al., 2014). In addition, an
increase in floral niche partitioning among pollinators is likely to increase the quality of
pollination services among plants through an increase in conspecific pollen transfer (Inouye,
1978; Brosi & Briggs, 2013). Hence, if pollinator functional diversity is reduced in response
to climate change or direct human-induced disturbances (e.g., Grass et al., 2014; Rader et al.,
2014), this is likely to result in a reduced resource partitioning among pollinators and lower
pollination effectiveness (Fontaine et al., 2005; Friind et al., 2013; Schleuning et al., 2015). In
this regard, we note that not only species traits, but also species’ abundances seem to be
relevant, as unweighted functional diversity metrics (MST and unweighted FDis) were only
weakly associated with network structure. Other studies have similarly found that unweighted
functional diversity indices were only weakly associated with ecosystem functions delivered
by animal communities (e.g., Gagic et al., 2015). Therefore, functionally distinct species in a
community must be sufficiently abundant to fulfill their functional roles in interactions
networks and contribute to ecosystem functioning. The apparent asymmetry between plant
and bird functional diversity could stem from generally low floral abundances of

morphologically specialized plant species, each playing a minor role at the community level,
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compared to functionally specialized hummingbirds with high abundances, which fulfill

critical ecological roles in many communities.

Taken together, our results show an association between environmental factors,
pollinator functional diversity, and network structure at a continental scale, in which
environmental and species richness predictors determined network structure both directly and
indirectly through functional trait diversity. Moving forward, studies should investigate how
interaction networks affect the evolution of the traits of the species embedded in networks
(Guimaraes, Jordano & Thompson, 2011) and the assembly of interacting species within
communities (Bartomeus et al., 2016). For instance, simulation studies may be able to
evaluate how present network structure will affect the diversity of species and their functional
traits in potential future communities, which in turn should feedback on the structure of
interaction networks (Guimardes et al., 2011, Bartomeus et al., 2016). In conclusion, we
believe that our results showing that environmental factors exert indirect effects on interaction
niche partitioning mediated by consumer trait diversity yield a first step towards a
mechanistic understanding of how the environment influences the structure of species
interaction networks. Hence, potential future changes in pollinator functional diversity are
expected to alter the structure of interaction networks and associated ecosystem functions

such as pollination.
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TABLE 1 Model selection and averaging results of the multi-predictor linear models explaining the variation of hummingbird specialization
<d'> and network modularity AQ, corrected by the Patefield null model. We used two functional diversity measures, functional dispersion
(FDis) and minimum spanning tree (MST) reflecting different aspects of trait diversity in hummingbird communities. Important predictors in
explaining network indices variation (Xw;j> 0.8) are highlighted in bold. We also show the AICc: corrected Akaike’s information criterion;
AVM: standardized coefficients of the averaged model across all models; MAM: standardized coefficients of the minimum adequate model with
the lowest AlCc value; R? adj: variation explained by the minimum adequate model with the lowest AICc. Acronyms of the predictors - FDis:
functional dispersion; MST: minimum spanning tree; Plants: plant richness; MAP: mean annual precipitation; TS: temperature seasonality; PS:
precipitation seasonality; AnomT: temperature anomaly; AnomP: precipitation anomaly; Topography: topographical variation; SI: sampling
intensity. See Methods for details.

Complementary specialization <d'> Modularity AQ
FDis MST FDis MST

wi AVM MAM wi AVM MAM >wi AVM MAM *wi AVM MAM
FD index 0.97 033 0.31 0.28 0.02 - 1.00 043 043 0.55 0.12 -
Plants 0.75 0.16 0.19 0.89 0.23 0.26 0.98 0.28 0.28 098 034 0.35
MAP 0.92 0.30 0.33 0.99 0.44 0.45 0.32 0.03 - 0.70 0.17 0.30
TS 0.32 0.03 - 0.30 0.03 - 0.23 -0.01 - 0.25 0.01 -
PS 0.23 -0.01 - 0.23 0.01 - 0.54 -0.08 -0.16 0.36 -0.04 -
AnomT 0.27 -0.02 - 0.26 -0.02 - 0.26 0.01 - 0.27 0.02 -
AnomP 0.29 -0.02 - 0.25 -0.01 - 0.44 -0.06 - 0.38 -0.05 -
Topography 0.32 0.03 - 0.33 0.03 - 0.27 -0.02 - 0.26 -0.02 -
Insularity 0.77 -0.17 -0.21 0.86 -0.22 -0.27 099 -0.31 -0.28 0.97 -0.32 -0.35
SI 0.29 -0.02 - 0.38 -0.05 - 0.52 0.08 - 0.31 0.03 -
R? i 0.42 0.36 0.48 0.37
AlCc 177.3 183.8 168.9 182.7

36



824

825

826

827

828

829

830

831

832

833

FIGURE 1 The location of the 74 plant-hummingbird networks used in the study, showing the
relationship between hummingbird specialization <d'> and functional dispersion. For clarity,
circles for some study sites were moved slightly to minimize overlap. The illustration on the
right depicts how hummingbirds with distinct morphologies partition their interactions by
associating with flowers of corresponding morphology (from network ID 52; Top: Planalto
Hermit, Phaethornis pretrei and Manettia cordifolia with long curved corolla; Bottom:
Glittering-throated Emerald, Amazilia fimbriata and Palicourea rigida with a short corolla).
Points along the white-grey-black gradient indicate communities with better correspondence

between functional dispersion and specialization.
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834 FIGURE 2 The relationship between hummingbird functional dispersion (FDis) and network
835  structure. (a) An example illustrating two networks with similar number of hummingbird
836  species (Net 74 = 7, Net 22 = 8), but with contrasting FDis. Networks on top depict the
837 interaction networks with hummingbird species indicated by red and blue boxes at the top and
838  plant species indicated by black boxes at the bottom (with the interactions indicated by grey
839 lines). (b) FDis is measured as the mean of the distance (Zi) of a species (small circles) to its
840 community centroid (large circles) in multivariate trait space generated by a Principal
841  Coordinate Analysis. Notice that the community from Costa Rica (blue/right) includes several
842  species located distantly from the community centroid, in contrast to the community from
843  Southern Brazil (red/left). Linear regressions showing the relationship between hummingbird
844  (c) specialization <d'> and (d) modularity AQ with FDis. Note that the two networks from (a)

845 are indicated with their respective colors.
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FIGURE 3 Structural equation models (SEMs) showing the direct and indirect associations
among environmental and richness predictors, functional dispersion (FDis) with
complementary specialization (<d'>; 3a, b) and modularity (AQ; 3c, d). Models in (a) and (c)
assume a covariation between FDis and networks structure, while (b) and (d) consider a
directional relationship between FDis and network structure. In both cases, the value of R? is
substantially higher in the models that include the direct link between FDis and network
metrics. Black arrows indicate positive relationships while red arrows indicate negative
relationships, with the thickness of each arrow reflecting their standardized path coefficients.

Double-headed grey arrows indicate covariance links.
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