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Indirect effects drive coevolution in mutualistic

networks

Paulo R. Guimaries Jr!, Mathias M. Pires?, Pedro Jordano?, Jordi Bascompte* & John N. Thompson®

Ecological interactions have been acknowledged to play a key role
in shaping biodiversity!%. Yet a major challenge for evolutionary
biology is to understand the role of ecological interactions in
shaping trait evolution when progressing from pairs of interacting
species to multispecies interaction networks?. Here we introduce
an approach that integrates coevolutionary dynamics and network
structure. Our results show that non-interacting species can be as
important as directly interacting species in shaping coevolution
within mutualistic assemblages. The contribution of indirect
effects differs among types of mutualism. Indirect effects are more
likely to predominate in nested, species-rich networks formed by
multiple-partner mutualisms, such as pollination or seed dispersal
by animals, than in small and modular networks formed by intimate
mutualisms, such as those between host plants and their protective
ants. Coevolutionary pathways of indirect effects favour ongoing
trait evolution by promoting slow but continuous reorganization
of the adaptive landscape of mutualistic partners under changing
environments. Our results show that coevolution can be a major
process shaping species traits throughout ecological networks.
These findings expand our understanding of how evolution driven
by interactions occurs through the interplay of selection pressures
moving along multiple direct and indirect pathways.

Coevolution, the reciprocal adaptation resulting from ecological
interactions, shapes the adaptive peaks of pairs of interacting species
(Fig. 1a, b). Ultimately, selection driven by ecological interactions
fuels adaptation in populations®, affects ecosystems?, and shapes the
responses of ecological assemblages to environmental change?. An
important challenge in advancing our understanding of how ecological
interactions shape biodiversity, however, is to determine how coevo-
lution acts when progressing from pairs or small groups of interacting
species®™!? to species-rich networks>!3-1, In species-rich networks,
the effects of selection may cascade and produce indirect effects
(evolutionary changes prompted by species that are not linked directly
as interacting partners). For example, selection imposed by one polli-
nator species may promote evolutionary changes in a plant species,
which may lead to changes in another pollinator species. Indirect effects
may change the adaptive landscape (Fig. 1c) and thereby drive trait
distributions in biological communities'#-'”. Nevertheless, the lack of a
conceptual framework to explore how direct and indirect effects shape
trait evolution in species-rich networks has hindered progress in our
understanding of these combined effects.

Here, we introduce an approach that combines evolutionary theory
and network theory to evaluate how direct and indirect effects shape
trait evolution in mutualistic networks. Using a single-trait coevolu-
tionary model, we explored how the importance of indirect effects to
trait evolution is affected by selection driven by mutualistic partners
and the environment, the additive genetic variance, the slope of the
selection gradient, and the constraints imposed by other traits that limit
the occurrence of certain interactions (Methods).

We used the structures of 75 empirical networks to parameterize our
simulations (Methods). The dataset encompassed six types of mutualism
categorized into two broad classes. Intimate mutualisms, such as
myrmecophytes hosting ants and anemones hosting anemonefishes,
are interactions in which an organism completes at least one life stage
on a single host. By contrast, multiple-partner mutualisms are those in
which an individual interacts with multiple partners throughout its life,
such as pollination by animals, seed dispersal by vertebrates, cleaning
interactions involving fishes and shrimps, and the facultative protection
of plants by visiting ants. We focused on intimate and multiple-partner
interactions because they have been proposed to have disparate effects
on coevolution®!%,

In mutualistic networks, most species interact with a small subset
of available partners, which limits the sources of direct evolutionary
effects (Fig. 2a). These direct effects, however, may cascade through the
network and generate indirect effects. By combining numerical
simulations with an analytical approximation, we computed a matrix
(T-matrix) that describes how selection imposed directly and indirectly
by mutualisms cascades through multiple pathways, thereby reshaping
the adaptive landscape (Fig. 2b and Methods). The T-matrix allowed
us to partition the potential contributions of direct and indirect
effects to trait evolution in species-rich networks (Methods). Because
reciprocal selection is a major component of indirect effects, we called
the T-matrix the coevolutionary matrix. Sensitivity analyses under
different model assumptions showed that the coevolutionary matrix
emerges regardless of multiple modelling choices (Supplementary
Methods).

Indirect effects contributed strongly to the trait evolution of species
in mutualistic networks. This result occurs because the combined
weak indirect effects of multiple non-interacting species compensate
for the fewer stronger direct effects of interacting partners (Fig. 2b).
Surprisingly, indirect evolutionary effects were stronger in species
with fewer interactions (specialists) than in highly connected genera-
lists (Fig. 2¢, d). For example, in a simulation using a species-rich
seed-dispersal network and assuming strong mutualistic selection
(<m>=0.740.01, Methods), less than 30% of selective effects on
specialist species (yellow dots; Fig. 2d) were driven by their direct
partners, whereas the combined effects of non-interacting species
accounted for approximately 40% of the selective effects on the traits
of specialists. These simulations varying the level of mutualistic selec-
tion indicated that indirect effects could be ignored only if mutualisms
were a negligible source of selection (Fig. 3a). Our results suggest that
coevolution in mutualistic networks may be governed to an unexpect-
edly large extent by species that do not interact directly with each other.

Having shown the potential importance of indirect effects for coevo-
lution within mutualistic networks, we next investigated how the con-
tribution of indirect effects to trait evolution may differ among types
of mutualism. We used empirical networks of different mutualisms
to designate which interactions occurred and which did not, but we
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Figure 1 | Mutualisms, selection, and trait distributions. Hypothetical
curves describing the distribution of traits for four species in a given
community in which the environment imposes selection favouring
particular trait values for each species (61, 65, 05, 64). a, In the absence of
selection imposed by mutualisms, selection favours the mean trait values
of each species that match the environmental optima (Z] =6,, Z5=0,,
Z3=03, Z,=04). b, Pairwise interactions reshape the adaptive landscape,
changing the favoured mean trait values for interacting species. ¢, If
species are part of a mutualistic network, then the indirect effects provided
by non-interacting species also play a role in reshaping trait distributions.

allowed interaction strengths to evolve in response to trait evolution.
These interactions connecting species in the network drive the
direct evolutionary effects, but also create pathways connecting non-
interacting species. Indirect evolutionary effects varied among different
types of mutualism (general linear model, Fs 593 =194.94, P < 0.0001;
Supplementary Table 2), exhibiting greater influence in multiple-
partner mutualisms than in mutualisms involving more intimate
interactions (Fig. 3b). These differences between types of mutualism
held after controlling for the effects of species richness (Supplementary
Table 3) and when using empirical ecological dependences as estimates
of direct evolutionary effects (Supplementary Methods).

We then evaluated which network patterns favour indirect evolu-
tionary effects (Methods). Multiple-partner mutualisms often form
nested networks, whereas intimate mutualisms form highly modular
networks!®. Indirect evolutionary effects were weaker in modular
networks than in species-rich, nested networks (R?>=0.69,
F,73=160.91, P < 0.0001; Fig. 3c). An analytical approximation of
the model using spectral graph theory confirmed that nestedness and
species richness increase indirect effects by enriching the number of
pathways connecting species in the network (Supplementary Methods).

In a multispecies network, environmental changes may favour
evolutionary responses in opposing directions for different species.
If indirect effects contribute extensively to trait evolution, then these
opposing indirect effects may spread through the network and create
conflicting coevolutionary cascades. We therefore evaluated how
indirect effects may shape evolutionary responses following envi-
ronmental perturbations in mutualistic networks. We ran the model
until it reached equilibrium and then simulated a long-lasting change
in environmental selection, such as a sustained change in rainfall, by
displacing the environmental optimum (Methods).

The perturbations changed the adaptive landscape, which triggered
changes in the network organization by altering the evolutionary effects
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Figure 2 | Direct and indirect effects in networks. a, b, Matrices
representing a mutualistic network (network 45; Supplementary

Table 1, see also Methods), with warmer colours indicating stronger
evolutionary effects of a species (column) on the trait evolution of another
species (row). a, Mutualistic networks often show few direct evolutionary
effects (elements of Q-matrix) but (b) numerous indirect effects
(elements of T-matrix) because multiple pathways connect species.

¢, d, In species-rich networks, specialists (smaller nodes with cooler
colours) are more affected than generalists (larger nodes with warmer
colours) by the indirect evolutionary effects of species two or more
degrees of separation away. Parameters: ¢ =0.2 £ 0.01, §;= U[0, 10], and
<m>=0.7+£0.01.

of interactions and subsequently promoted further trait evolution.
The greater the indirect evolutionary effects, the longer was the time
required for a given mutualistic network to reach a new equilibrium
(R*=0.71, F; 73=179.68, P < 0.001; Fig. 4a). Thus, indirect effects
induced long transients'® in the coevolutionary dynamics of multiple-
partner mutualisms (Fig. 4a). The conflicting indirect effects also
reduced the rate of directional evolution (R*=0.69, F 73 = 165.56,
P <0.001, Fig. 4b). These results held after controlling for the effects
of species richness (Supplementary Table 4). Thus, the structure of
multiple-partner mutualisms may slow the response to environmental
changes while lengthening the cascading effects of the perturbations,
thereby promoting the endurance of coevolutionary dynamics.
Although indirect effects are a major component of how species
interactions affect biodiversity, as in the case of trophic cascades®,
trait-mediated cascades'?, and competition®!, we are just beginning
to understand how much indirect effects contribute to evolution in
species-rich assemblages. Quantifying indirect effects in complex
networks is a current challenge in many fields of research. Indirect
effects are a fundamental component of processes affecting popula-
tion genetic structure??, financial markets®*, and cultural practices®.
The framework presented here, combined with appropriate models for
each system, may contribute to the characterization of indirect effects
in other complex networks. By introducing this framework, we have
shown that indirect evolutionary effects!? are a pervasive consequence
of nestedness and species richness in multiple-partner mutualisms.
Our results on the role of indirect effects in shaping trait evolution
suggest three major properties of coevolution in mutualistic networks.
First, these results challenge the view that only intimate mutualisms are
highly coevolved. Rather, coevolution proceeds differently in different
types of interaction. In intimate mutualisms, the direct selection
imposed by the mutual interdependence between partners is expected
to be strong>'8, whereas the organization of these small networks con-
strains the strength of indirect effects. By contrast, our analysis suggests
that indirect effects markedly affect trait evolution in multiple-partner
mutualisms. Thus, selection regimes imposed by multiple-partner
interactions are the outcome of a complex interplay among conflicting
selection pressures operating through multiple pathways. This high

© 2017 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.



[2]
@
O
(]
=
(0]

§ 0.8 I3

= —

= =

S s}

>

[0}

= 0.61

£

2 5

S 8

S 0.4+ §°

4:-" o)

e ®

b= o

€ R

o] o

O o

Indirect effects

[ T T T T
02 03 04 0.7 0.8

Mutualistic selection
b 104 "
§3)
(9]
=
[0]
0.8 g
5
0.6 4

Contribution to trait evolution

Indirect effects

(] ®
oo
2 ® . ® o oo
3] 3 )
® 0.4+ o e o0 e ®
= o o @ (J
[} ® S () °
— oo,
o .
2 ®e oo
_E 0.3 °
o
o
5
S 00l ® .
3 0.2 °
s o
5 .
o .
014 o

T T T T T T
-2 -1 0 1 2 3

Network structure (PC1)

Figure 3 | Determinants of indirect effects. a-c, Each circle represents
the mean contribution of indirect effects to trait evolution (n =800
simulations) parameterized with a given empirical network (1 =75
empirical networks). a, The mean contribution of indirect effects (red
bars) increases with mutualistic selection. b, After controlling for the level
of mutualistic selection, the indirect effects varied across mutualisms.

¢, Indirect effects increased along a gradient based on PC1 of a principal
component analysis (Methods) from small, modular networks (negative
values) to species-rich, nested networks (positive values). Types of
mutualism (b, ¢): blue, ants—myrmecophytes; green, anemones—
anemonefishes; purple, ants—nectary-bearing plants; light orange, cleaning
interactions; red, pollination; dark orange, seed dispersal.

level of integration may provide a mechanism for the emergence of

community-level trait patterns in mega-diversified mutualisms'”.
Second, indirect effects may alter the consequences of environ-

mental selective pressures by triggering trait evolution in other species
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Figure 4 | Indirect effects and environmental change. a, Higher
contributions of indirect effects to trait evolution (least square estimates
of a general linear model; see Methods) led to longer durations of the
coevolutionary dynamics triggered by the environmental changes.

b, Longer coevolutionary dynamics resulted from the contribution of
indirect effects that slowed the rate of directional adaptive change in the
mean trait values of interacting species, measured as the mean amount of
trait change per species per time step. Different colours indicate distinct
types of mutualism (Fig. 3).

within a mutualistic network. In multiple-partner mutualisms, in
which conflicting indirect effects are likely to be pervasive, the effects
of environmental change would take longer to diminish than they
would in intimate mutualisms. Because biological communities are
continuously affected by perturbations, these results imply that the
traits of species immersed in species-rich mutualistic networks may
often be far from equilibrium'?, leading to slow but continuous coevo-
lution that will repeatedly reshape selection regimes and species traits
atalocal level.

Third, because interactions are mediated by species traits, trait
evolution leads to the reorganization of the network, generating eco-
evolutionary feedbacks. The reorganization of the network structure
as a result of the indirect effects of coevolution may explain why and
how mutualisms persist amid the turnover of species and interactions
across space and time®®. Conflicting indirect effects, though, may
lessen the degree and slow the rate at which species respond to the
rapid environmental change currently driven by human activities®®,
affecting population demography in ways that increase their vulnera-
bility to extinction®?”. If this is true, then the network properties that
favour direct and indirect evolutionary effects, continuously reshap-
ing species traits under normal conditions, may also threaten these
same species when the community is subjected to the rapid, human-
driven environmental changes occurring in biological communities
worldwide.

26 OCTOBER 2017 | VOL 550 | NATURE | 513

© 2017 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.



LETTER

Online Content Methods, along with any additional Extended Data display items and
Source Data, are available in the online version of the paper; references unique to
these sections appear only in the online paper.

Received 13 June; accepted 8 September 2017.
Published online 18 October 2017.

1. Ehrlich, P.R. & Raven, P. H. Butterflies and plants: a study in coevolution.
Evolution 18, 586-608 (1964).

2. Thompson, J. N. The Geographic Mosaic of Coevolution (Univ. Chicago Press,
2005).

3. Galetti, M. et al. Functional extinction of birds drives rapid evolutionary changes
in seed size. Science 340, 1086-1090 (2013).

4. Koskella, B. & Brockhurst, M. A. Bacteria-phage coevolution as a driver of
ecological and evolutionary processes in microbial communities. FEMS
Microbiol. Rev. 38, 916-931 (2014).

5. Parchman, T. L. & Benkman, C. W. Diversifying coevolution between crossbills
and black spruce on Newfoundland. Evolution 56, 1663-1672 (2002).

6. Brodie, E. D. lll. Genetic correlations between morphology and antipredator
behaviour in natural populations of the garter snake Thamnophis ordinoides.
Nature 342, 542-543 (1989).

7. Ridenhour, B. J. Identification of selective sources: partitioning selection based
on interactions. Am. Nat. 166, 12-25 (2005).

8. Strauss, S. Y, Sahli, H. & Conner, J. K. Toward a more trait-centered approach
to diffuse (co)evolution. New Phytol. 165, 81-90 (2005).

9. Iwao, K. & Rausher, M. D. Evolution of plant resistance to multiple herbivores:
quantifying diffuse coevolution. Am. Nat. 149, 316-335 (1997).

10. Thompson, J. N., Schwind, C., Guimarées, P. R. Jr & Friberg, M. Diversification
through multitrait evolution in a coevolving interaction. Proc. Nat/ Acad. Sci.
USA 110, 11487-11492 (2013).

11. Fox, L. R. Diffuse coevolution within complex communities. Ecology 69,
906-907 (1988).

12. Ohgushi, T, Schmitz, O. & Holt, R. D. Trait-Mediated Indirect Interactions:
Ecological and Evolutionary Perspectives (Cambridge Univ. Press, 2012).

13. Gdémez, J. M., Perfectti, F,, Bosch, J. & Camacho, J. P. M. A geographic selection
mosaic in a generalized plant-pollinator-herbivore system. Ecol. Monogr. 79,
245-263 (2009).

14. Nuismer, S. L., Jordano, P. & Bascompte, J. Coevolution and the architecture of
mutualistic networks. Evolution 67, 338-354 (2013).

15. Santamaria, L. & Rodriguez-Gironés, M. A. Linkage rules for plant-pollinator
networks: trait complementarity or exploitation barriers? PLoS Biol. 5, €31 (2007).

16. Guimaraes, P. R. Jr, Jordano, P. & Thompson, J. N. Evolution and coevolution in
mutualistic networks. Ecol. Lett. 14, 877-885 (2011).

17. Elias, M., Gompert, Z,, Jiggins, C. & Willmott, K. Mutualistic interactions drive
ecological niche convergence in a diverse butterfly community. PLoS Biol. 6,
2642-2649 (2008).

18. Fontaine, C. et al. The ecological and evolutionary implications of merging
different types of networks. Ecol. Lett. 14, 1170-1181 (2011).

514 | NATURE | VOL 550 | 26 OCTOBER 2017

19. Hastings, A. Transients: the key to long-term ecological understanding? Trends
Ecol. Evol. 19, 39-45 (2004).

20. Terborgh, T. & Estes, J. A. Trophic Cascades: Predators, Prey, and the Changing
Dynamics of Nature (Island, 2010).

21. Levine, J. M., Bascompte, J., Adler, P. B. & Allesina, S. Beyond pairwise
mechanisms of species coexistence in complex communities. Nature 546,
56-64 (2017).

22. Dyer, R.J. & Nason, J. D. Population graphs: the graph theoretic shape of
genetic structure. Mol. Ecol. 13, 1713-1727 (2004).

23. Haldane, A. G. & May, R. M. Systemic risk in banking ecosystems. Nature 469,
351-355 (2011).

24. Fowler, J. H. & Christakis, N. A. Cooperative behavior cascades in human social
networks. Proc. Natl Acad. Sci. USA 107, 5334-5338 (2010).

25. Eriksson, O. Evolution of angiosperm seed disperser mutualisms: the timing of
origins and their consequences for coevolutionary interactions between
angiosperms and frugivores. Biol. Rev. Camb. Philos. Soc. 91, 168-186 (2016).

26. Tylianakis, J. M., Didham, R. K., Bascompte, J. & Wardle, D. A. Global change
and species interactions in terrestrial ecosystems. Ecol. Lett. 11, 1351-1363
(2008).

27. Miller-Struttmann, N. E. et al. Functional mismatch in a bumble bee pollination
mutualism under climate change. Science 349, 1541-1544 (2015).

Supplementary Information is available in the online version of the paper.

Acknowledgements We thank J. Bronstein, G. Marroig, M. A. M. de Aguiar,

S. F. dos Reis, F. M. D. Marquitti, P. Lemos-Costa, L. P. Medeiros, T. Quental,

R. Cogni, and the members of the Guimaraes laboratory for providing
suggestions at different stages of this study. PR.G. was supported by

the Fundagao de Amparo a Pesquisa do Estado de S&o Paulo (FAPESP)
(2016/20739-9) and CNPg. M.M.P. was supported by FAPESP (2013/22016-6).
J.B. was supported by the European Research Council through an Advanced
Grant and by the Swiss National Science Foundation (31003A_160671). PJ.
was supported by a Severo Ochoa Excellence Award (SEV-2012-0262; Spanish
Ministerio de Ciencia e Innovacién).

Author Contributions All authors designed the study. PR.G. performed the
simulations and developed the analytical approximations of the model. P.R.G.
and M.M.P. analysed the simulations. PR.G., J.N.T,, and J.B. wrote a first draft of
the manuscript, and all authors contributed substantially to the final draft.

Author Information Reprints and permissions information is available at
www.nature.com/reprints. The authors declare no competing financial
interests. Readers are welcome to comment on the online version of the paper.
Publisher’s note: Springer Nature remains neutral with regard to jurisdictional
claims in published maps and institutional affiliations. Correspondence and
requests for materials should be addressed to PR.G. (prguima@usp.br).

Reviewer Information Nature thanks T. Ohgushi and the other anonymous
reviewer(s) for their contribution to the peer review of this work.

© 2017 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.


http://www.nature.com/doifinder/10.1038/nature24273
http://www.nature.com/doifinder/10.1038/nature24273
http://www.nature.com/reprints
http://www.nature.com/doifinder/10.1038/nature24273
mailto:prguima@usp.br

METHODS

No statistical methods were used to predetermine sample size.

Coevolutionary model. We used a coevolutionary model for mutualistic networks
to simulate the phenotypic evolution of interacting species. This model incorpo-
rates selection gradients into a weighted network framework in which mutualistic
interactions vary in interaction strength over time. The incorporation of selection
gradients allowed us to connect trait evolution explicitly with the mean fitness
consequences of mutualistic interactions. The mean trait evolution of species i is
described as follows:

147§E qg)(&—nyO (1

pizi

Z(’“) Z(r)+% Z q(t)(Z(t) th))+
o=

where ZEI) is the mean trait value of the local population of species i at time £, ¢;
is a compound parameter that affects the slope of the selection gradient and is
proportional to the additive genetic variance (Supplementary Methods), N is the
number of species in the network, ql(,_’) is the interaction weight that describes the

i
evolutionary effect of species j on the selection gradient of species i and evolves
N

over time because of trait matching,] — Zq(_f) weights the relative importance of
ij

L] =1
selective pressures that are not related t]oj mutualisms (hereafter environmental
selection) in shaping the adaptive landscape, and 6; is the phenotype favoured by
the environmental selection (see the Supplementary Methods for the complete
derivation of the model). Evolutionary effects, q(t were defined as a function of
trait matching:

o0 20)
aje ( j %
) = 7 2)

if {00\
S

where o is a scaling constant that controls the sensitivity of the evolutionary effect
to trait matching (ov=0.2 in all simulations). The parameter m; is the level of mutua-
listic selection, (; = 3 qgjt)). By varying m;, we can explore how the strength of
pi=i

mutualistic selection affects the contribution of indirect effects. The parameter a;;
is an element of A, which is the adjacency matrix of a given mutualistic network
with N species, and a;;= 1 if species i and j are a pair of interacting species and
0 otherwise. Because the mutualisms analysed here involve two sets of species,
Sq and S, (for example, pollinators and plants) and because the interactions occur
only between species from different sets, A has the following form:

ONgxNa  RNaxNg
A=| (3)

RNbx Na ONpx Ny

where N, is the number of species of set S, (for example, pollinators); N is the
number of species of set S, (for example, flowering plants), N=N, + Nj, 0 isa
submatrix in which all elements are zero, and Ry, is the biadjacency matrix
that defines a bipartite graph formed by two sets of species. If a;;= 0 then q -

for any t, and the interaction between species j and species i is a forbidden hnk

A forbidden link is one in which two species cannot interact because, for example,
traits in one or both species prevent the interaction. We used information on
empirical networks in our dataset to parameterize the matrix A, see below. As a
first approximation, we assumed all a;;= 0 in empirical networks are fixed
forbidden links. Later we relaxed this assumption allowing interaction rewiring
due to coevolution (Supplementary Methods). The model is available as a
MATLAB script upon request.

Dataset. Our dataset included a wide range of terrestrial and marine mutualistic
networks that vary considerably in their natural history attributes and network
patterns (see Supplementary Table 1, and the references therein). Interactions
between anemones and anemonefishes and between myrmecophytes and their
sheltered ant colonies are examples of intimate mutualisms in which individuals
create sustained interactions and form small, highly modular networks'®. By
contrast, the cleaning interactions in coral reefs, seed dispersal by vertebrates,
pollination by animals, and interactions between nectary-bearing plants and
their protective ants are representatives of multiple-partner mutualisms among
free-living species in which individuals may interact with dozens or hundreds of
different partners across a lifetime>'® and often form species-rich, nested networks.
For a subset of mutualistic networks (38 networks), we also obtained information
on the frequency of the interactions. We describe the structural patterns observed
in these networks in Supplementary Table 1.

Model parameterization and numerical simulations. We used empirical infor-
mation on the 75 mutualistic networks to parameterize the matrix A in numerical
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simulations such that the absence of any observed interactions between two species
was assumed to represent an evolutionary forbidden link, a;;= 0. In empirical
networks, the absence of interactions may represent forbidden links or interactions
that were not observed owing to the inherent challenges of sampling ecological
interactions. However, we are not interested in each network but rather in major
differences in the contribution of indirect effects to coevolution across different
network patterns. Other model parameters were sampled from statistical
distributions: Z SO) and 0; were sampled from uniform distributions with the range
[0, 10], ¢; was sampled from a truncated normal distribution with a mean +s.d.
= 0.2£0.01 and bounded between 0 and 1, and the level of mutualistic selection
for a given species, m;, was sampled from truncated normal distributions with a
mean +s.d. = <m>=£0.01 and bounded between 0 and 1, where <> is the mean
level of mutualistic selection in the network. We explored how the mean level of
mutualistic selection affected the dynamics by exploring <> ranging from 0.2
t0 0.9 (in increments of 0.1). We performed 100 simulations per combination of
<m>> (eight different values) and empirical network (75 mutualistic networks),
for a total of 6 x 10* simulations. Each simulation ended after the species achieved
asymptotic trait values, which were defined as mean changes in species trait values
at sequential time steps <107,

Matrix of direct evolutionary effects (Q-matrix). Networks can be represented
as adjacency matrices in which row and column i represent species i and non-
empty matrix elements depict pairwise interactions (Fig. 2a). In our model, q(”
describes the direct evolutionary effects of selection imposed by species j in trait
evolution of species 7 (see the Coevolutionary model section in the Methods).
Consequently, Q describes all the direct evolutionary effects of mutualistic inter-
actions in a network. In all simulations, evolutionary dynamics reached an
equilibrium at which the trait values and evolutionary effects of species on their
partners became fixed (Extended Data Fig. 1), leading to a stationary Q-matrix.
Coevolutionary matrix (T-matrix). Our analytical study showed that the
equilibrium of our coevolutionary model is stable and defined as Z* = T®, in which
Z*is an N x 1 vector with the species mean traits at equilibrium, ® is an N x 1
vector describing the trait values favoured by environmental selection, and the
coevolutionary matrix T (Fig. 2b) connects the values favoured by environmental
selection (@) to the fixed trait values (Z*) by means of selection imposed by
mutualisms. The elements of this matrix indicate the relative contribution of each
interacting and non-interacting species in the network (columns) to the selection
gradient shaping trait evolution of a given species (row) in the network (Methods).
The main diagonal of T describes the effects of environmental selection on trait
evolution of a given species. Our analytical study showed that the matrix T is
defined as T= (I — Q)™ '¥ for any mutualistic network, in which I is the identity
matrix, Q is an N X N matrix containing the pairwise, direct evolutionary effects
of mutualistic interactions (equation (2)), and ¥ is an N x N diagonal matrix in
which ¥; =1 — m; for any species i. The component (I — Q)" is the result of the
multiple pathways connecting species in the network (Supplementary Methods),
which allowed us to estimate the contribution of indirect effects to trait evolution in
our simulations. We performed a sensitivity analysis to determine the dependency
of T on the parameter values and the model assumptions, including the way we
modelled trait-fitness relationships, selection imposed by the environment, evolu-
tionary effects, and forbidden links. The results were robust regardless of the main
assumptions of our model. Derivation of the analytical results and details about the
sensitivity analysis are available in the Supplementary Methods.

Quantification of indirect effects. We related the elements of matrix T to the
adjacency matrix A to estimate the contribution of indirect effects to trait evolution
in our simulations. We defined indirect effects as the proportional effect of
non-interacting species on the trait evolution of a given species. The relative
contribution of indirect effects to trait evolution in a network was defined as

K= 22(1 — ayty/ ZZ%‘ in which t;;is an element of matrix T. The relative
i jiizj i jizj

contribution of direct effects was defined as ¢=1 — k.

Indirect effects and different types of mutualism. We compared the relevance
of indirect effects to different mutualisms using simulations parameterized with
the empirical network structure of different mutualisms. We computed the relative
contribution of indirect effects to trait evolution, «, in each simulation (100
simulations per network and mean level of mutualistic selection, <m>). We used
the mean & for each combination of empirical network and <> as the response
variable and we fitted a general linear model using <m> and the type of mutualism
as explanatory variables. We then computed the least squares estimates of the mean
relative contribution of indirect effects for each type of mutualism, controlling for
the level of mutualistic selection, as a measure of the contribution of indirect effects
to evolutionary dynamics in the numerical simulations (Supplementary Table 2).
Indirect effects and network structure. We characterized the network structure
using four network descriptors. Species richness is the total number of species,

© 2017 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.
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(N4 + Np). Connectance is the proportion of possible interactions that are actually
recorded and is represented by C= L/N,Nj, in which L is the total number of
interactions. Modularity is the level to which the network is organized into
semi-independent groups of interacting species. Modularity was quantified
using the bipartite modularity index Qg, which was estimated using the program
MODULAR under a simulated annealing optimization algorithm?®. Qg ranges
between 0 (no modularity) and 1 (high modularity) (see ref. 28 and references
therein). Nestedness occurs when species in the network interact with a proper
subset of the partners of more connected species. Nestedness was quantified using
NODF¥. NODF ranges from 0 (no nestedness) to 100 (perfect nestedness). We
controlled for the confounding effects of species richness, connectance, and hetero-
geneity in the number of interactions per species on modularity and nestedness
using a null model approach®”:

Qs= LCQNQN (4a)
1 Ne—Ny
7100 Ny (45)

where Qg(Np) is the standardized estimate for modularity (nestedness) for an
empirical network, Qg(Np) is the raw estimate of modularity (nestedness) for an
empirical network, and Qn(Ny) is the mean value of modularity (nestedness) for
null model networks (7 =100 null model networks). We used a null model in
which the probability of species i of set S, interacting with a given species j of set
Spwas Pj=0.5[(ki/Np) + (kj/N,)], where k;(k;) is the number of interactions of
species i(j)*°.

We then explored the relationship between indirect effects and network
structure. We used a general linear model in which the explanatory variables were
network identity and the mean level of mutualistic selection <>, which ranged
from 0.2 to 0.9 (in increments of 0.1). The response variable was the relative con-
tribution of indirect effects to trait evolution. We used this model to obtain least
squares estimates of the contributions of indirect effects to trait evolution in each
network.

Metrics that describe network structure often show strong correlations in their
values. We performed a principal component analysis with the four structural
descriptors of the 75 mutualistic networks (species richness, connectance, relative
nestedness, and relative modularity) to combine the structural information

provided by the network metrics into a single descriptor. The first principal
component (PC1) contained 56.4% of the variation in the network descriptors
and was negatively associated with the relative level of modularity (—0.429) and
connectance (—0.398), and positively associated with the relative level of nested-
ness (0.586) and species richness (0.560). We then used simple linear regressions
to test whether the network structure (scores of PC1) affected the indirect effects
(the least squares estimates of the contribution of indirect effects in each network).
We then explored the effect of each network descriptor on the contribution of
indirect effects to trait evolution (Supplementary Table 5).

Environmental change simulation. We ran 100 simulations for each empirical
network (parameters: 75 empirical networks; ¢ =0.2+0.01, 6;= U0, 10], and
<m>=0.7=40.01). For each simulation we first allowed the system to achieve
equilibrium, computing the contribution of indirect effects using the T-matrix.
We then performed perturbations that led to sustained changes in the selection
imposed by the environment (press perturbations). Press perturbations were
simulated by changing the phenotype favoured by the environment by an amount
¢; from the 6; of each species of the network in each simulation. We sampled ¢; from
a uniform distribution [0, 1]. We then ran the simulations until a new equilibrium
was reached. We tested whether the contribution of non-interacting species to the
evolutionary dynamics was associated with the mean time to the new equilibrium
and the rate of directional change. The rate of directional change was computed as
the mean change in the trait values per species per time step after the perturbation.
We also performed an additional set of simulations in which we sampled ¢; from
a uniform distribution [—1, 1], which produced similar results (Supplementary
Methods).

Code availability. Al MATLAB and R scripts used in this study are available from
the corresponding author upon request.

Data availability. The dataset used in this paper is available from the correspond-
ing author upon request.
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1. Modeling coevolution in mutualistic networks

1.1. Model description

Recently, a set of studies has started to explore evolutionary dynamics in
mutualistic networks, which are major components of all biologically diverse
ecosystems. These studies are rooted in distinct modeling approaches, including models
based on assembly rules??, adaptive dynamics models3132, genetic population models!,
individual-based models!4, and stochasticl® and deterministic®® network models that
describe traits as quantitative node states. These studies have allowed us to begin to
understand how coevolution shapes and is shaped by network patterns, revealing the
link between evolutionary dynamics and ecological dynamics3132, the role of linkage
rules and trait evolution in shaping network patterns!415, the effects of specific lifestyles
on evolutionary change!t, and the feedback between network structure and trait
evolution®. In this paper, we move toward a new modeling approach by analyzing how
natural selection acts both directly and indirectly within assemblages of species. Our
new modeling approach has two main elements: a coevolutionary model for networks
based on selection gradients and the analytical derivation of the coevolutionary matrix.
As previous coevolutionary networks models'41633, our model is a time-discrete model
that describes trait evolution in the context of selection imposed by environment and
species interactions4®. However, by using selection gradients in coevolutionary
network models, our model allows an explicit connection between trait evolution and
changes in the adaptive landscape. The description of coevolution as the reorganization
of adaptive landscapes due to species interactions34 leads to the second component of
our modeling approach, the analytical derivation of the coevolutionary matrix (T
matrix). The coevolutionary matrix is a matrix that integrates trait evolution, species
interactions, reciprocal direct and indirect evolutionary effects, and the reorganization of
the adaptive peaks. This new approach allows an assessment, for the first time, of how
indirect interactions reshape adaptive landscapes in mutualistic networks and, in doing
so, (1) contribute to the relentless evolution of interactions, (2) alter the process of
reciprocal change differently in intimate interactions and multiple-partner interactions,
(3) change the pace of directional evolutionary change, and (4) affect the reorganization

of mutualisms over time.
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In our model, a local network was formed by N species, each of which was
represented by a single population. As a first approximation, we assumed short time
scales, and we studied the coevolutionary dynamics of local assemblages of interacting
species. Recent studies show that rapid evolution can occur in species-rich mutualisms
(e.g., Ref. 3), and this assumption allowed us to focus on trait evolution while ignoring
other aspects of the evolutionary dynamics, such as speciation. Thus, we assumed that
species richness, N, was fixed and that the population of species i was formed by n;
individuals. Each individual & of species i was characterized by a single trait value, Zi.
In nature, Z; may refer to a quantitative trait that mediates the interaction between
individuals of different species, such as the length of a hummingbird’s bill or a flower’s
corolla. Alternatively, Zi can be viewed as set of traits evolving together because of
strong genetic integration®, such as multiple traits in fruits that are also functionally
associated with each other?¢. We assumed that Zj affects the fitness benefits derived
from the mutualistic interactions with individuals of interacting species. In addition to
mutualism, we also assumed that Zj, affects other aspects of fitness of the individuals in
the environment. Thus, we assumed that Z; was under selection by distinct
environmental and mutualism selective pressures because the traits involved in

interactions are always under distinct selective pressures23”.

We then defined Zi(t) as the mean value of a single quantitative trait in a given

species i at time ¢, Zi(t) = Z;lZih/ni. In our simulations, we adopted a mean-field

approach to describe trait values and directly modeled the evolutionary dynamics of Z L.(t)
in a manner similar to classical studies of directional selection38. This assumption
allowed us to derive a coevolutionary matrix connecting mean species traits to the

phenotypes favored by environmental selection (see 1.2 Coevolutionary matrix). We

assumed that the phenotypic variance of Zl.(t) , 0, is fixed, which is a useful

approximation for large population sizes. We assumed that Zi(t)shaped the patterns of
interaction of species i with other species in the network, thus allowing evolutionary
feedback between traits and patterns of interaction. Evolutionary change in a given time

step of Z i(t) was derived using the classical equation for phenotypic evolution3s:

2 aanT/L'

t
AZ{" = h},02, 5, (S1)
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where hj, is the heritability of trait Z i(t), which was assumed to be constant over time, o7,

is the phenotypic variance of Z l.(t), which was also assumed to be constant through time,

dln Wi
0Z;

and is the selection gradient. The selection imposed by the mutualisms and

environment effects may lead to very complex adaptive landscapes in which the
adaptive peaks vary across time34. We assumed that the adaptive landscape at a given
time step t is formed by a single adaptive peak, but we incorporated the temporal
variation in the adaptive peaks, which were continually reshaped by the trait evolution

of the other species in the network. To do this, we assumed a linear selection gradient

defined as:
alnw; ® ®)
oz, Qi (Zi.p —Z ) (52)

where g; is a scaling constant affecting the sensitivity of W; to changes in Z i(t), and Z l(;) is
the mean trait value defining the adaptive peak of the population of species i at time
step t. We decomposed Z L(;) into the trait values favored by environmental and

mutualistic selection:
®) _ vN ®) (@©® ®)Y) @
Zip = 2jj=idy Xyt (1 = XJ 14y )gi (S3)

The coefficient q l(jt)

is the evolutionary effect of a mutualistic interaction,
weighting the relative importance of the selection imposed by species j to the selection
gradient compared with all of other potential selective pressures, 0 < qi(;) <1lX i(jt)is the
mean trait value of species i favored by the selection imposed by individuals of species j.
The term 1 — ;V j#i qi(;) weights the relative importance of environmental selection to the
selection gradient. Environmental selection is the sum of the effects of all selective
pressures that are not related to mutualisms. Finally, Gi(t) is the mean trait value for

species i that is favored by environmental selection. By combining equations S1, S2, and

S3 and considering that h%i = agzl/ aZZL., in which a(%Z, is the additive genetic variance of
L L

trait Z i(t), the temporal dynamics of the traits could be described as follows:

2 = 200+ i [0 (3 - 20) + (1-2)100) (617 - 207)] (59

’

in which ¢; is a compound parameter ¢; = acz;zlgi. We assumed that the trait value
13
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favored by environmental selection is fixed over time, 8f = ;. We later explored the
effects of environmental fluctuations on trait evolution (Fig. 4, main text). We also
assumed that selection imposed by mutualistic partners favors complementarity among
interacting partners, as in previous coevolutionary models for mutualistic networks!416,

Maximal complementarity would occur under extreme phenotypic matching between

. . o . . . . ® _
interacting partners. For simplicity, we defined maximal phenotypic matching as Z;"* =

Z i(t) ; therefore, X l.(].t) =7 j(t), which leads to equation (1) of the main text:
(t+1) _ ,(®) t t ¢ t ¢
Z; =Z;" +o; [Z?{j;tiqi(j) (Zj( ) Zi( )) + (1 T Lj,j#i qi(j)) (91' - Zi( ))] @

Using this expression, we can explore how evolutionary effects qg)

vary over
time. Species interactions are often affected by multiple traits of interacting individuals
of different species. As a result, the evolution of any trait is affected by the evolution of
other traits that evolve at different rates. We incorporated the consequences of other

traits in our model by decomposing the relative importance of selection imposed by a

(-2

otential partner j into two components: (i) e ¢ , which is the component of the
P p ] P P

selection imposed by species j mediated by trait Z l.(t), where a describes the sensitivity of

the evolutionary effect of the interaction to trait matching, and (ii) as), which is the

component of selection associated with all other traits of i that affect the interaction

betweeniandj, 0 < ag) < 1. The combination of these two components leads to:

o0-20)

®

ij ®)_ )
t) —al\Z, " —Z;
Shiekale (57-2%)

qi; = mia (S5)
where m; is the level of mutualistic selection and measures the relative importance of all
mutualistic interactions as selective pressures on Zl.(t); 0<m; = ;V i qitj < 1. As a first
approximation, we assumed that m; is constant, but our sensitivity analysis showed that
violating this assumption did not qualitatively affect our main results (see section 1.3).

We made the simplifying assumption that the genetic covariance between Zl.(t) and the

other traits affecting the interaction is negligible, which allowed us to consider ag.) and

_ @ _,®
a(Zj A

2
e ) as independent components. We also assumed that Z i(t) evolves at a faster
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rate than all of the other traits affecting the mutualism, which allowed the simplification

ag) = a;;. We later explored this assumption and its potential consequences (see section
1.3). Finally, we assumed that traits affecting a;; exert a barrier effect on the interaction,
i.e., allowing interactions to occur (a;; = 1) or not occur (a;; = 0). This assumption did

not affect the main conclusions of this study; see barrier effects in section 1.3. Thus, our

_ (O, )
“(ZJ' z?) and trait barriers

model incorporates the mechanisms of trait matching, e
(the traits summarized in a;;) that are likely to govern the ecology and evolution of

mutualisms?5. Combining equations S5 and 1 yields the following equation:

L

O_, 0
—-alz,’-Z;
Tit ik Fike «(57-2)

o220’
e

78 =200 + g |my T ay 2 (2" - ) + (1 - m(6: - ) | (56)

Thus, a;; and e_“(ZJ( V-2 t))z represent the fixed and dynamical components of the
structure of mutualistic networks, which limit and shape how evolution and coevolution
can occur in these networks. In equation S6, a;; = 0 represents a forbidden link, which is
an interaction that cannot occur®® and is stable over evolutionary timescales. This

potential interaction is a forbidden link because other traits prevent the interaction from
occurring regardless of how strong the trait matching is between species Z j(t) and Zl.(t).
Alternatively, a potential interaction may have negligible evolutionary effects even if
other traits allowed the interaction to occur (a;; = 1). For example, a strong mismatch
between Zj(t) and Zi(t)relative to the matching between i and its other partners would

~o(29-20)’

—o(2P-2)

2
ij

result in - 0,q;;” = 0. In this latter case, the evolutionary effect of

N
Dkizk dike

the mutualistic interaction between i and j is functionally negligible.

In all of the subsequent analyses, we assumed 0 < ¢; < 1 and 0 < m; < 1 for any
species i. Using equation 1 of the main text as a starting point, we performed numerical
simulations to study the evolutionary dynamics of the model. The evolutionary
dynamics converged to equilibrium (Extended Data Fig. 1), regardless the properties of
the network used to parameterize the model. Then, we characterized the phenotype of

species i at the equilibrium.
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We used the simplifying assumption that ql.(;)

was fixed, leading to qg) = qij-

Under this approximation, the equilibrium is described as:

z; =YV qiZ; + (1 -2V a55)6; (57)
For a set of N species, equation S7 can be rewritten in matrix form as follows:
Z"=QZ +¥0 =(1-Q)'vo (S8)

where Z* is an Nx1 vector describing the trait values of each species at the equilibrium, Q
is an NxN matrix in which species are depicted in both rows and columns and nonzero
elements represent the direct evolutionary effects of the interacting species in the
columns on the mean phenotypes of the species in the rows, ¥ is an NxN diagonal
matrix in which ¢;; = 1 — m; for any species i, ® = {Bi; 8;; O; ...;HN} is an Nx1 vector
describing the trait values favored by environmental selection, and I is the NxN identity
matrix. We investigated the local stability of the model. Equation 1 can be rewritten in

matrix form as follows:
2 = (1- & + @QW)Z® + owo (S9)

where @ is an NxN diagonal matrix in which the diagonal elements represent the
compound parameter @; for each species i, which measures how rapidly a population
evolves due to the slope of the selection gradient and the additive genetic variance. We
assumed that at time step t = 7, the system is at equilibrium; thus, Z® = Z* and Q¥ =
Q. We performed small perturbations of the trait values of all species, as depicted in the

Nx1 vector E = {¢;; &j; &; ...; &y} The local stability of the system was governed by:
AZ = (1— ® + ®Q)E (S10)

The matrix I — ® + ®Q has N eigenvalues, and these eigenvalues control the
stability of the model. The model is stable if all eigenvalues have absolute values less
than one. If 0 < ¢; < 1and 0 < m; < 1 for any species i, then the absolute values of all
eigenvalues of the matrix I — ® + ®Q are less than one. As a consequence, the

perturbation diminishes, and the equilibrium is stable.

Next, we determined whether the analytical approximation of the model

converges to equation S8. Using the simplifying assumption Q® = Q:
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W =(1-& +dQZ® + dWO (511)
7@ =1-&+ oQZM + WO (S12)
Z® =(1-® + PQ2Z® + 1 - ® + PQ)DPYO + PWO (S13)

For time step 7,
210 =(1- @+ ®Q)Z® + Y7241 - @ + Q)!DdYO (514)

If the traits of all species are under environmental selection (m; <1 for any
species i), the leading eigenvalue of (I — ® + ®Q) is 0 < 1; < 1, implying that ;" — 0

for large t, resulting in:
(I-®+ ®Q)Z® 5 0 (S15)
Yl1 - @ + dQ)!OWO - (I -1+ @ — ®Q) 1dPO (S16)

where 0 is a null vector, and (I — I+ & — ®Q) 1 is the asymptotic sum of all matrices.

Substituting S16 and S15 in S14 gives the following:
IO =(U-1+® - ®Q) lowe (S17a)
Z® = (1-Q) 've (S17b)

Thus, the analytical approximation assuming fixed evolutionary effects of the
model converged to the fixed point predicted in equation S8. We tested whether the
analytical predictions held for our numerical simulations in which the evolutionary
effects are not fixed but vary over time until reaching equilibrium (n = 102 simulations
per parameterization using each of the 75 empirical networks; (¢) = 0.2 + 0.01, () = 10,
and (m) = 0.7 + 0.01). We calculated the mean absolute difference between Z* and Z%,
where Z* is the vector with asymptotic trait values obtained in the numerical
simulations, and ZF is the vector with trait values based on the analytical prediction,
ZE = (1- Q) 'w0, where Q*is the matrix of direct evolutionary effects at the
equilibrium and was obtained at the end of the simulations. The simulations
corroborated the performance of the analytical approximation: the mean absolute
difference between the asymptotic trait value of a given species in the numerical
simulation (Z*) and the trait value predicted by equation S10 (Zf) was negligible
(mean+SD = 6.75x107* £ 5.18x10~*, n = 100 simulations for each of the 75 networks).
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1.2. Coevolutionary matrix

We used our coevolutionary model to explore how indirect effects affect the
coevolutionary dynamics. We defined indirect effects as the contributions of non-
interacting species to trait evolution. A non-interacting species is a species that does not
directly interact with the focal species. We used our analytical result (equation S8) to
explore the contribution of indirect effects to trait evolution. We analyzed the
coevolutionary matrix T = (I — Q) 'w, which describes how mutualistic interactions
reshape the mean phenotypes of each species in the network by creating links between

the trait values favored by environmental selection on multiple species (equation S8).

We explored (1) how mutualisms reshape the trait distributions of interacting
species and (2) how, in mutualistic networks, the reshaping of trait distributions is
associated with indirect effects. We used the three scenarios reported in Fig. 1 (main
text) to illustrate these results. In the first scenario (Fig. 1A), the four species did not

interact, m; = m, = my = m, = 0, therefore:

Y ={1;1;1;1} (S18a)
Z" ={04;0,; 03;0,} (S18b)
T=1 (S18¢)

Equation S18c implies that there was no effect of co-occurring species on the trait
values of any given species. In the scenario in which there were two sets of isolated
pairwise interactions, there was the potential for effects of interacting species, but no
indirect effects, on trait evolution (Fig. 1B). At equilibrium, the fixed trait values for the

species were as follows:

Z1 = q12Z; + (1 — q12)6, (S19a)
Z3 = q31Z1 + (1 — q31)6; (S19D)
Z3 = q34Z5 + (1 — q34)63 (S19¢)
Zy = (1323 + (1 = q43)0, (519d)
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S19 produced the following;:

1 (1-q51)02+(1-q},)0
Zik — q12(1-q34) *2 E 912)01 (S20a)
1-932034
5, (1-q5,)01+(1-q3,)0
Z; — d31(1—qi5) *1 E 921)9; (S20b)
1-93141>
50 (1-q52)04+(1-q5,)0
Z; — q34(1—qz3) *4 E 934)03 (520C)
1-q34443
52 (1-q5,)03+(1-q}2)0
ZZ — q33(1—q34) *3 E 943)04 (S20d)
1-q43434
and:
1-qi, q12(1-q34) 0 0
1-q12921  1-912421
431(1-qi15) 1-q3 0 0
T = 1-q12931 1-q12931 (521)
1— * * 1- *
0 0 *6I34* q34( 2 qz:s)
1-434943 1-434943
* 1_ * 1_ *
0 0 CI43(* 1134) :143*
B 1-Qq34943 1-034q43 -

Therefore, the equilibrium trait values balanced the trait values favored by
environmental selection and the reciprocity of the coevolutionary process, q;;q;; .
However, because the network is formed by two isolated sets of pairwise interactions,
there was no indirect effect. We then focused on the coevolution in linear networks (also
called path graphs, Fig. 1C) to explore how indirect effects affected trait evolution in

species in one of the simplest types of network. At equilibrium, the trait values were

defined as:

Zi =qi2Z; + (1 —my)6, (S22a)
Z3 = qnZ1 + 43323 + (1 —my)0; (S22b)
Z3 = Q3225 + q34Z4 + (1 —m3)03 (S22¢)
Zy =(q33Z3 + (1 —my)b, (S22d)

We defined the coevolutionary effect as the reciprocity of evolutionary effects:

rjj = CIZ}CI;L' (523)

1

Using this definition and defining b = , the matrix T for the

1-11p—7)3—T34+712734

linear, four-species network was as follows:
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b(1—m)(1 =13 —135) b1 —my)qi,(1 —134) b(1 —m3)qi,53 b(1 —m,)q1,9;3954
T= b(1 —m;)q;, (1 —13,) b(1 —my)(A —13,) b(1 —m3)q;3 b(1 —m,)q33G34 (824)
b(1—m;)q;.93, b(1—m;)qs3, b(1 —m3)(1 —1y5) b(1 —m,)q34(1 —1y;)
b(1—m;)q5193,943 b(1 —m;)q3,q:3 b(1 —m3)qss(1 —113) b(1—my)(1 —1y5)

We named matrix T the coevolutionary matrix because the pervasive role of
reciprocal effects affecting all of the elements of matrix T. The role of reciprocal effects
on trait evolution held for both simple and complex network structures because species
are connected by direct or indirect interactions in any connected network. For example,
in the linear network studied here (Fig. 1C), species 1 and species 3 do not interact.
However, element t,3, which describes the effects of species 3 on species 1, was nonzero
if the evolutionary effects of species 3 on species 2, q3,, and of species 2 on species 1, q54,
were nonzero. The evolutionary effect of species 3 on species 1 was indirect in the sense
that the selective pressures of species 3 on species 2 changed the evolutionary
consequences of the selection imposed by species 2 on species 1. Thus, the indirect effect

was a consequence of pathways linking non-interacting species in the network.

The coevolutionary matrix strongly differed from the structure of selection imposed
by direct interactions, as can be observed through from visual inspection (Fig. 2A). This

difference was also illustrated by the matrix spectra of both matrices (Fig. S1).
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Figure S1. The matrix spectrum is the set of eigenvalues of a given matrix, which are
represented by density functions. The set of eigenvalues provides information on the
structure of the matrix; two matrices that strongly differ in their spectra also strongly
differ in their structure. The matrix spectra show how the structure of selection
imposed by direct interactions (green curve) strongly differed from the coevolutionary
matrix (purple curve), which contains the effects of interacting species and the indirect
effects of non-interacting species on trait evolution. The simulation was parameterized
with data on a seed dispersal network in Spain (network 45, Supplementary Table 1)
and (m) = 0.7 £+ 0.01. Similar results held for the other mutualistic networks.

We performed an analytical approximation of the coevolutionary model to
understand how the effects of interacting and non-interacting species in reshaping the
adaptive peaks of the component species of the network were related to the structure of
selection imposed by direct interactions and its indirect effects. This analytical
approximation held for any network structure. We assumed that Q" can be
approximated by Q. This assumption holds if trait values are near the equilibrium
and/or if evolution does not strongly affect the evolutionary effects of mutualistic
interactions on trait evolution. This assumption allowed us to compute the cascading
evolutionary effects occurring in the network by means of powers of matrix Q, in which
Q¢ is the {th-power of Q. The matrix Q¢ has a direct network interpretation: If Q defines

a weighted network - as in our case, where the weights represent the direct evolutionary
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effects between interacting species - the elements of Q° describe the effects of all
pathways of length { that connect pairs of species in the network. A pathway (or a walk)
is any sequence of nodes (species) and links (interactions), which are distinct or
indistinct, starting and ending with nodes. The pathway length, {, is the number of
times that links (distinct or not) were used as part of the pathway. For example, qizj is an
element of Q% and gf; > 0 if there is at least one pathway of length two that connects
species i and j with the form g;,qy;, where q;; > 0, and q,; > 0. Accordingly, qi3j is a
nonzero element of Q3 if there is at least one pathway with the form g qx;q;; in which

qix > 0, (*4%] > 0, and ql] > 0, and so on.

Because the traits are under environmental selection, with Y.} q;; < 1 for any species
i, the real component of the leading eigenvalue of Q, 4g, is bounded (0 < 14 < 1), and

the following equality holds:

where Q° = I. Therefore, (I — Q)~! describes the sum of the effects of all coevolutionary
pathways of all lengths connecting any pair of species in the network. The
coevolutionary matrix T = (I — Q) ¥ combines in a single descriptor the effects of
interacting species, the indirect effects of non-interacting species, and the relative
relevance of environmental selection as a driver of phenotypic evolution (Q°%¥). Note
that the equation Z* = (I — Q)~1W@ (eq. S8) is similar to the equation describing the Katz

centrality, K = (I —w) 11, (see Ref. 41) in which 1 is an all-ones vector, W is an
adjacency matrix and 9 is a scalar 0 <9 < %, in which Ay is the leading eigenvalue of
A"\

W. The similarity is a consequence of both equations being based in a geometric series of
matrices. Thus, the trait values in the equilibrium in the coevolutionary model are
proportional to Katz centralities if (i) all values of mutualistic selection are identical to all

species, (ii) Q = 9W, and (iii) all elements of the vector WO are identical.

1.3. Sensitivity analysis of the coevolutionary matrix

We used analytical approximations and numerical simulations to study how

different multiple model assumptions affect the emergence of the coevolutionary matrix,
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T, through the relationship Z* = T®O.

Environmental selection: The equality Z* = T® holds only if m; <1 for any
given species i in the network. If there is no environmental selection, m; = 1, the trait
values depend on the initial condition and network structure. In this scenario, if there
are pathways connecting all pairs of species in the network, then all species traits
converge to the same trait value at the equilibrium, Z*. For large networks, this trait
value at equilibrium was defined as Z* = (Z°) + &, where (Z°) is the average of the
mean trait values for all species at t = 0, and & is the effect of the network structure on
shaping the coevolutionary dynamics (& = 0.68 + 0.54, estimated using a set of
numerical simulations (simulation parameters: n = 102 simulations per empirical
network, 75 empirical networks; (¢) = 0.2+ 0.01, m; =1 for any species i). Thus,
phenotypes at equilibrium were not related to environmental optima. If the network is
formed by disconnected groups of interacting species (components), then this result
holds for each group of interacting species. Therefore, the coevolutionary matrix T
emerges only in the scenario in which traits affecting mutualisms are also affected by

other selective pressures.

Fixed environmental and mutualistic selection: We assumed that the
proportional contributions of mutualistic selection and environmental selection to the
selection gradient were fixed at m; and 1 — m;, respectively. However, it is likely that the
relative contributions of selective pressures imposed by mutualisms and the
environment vary with the phenotypic distance of the population from alternative
adaptive peaks. For example, if a population has diverged too far from the trait value
favored by environmental selection, one might expect that the environment would
increase in importance as a source of selective pressures. We explored the consequences
of violating the assumption of fixed contributions of environmental and mutualistic

selection on the emergence of the coevolutionary matrix.

We developed an alternative version of the model in which the strength of
mutualistic selection, m; varied with time, decaying with the distance between the

current mean trait value of a population and the trait value favored by environmental

o(el?-00

selection, 0; , in such way thatm} = e~ , where ¢ is a scaling constant. In this

—(29-8,)"

version of the model, environmental selection was defined as1 —e . As in
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section 1.2, we tested whether the asymptotic trait values of the simulations, Z*, were
reproduced by the analytical prediction, ZE = (I — Q)~1¥®. We performed a new set of
numerical simulations (simulation parameters: n = 102 simulations per empirical
network, 75 empirical networks; (¢) = 0.2 + 0.01, ; = U[0,10],¢c = 1). We used Q = Q"
and ¥ = ¥* to compute ZE. W* is an NxN diagonal matrix in which ;; = 1 — m] for any
species i, and m; is the level of mutualistic selection at equilibrium. We compared the
mean absolute difference between Z* and Z to investigate whether the analytical
prediction holds if environmental selection and mutualistic selection were not fixed. The
simulations suggested that the assumption of a fixed contribution of mutualism and
environment to selection is not crucial for the emergence of the coevolutionary matrix

(the mean absolute difference between Z* and Zf was 8.44x107> + 4.33x107%).

Evolutionary effects of mutualisms: We showed in section 1.2 that the equality Z* =
TO held for fixed evolutionary effects, qu = q;; (analytical result), and for evolutionary
dependences that evolve across time following equation 1 (numerical simulations). We
also performed an additional set of simulations (parameters: n = 102 simulations per
empirical network, 75 empirical networks; (¢) = 0.2 +0.01, 8; = U[0,10], and (m) =
0.7 £ 0.01) in which we changed the definition of g;; to:

®_,mt
© _ aij|z”-z")
q;; = my

(S24)

N ®_,mt
2:k=1,1¥c=r=iaiklzk —Z; |

We compared the mean absolute difference between Z* and Zf to investigate
whether the analytical prediction for trait values (ZE) reproduces the results of
numerical simulations Z* under this alternative definition of evolutionary effects. We
estimated ZE as Zf = (1 — Q*)"1W@. The simulations corroborated the performance of
the analytical approximation. The mean absolute difference between Z* and Zf was
1.2x1073 + 6.0x1073(mean + SD). Hence, the equality Z* = TO holds whether assuming
fixed evolutionary effects (analytical approximation), time-dependent Gaussian effects
of trait matching on evolutionary effects (baseline simulations), or time-dependent linear
effects of trait matching (these simulations). Therefore, Z* = T® was not a consequence
of the particular functional form chosen for the evolutionary effects in the baseline

simulations.
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Barrier effects of other traits: We modeled the implicit effects of other traits as
barrier effects that allow the interactions to occur, a;; = 1, or prevent the interaction
from occurring, a;; = 0. However, in addition to barrier effects, traits might exert
quantitative effects on selection that affect the evolution of other traits, such as Z. For
example, in plant-frugivore interactions, different color patterns can attract distinct
frugivores at different rates®, thereby affecting fruit consumption and selection on other
fruit traits. Quantitative effects can be modeled using matrix A and allowing a;; to
assume any quantitative (and positive) value. Equation 2 (main text), however,
guarantees that the elements of Q are bounded between zero and the level of mutualistic
selection of each species. Under the assumption of environmental selection, all
eigenvalues of Q are less than one, implying that Z* = T® holds even if the elements of
A are quantitative. This analysis, however, did not address the problem of the changes
in the barrier effects across time. Therefore, we subsequently investigated the scenarios
in which the barrier effects leading to forbidden links are not fixed.

Fixed forbidden links: We assumed that forbidden links are fixed across time,
which allowed us to explore the effects of network structure on coevolutionary
dynamics. This assumption implies that other traits that prevent the interaction from
occurring are evolving at slower rates than Z. However, this model decision implies that
no interaction rewiring occurs. Mismatched interactions might become functionally
Zero, ql.(;) — 0, where species i has alternative partners. Nevertheless, no novel
interaction emerged, and specialists interacted only with their partners, regardless of the
level of mismatching in the interaction.

We explored whether the assumption of fixed forbidden links is needed for the
emergence of the coevolutionary matrix by simulating an alternative version of our
coevolutionary model with a single modification: at each time step, there was a
probability that one species would show an interaction switch due to adaptive
rewiring®. The interaction switch simulated, at the population level, the effects of the
propagation of new traits within the population. These traits were not modeled
explicitly, but they allowed partner assemblages of species to evolve, changing
forbidden links. We simulated the interaction switch using an algorithm divided into
five steps.

(1) At each time step, there was a probability p, of one species in the network
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switching interactions.

(2) If so, species i was randomly selected.

(3) We set a;; = 0 and ql.(;) = 0 if the interaction with species j had the smallest

evolutionary effect on species i among all interacting partners of i.

g_a(zk_zi)z f

1
~a(zr-z)"

(4) We then set Aix = 1, ql(lz) = m;Qir
Zr.r:#iaire

(i) species k was a potential partner of species i, e.g., if species i was a
fruiting plant, and species k was a frugivore;

(ii) there was a forbidden link before the interaction switch that prevented
the interaction between species k and species i from occurring, a;, = 0;

(iii) |Z, — Z;] was the smallest trait difference between Z; and all potential
partners of i that did not currently interact with species i;

(iv) 12 — Zi < |Z; — Z;

, if this inequality did not hold, then no rewiring
occurred; and

(v) if rewiring occurred, and Y3_; a;s = 0, then species j was reconnected
to the network by selecting from among all potential partners the one for which the trait
difference was minimal, as in item (iii) of step (4).

We explored whether the definition of the coevolutionary matrix held in
simulations that did not assume fixed forbidden links. We tested three distinct values of
pr, Dr = {107%,1073,107*}. We performed 100 simulations for each combination of p,
and empirical network (parameters: n = 102 simulations per empirical network, 75
empirical networks; (@) =0.2+0.01, 6; =UJ[0,10] , and (m)=0.7+0.01) . We
computed the mean absolute difference between Z* and ZE and estimated ZE as Z =
(I- Q") '¥@. Then, we computed the mean value of the mean absolute difference
between Z* and ZEfor all simulations using the same value p, and empirical network .
The simulations corroborated the performance of the analytical approximation even
without assuming fixed forbidden links: (d, _,) was always minimal [1.4x107°> +
4.9x%1077 (mean + SD)] regardless of the value of p,. Thus, the equality Z* = TO held

regardless of the assumption of fixed forbidden links.

Fitness function: There are multiple ways of modeling trait matching and its fitness

consequences. For example, Nuismer et al.4 explicitly modeled the fitness function of

WWW.NATURE.COM/NATURE | 17



doi:10.1038/nature24273 {2 T\H{H; B SUPPLEMENTARY INFORMATION

each individual, whereas our approach modeled the selection gradients. Combining
individual-based modeling and analytical approximation, Nuismer et al.1* modeled how
the fitness of an individual animal with phenotype Z;, varied with the phenotype Zj,, of

a single potential plant partner and environmental selection as:

Wi — e—yi(Zih—Gi)z [1 + fie_a(zih_zjk)z] (526)

h(zin)
where Win(z,,) is the fitness of individual h of species i, Z;; is the phenotype of

individual h, Zj; is the phenotype of individual k of species j, y; and a are scaling
constants that describe the strength of environmental and mutualistic selection, and ¢;
measures the relevance of mutualisms for the fitness of species i. Under the assumption
of weak selection favoring trait matching and assuming, without lack of generality, that
species i is an animal species in a plant-animal mutualistic network, equation 526 led to
the following equation, which describes the change in the mean trait value of species i at

each time step:

2aé;
1+&;

AZi = O-C%Zi [ (Z;V:l f:’Z] - Zl) + ZVA(BA,i - Zl)] + 6i (527)

where o, is the additive genetic variance of trait Z of species i, f; is the relative
L

frequency of individuals of plant species j among all plant species, y; = ¥4 for any
species i, and J; is the change in the mean trait of species i due to genetic drift. The
above model assumes that any individual of any animal species can interact with any
individual of any plant species, i.e., there are no forbidden links. By incorporating
forbidden links due to the effects of other traits, and under the simplifying assumptions
that y, = y for all of the species in the network, we derived the equation describing the

mean change of a given species i in the network:

2a8;
AZi = O-C%Zi [1Z§i (Z?Ll anJZ] - Zl) + 2)/(9,_ - Zl)] + 5i (528)

where a;; is an element of the adjacency matrix, and a;; = 0 if species i and j are
from distinct sets (animals or plants, for example) or if there is a forbidden link. Under

the notation of our model,

(t+1) _ () 2aé; N ® ® ®
2 =20 4 of, 22 (2hayfiz - 20) +2v (6, - 2)| + 50 (529)

Noting that X)_; a;;f; = 1,

WWW.NATURE.COM/NATURE | 18



doi:10.1038/nature24273 {2 T\H{H; B SUPPLEMENTARY INFORMATION

20 =20 + o, {|S 2t aty (27 - 20)| + 2v (6.~ 20)} + 61 (530)

Equation S30 led to equation 1 in the main text, assuming the parameter equalities
2y = _ VN t 20(_{{ _ t . . ..
Yy =0:i(1 Jjsi ql-j) and T, a;jfj = 0iq;j and that genetic drift had a negligible effect,

5i=0:

78 = 70 4o [Z”# l(}t) (Z(t) Zl-(t)) + ( — XY qu))(ei - Zl-(t))] 1),

By mapping a different fitness function than the one used to derive the
coevolutionary matrix, we showed that the coevolutionary matrix is not a consequence
of the specific way we modeled the fitness consequences of trait matching to
mutualisms. Instead, the coevolutionary matrix emerged under different modeling

approaches.

Compound parameter ¢;: The compound parameter ¢; controls how rapidly
phenotypes change in response to the selection gradient. In our analytical
approximation, the ¢; values did not affect the emergence of the coevolutionary matrix.
However, this result is a consequence of assuming that the matrix Q is fixed. In the
numerical simulations of our coevolutionary model, g; evolved with trait matching. If
there were more than two species (see section 2 for the pairwise scenario), the ¢; values
affected the specific trait values at the equilibrium and, consequently, the elements of Q.
However, changes in the specific values of Q invalidate only the relationships T =
(I- Q)W and Z* = TO if the leading eigenvalue of Q is equal to one. Because the ¢;
values did not affect the eigenvalues of Q, the relationships supporting the

coevolutionary matrix held regardless of the values of ¢;.

2. Indirect effects and different types of mutualisms

We first computed the mean contribution of indirect effects to trait evolution for
each combination of empirical network and level of mutualism selection, which varied
from 0.2 to 0.9 (in increments of 0.1). We then fitted a general linear model (GLM) using
JMP 9.0 to investigate whether types of mutualism vary in terms of the contribution of
indirect effects to trait evolution. In this GLM, the response variable was the relative

contribution of indirect effects, and the explanatory variables were the type of
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mutualism (coded as six different types of mutualism, Fig. 3B) and the mean level of
mutualistic selection. Although, we reported the P-values in the summary of the model’s
results, P-value estimates in numerical simulation studies do not provide much
information®>, and we were more interested in the F-values and least-squares estimates.
The higher the level of mutualistic selection, the higher was the contribution of indirect
effects to the trait evolution (least squares estimate: 0.691 +0.01 , mean * SE,
Supplementary Table 2). After controlling for the level of mutualistic selection, the
relative contribution of indirect effects to trait evolution varied among the different
types of mutualisms (Supplementary Table 2). We identified three groups of mutualistic
networks that were statistically distinct when comparing the relative contribution of
indirect effects to trait evolution (Tukey HSD test). The first group was formed by all of
the multiple-partner interactions in the dataset: plant-seed disperser interactions (MLS
estimate: 0.392 £0.005 ), plant-pollinator interactions (0.383 +0.004 ), cleaner-client
interactions (0.377 £0.012 ), and plants that bear nectaries and protective ants
(0.372£0.010). The other two groups were formed by the other two types of intimate
mutualism: anemone-anemonefish interactions (0.232+0.006) and myrmecophytes and

protective ants (0.1784+0.008).

The mutualisms varied markedly in their species richness. We tested whether the
differences in the contribution of indirect effects to trait evolution held after controlling
for differences in species richness. We performed a second GLM using species richness
as an additional factor. We detected a small effect of species richness on the contribution
of indirect effects to coevolutionary dynamics (MLS estimate: 6.35x107* + 6.46x107°,
Supplementary Table 3), but after controlling for the effects of species richness, the same
patterns held. The level of mutualistic selection positively affected the contribution of
indirect effects to trait evolution (MLS estimate: 0.691 + 0.10, Supplementary Table 3).
Accordingly, after controlling for the effects of species richness and the level of
mutualistic selection, mutualisms could be grouped into the same three statistically
distinct groups (Tukey’s HSD test): (1) multiple-partner mutualisms: plant-seed
disperser interactions (MLS estimate: 0.387 £0.004 ), plant-pollinator interactions
(0.37140.004), cleaner-client interactions (0.383+0.012), and plants that bear nectaries
and protective ants (0.36240.009), (2) anemone-anemonefish interactions (0.261+0.007),

and (3) myrmecophytes and protective ants (0.199+0.007).
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We used a subset of the empirical networks to verify the result that multiple-
partner mutualisms show higher contributions of indirect effects to trait evolution than
intimate mutualisms. This subset was formed by 38 networks of three distinct
mutualisms (plant-seed disperser, n = 13 networks; plant-pollinator, n = 18 networks;
and myrmecophyte-ant interactions, n = 7 networks) for which we had empirical
quantitative information on the ecological dependences among species. We did not run
simulations of the coevolutionary model in this analysis. Instead, we assumed that the
level of direct selection imposed by a given partner was a function of the frequency of
the interactions and the level of mutualistic selection, m;:

Gy = Mgy (5.31)

where v;; is the number of recorded interaction events between individuals of species i
and j in the empirical studies. Because 0 < m; < 1 for any species i, all eigenvalues of Q
were less than one, and consequently, T-matrix could be estimated using equation S18.
In a given simulation, we randomly sampled m; from a normal distribution, {(m) £ 0.01
for any species i in the network, and then estimated T-matrix using equations S8 and
S31. Subsequently, we computed the contribution of indirect effects to trait evolution
using T. We repeated this algorithm 100 times for each combination of mean mutualistic
selection, (m), and network. We varied the mean level of mutualistic selection, (m), from
0.2 to 09 (in increments of 0.1), yielding 800 simulations per network. We then
computed the mean contribution of indirect effects per network using this ensemble of
800 networks. We used this mean estimate as the response variable in a GLM, with the
type of mutualism used as the explanatory variable. Again, multiple-partner mutualisms
showed higher contributions of indirect effects (MLS estimates: plant-seed disperser
interactions = 0.399+ 0.011 and plant-pollinator interactions = 0.391 + 0.009) than
intimate mutualisms (interactions among myrmecophytes and protective ants

=0.183 + 0.015, F23;= 83.70, P < 0.0001 ).

3. Indirect effects and network structure

Our analysis showed that the first principal component (PC1) was positively
associated with the contribution of indirect effects to coevolutionary dynamics (Fig. 3C).

For our baseline simulations, we computed the mean contribution of indirect effects per
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network (Fig. 3). We then explored the effects of each of network metric on the
contribution of indirect effects to trait evolution using simple linear regressions. We
corroborated the results that the contribution of indirect effects to trait evolution was
positively associated with species richness and nestedness and negatively associated
with connectance and modularity (Supplementary Table 5).

We then performed an analytical approximation to investigate how network
structural pattern affects the relative contributions of interacting and non-interacting
species to trait evolution in mutualistic networks. We focused on how indirect effects
affect the trait evolution of an animal species i in a plant-animal mutualistic network.
However, the results can be directly applied to any species in a mutualistic network
with a bipartite structure. Our analytical results and numerical simulations suggested
that the effects of mutualistic species on evolution and coevolution in the network can be

described by direct and indirect evolutionary effects, as described by equation S25:
I-Q7'=Q°+Q +Q@*+Q*+ - +Q” =17, ¢ (532)

We then analyzed how the network structure can increase the contribution of indirect
effects to the trait evolution of species i. We made the following simplifying
assumptions: m; = m for all species in the network, and N, and Np are large. We
computed the effect of species j on species i through all of the pathways connecting
species j to species i
ty =1 -m) I, a5; (S33)

We approximated qu by noting that on average, the expected effect of a given

pathway is (q)¢, where (q) is the mean evolutionary effect of a mutualistic interaction.

Thus, the expected number of pathways of length ¢ connecting species i to j as nfj is:

a5 = ni{q) (S34)

The expected number of pathways connecting species in a network depends on
the structure of the adjacency matrix A. The number of pathways connecting species in a
network increases with the pathway length; this phenomenon is called pathway

proliferation:

nf; = at,’ (S35)
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where 1, is the leading eigenvalue of the binary adjacency matrix and depends on

L
AaNgNg'

(AalaN® (S36)

network structure (see below), and a = Substituting S35 into S34 yields:

L
AaNgNp

i -
In our simulations, the effects of pathways on trait evolution converged,
implying that increasing the number of pathways, ,°, did not compensate for the decay
of evolutionary effects with pathway length, (q)°. In our mean-field analytical
approximation, this convergence implied:
Aalq) < 1. (S37)

In this mean-field analytical approximation, this condition for convergence holds
if mutualistic selection is weak or if the network is sufficiently connected (see section
3.1). We searched for differences in the contributions made by other species in the
network to the trait evolution of animal species i. To do so, we focused on the
contributions of two plant species: plant species j interacts with animal species i,
whereas plant species k does not interact with animal species i. Because the structure is
bipartite, only odd pathways, ie., pathways with an odd number of links, would
contribute to the evolutionary effects of plant species on any given animal species.
Under the assumptions m; = m and ¥;; = 1 — m for any species i, the expected effect of a

given plant species j that directly interacts with species i on species i is:

ty =1 -m) AANLANB a2a" T ) (S38)

As a consequence of 14(q) < 1,

ty = (1 - m)—— (244) (539)

24N aNp \1-2,4%(q)?
Accordingly, the expected effect of a given plant species k that does not directly

interact with species i is:

L [ — i—
tue = (1 —m) s =N, 2" Hg)? ! (S40a)
—(1_ L Aala)
tie = (1= m) i (A5 — Aal) (540b)

We explored how the differences between t;; and t;, vary with 4,. We computed

the ratio between the two contributions:

th = 1,7(q)2 (541)
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For small leading eigenvalues, the contribution of a given plant species j that
interacts with species i to the trait evolution of species i is much higher than the
contribution of a plant species k that does not interact with species i. As the leading
eigenvalue increases, the ratio between the contributions of interacting species j and
non-interacting species k gets closer to one, and both species contribute similarly to the
evolution of species i. Therefore, as the leading eigenvalue increases, the contributions of
interacting and non-interacting species becomes increasingly similar. Thus, the leading
eigenvalue, which is the rate of pathway proliferation*, may contribute to trait
evolution.

We next explored how network properties favor or constrain the number of
pathways in a given network by increasing or decreasing the leading eigenvalue. We
reviewed the results of spectral graph theory relating 1; to species richness,
connectance, modularity, and nestedness to understand why species richness and
nestedness favor indirect effects, whereas modularity decreases the role of indirect

effects. The upper boundary for the leading eigenvalue of a bipartite graph is:
A <VL (542)

The number of links in a bipartite graph is related to its species richness and

connectance:

where C is the connectance, and Ny (Np) is the species richness of set A (B). Combining

S42 and S43 yields:

24 < JNyNgC (S44)

Therefore, the upper bound on the leading eigenvalue is positively affected by
increasing species richness and/or connectance. Because the contribution of indirect
effects is affected by the leading eigenvalue of matrix A, this result explains the positive
association between species richness and the contribution of indirect effects to the trait
evolution observed in the numerical simulations. However, the incongruence between
the results of the principal component analysis (PCA) and spectral graph theory on the
role of connectance in the contribution of indirect effects suggests that the effects of
connectance on the upper bound values of leading eigenvalues do not affect the amount

of indirect effects.
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The level of nestedness of a network is the degree to which the interactions of a
given species i with k; interactions are a proper subset of the interactions of a species j
with k; > k; interactions. The spectral properties of nestedness in ecological networks
were explored using the spectral properties of double-nested graphs#. Although the
concept of perfect nestedness in ecological systems is distinct from the concept of
double-nested graphs304850, double-nested graphs provide a useful connection between
nestedness and spectral graph theory. For fixed values of species richness and
connectance, the graph with the largest 1} is a double-nested graph®’. Therefore, after
controlling for the effects of species richness and connectance, greater nestedness values
should result in higher contributions of non-interacting species. In fact, we detected a
positive relationship between nestedness, measured using an independent index — the
nestedness metric based on overlap and decreasing fill (NODF)—, and the relative

contribution to trait evolution.

The level of modularity is the level to which the species of a network are arranged as
semi-isolated groups of interacting nodes called modules. Multiple modules with just a
few interactions between modules characterize a network with a high level of
modularity. As a consequence, connectance is often small in modular networks,
resulting in a reduction in the upper bound of 1}. Moreover, the formation of semi-
independent modules within networks reduces the largest eigenvalue of the network.
For example, consider the limiting case in which the network is formed by M isolated
components, in which there is no pathway connecting nodes in two distinct
components. Let us define A, as a submatrix of A, describing a component b. In this

scenario, 4j = max Aa,, Where max A4, is the largest among the leading eigenvalues of all

submatrices defining the components of A. If we assume the network has at least two
components, then the number of interactions of either component is smaller than the

number of interactions of the network. Therefore,
A= max Ay < VL (545)

As a result, modularity reduces the leading eigenvalue and, consequently, the

contribution of non-interacting species.

3.1. Conditions for the mean-field approximation of coevolutionary pathways
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We verified the conditions under which the assumption 14(q) < 1 holds in our
analytical approximation. We made the simplifying assumption that Ny = Ng = N,,,. The

expected direct evolutionary effect of a given interaction, {(q), can be defined as (q) =

m% = mNTm. The total number of interactions in this approximation was L = CNy,,%. We

used these equations to rewrite 14(q) < 1 as follows:

Am™m <1 (S46a)
A < mLTm (S46b)

We explored the limiting case in which the eigenvalue is maximal in a bipartite

graph, A, = VL (S42). Combining 542 and 546 yields:

VL < mLNm (S47a)
Ny T < S (S47b)
m<C (S47¢)

Therefore, our analytical approximation held if mutualistic selection, m, is

sufficiently weak and/ or the network connectance (C) is sufficiently large.

4. Environmental change simulation

We constructed a GLM addressing the relationships of indirect effects with the
time-to-equilibrium of the coevolutionary dynamics and the amount of directional
evolutionary change recorded in our simulations of environmental change. We
estimated the contribution of indirect effects to coevolutionary dynamics as the least
square estimates of the effect of network structure on the relative contribution of indirect
effects after controlling for the level of mutualistic selection. Species richness affected the
relative contribution of indirect effects to trait evolution (linear-log regression, slope =
0.10, R2= 0.64, F1,7;3 = 129.47, P < 0.0001) and the response variables (time-to-equilibrium:
simple linear regression, slope = 0.80, R2= 0.51, F17; = 75.72, P < 0.0001; amount of
directional change: linear-log regression, slope = -5.29x10-¢, R2= 0.60, F1,73 = 107.83, P <
0.0001). Hence, we performed an additional analysis controlling for the effects of species

richness in both the explanatory and response variables. We used the residuals of the
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relationship between species richness and all of the variables. We then performed simple
linear regressions to investigate the relationship between the residuals of the least
squares estimates and the residuals of the response variables. After controlling for the
effects of species richness, the patterns reported in the main text held: Indirect effects
were positively associated with time-to-equilibrium and negatively associated with the
amount of evolutionary change (Supplementary Table 4).

In our baseline analyses, we changed the trait value favored by the environment
to 0; + ¢; for every species i. Because the change ¢ was randomly sampled from a
uniform distribution [0,1], perturbation represents an increase in the trait values favored
by environmental selection in all species. Thus, we also used one alternative
perturbation scheme to determine whether our conclusions relating indirect effects to
coevolutionary dynamics after perturbation were dependent on the perturbation scheme
used. We ran an additional set of simulations following the same algorithm of the
baseline perturbations with one difference: we sampled ¢; from a uniform distribution [-
0.1,0.1]. In this new scheme, perturbations may increase or decrease the trait values
favored by environmental selection. Despite the differences between perturbation
schemes, the results are very similar to those of the baseline simulations. Indirect effects
were positively associated with the time-to-equilibrium (log-linear regression, R2= 0.61,
F1,73= 114.36, P < 0.001) and the amount of directional change (simple linear regression,
R2=0.83, F1,73= 370.98, P < 0.001). After controlling for the effects of species richness, the
same patterns held when analyzing the residuals of the variables (time-to-equilibrium:
linear regression, R2= 0.23, F17= 22.01, P < 0.001; and amount of directional change:

simple linear regression, R2= 0.44, F; 7= 57.49, P <0.001).
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Supplementary Table 1. Empirical networks of distinct mutualisms used to parameterize the
coevolutionary model and study indirect effects on coevolutionary dynamics. Each mutualism
is identified by the two sets of species that interact; Ny, = species richness of the first set of
species (rows) (e.g., in anemone-anemonefish interactions, N, refers to the species richness of
anemones); Np = species richness of the second set of the species (columns); binary = binary
information on species interactions; quantitative = quantitative information on species
interactions, C = connectance, O, = bipartite modularity index; Ny = nestedness (NODF); A}‘ =
leading eigenvalue of the adjacency matrix describing binary interactions; IWDB = dataset
available for download at https:/ /www.nceas.ucsb.edu/interactionweb/; Web-of-life = dataset
available for download at http://www.web-of-life.es/; Rico-Gray = dataset kindly provided
by Victor Rico-Gray; Izzo = dataset kindly provided by Thiago 1zzo; Sazima = dataset kindly
provided by Cristina and Ivan Sazima; Donatti = dataset kindly provided by Camila Donatti;
Hasui = dataset kindly provided by Erica Hasui, Mariana Vidal, and Wesley Silva; Jordano =
dataset provided by one of the authors (PJ).

# Mutualism Country Data Ny Ng C O, | Ng 111‘ Availability
Anemone- Indonesia binary 4 4 0.44 0.39 | 625 2.22 IWDB!
1 Anemonefish
Anemone- Indonesia binary 4 5 0.3 056 | 125 1.73 IWDB!
2 | Anemonefish
Anemone- Indonesia binary 4 4 0.44 0.39 | 29.17 | 2.03 IWDB!
3 | Anemonefish
Anemone- Indonesia binary 4 4 0.38 047 | 16.67 | 1.80 IWDB!
4 | Anemonefish
Anemone- Indonesia binary 5 5 0.32 048 | 225 1.99 IWDB!
5 | Anemonefish
Anemone- Indonesia binary 4 5 0.35 047 | 125 1.85 IWDB!
6 | Anemonefish
Anemone- Indonesia binary 6 5 0.33 044 | 38 2.39 IWDB!
7 | Anemonefish
Anemone- Indonesia binary 4 5 0.4 044 | 3438 | 212 IWDB!
8 | Anemonefish
Anemone- Indonesia binary 3 4 0.5 0.33 | 22.22 | 1.85 IWDB!
9 | Anemonefish
Anemone- Indonesia binary 4 4 0.44 0.37 | 375 1.99 IWDB!
10 | Anemonefish
Anemone- Indonesia binary 5 3 0.47 0.41 | 38.46 | 2.00 IWDB!
11 | Anemonefish
Ant-Extrafloral quantitati | 41 51 014 | 03 |435 | 113 | IWDB?
nectar (EFN) | Australia ve 1 1 4
12 | plant
" Ant-EFN plant Mexico binary 10 38 0.25 g 3 ?9. 1 6.65 Rico-Gray
Ant-EFN plant Mexico binary 28 99 0.1 0.4 | 405 | 10.6 | Rico-Gray
14 7 9 4
5 Ant-EFN plant Mexico binary 5 12 0.22 g 7 | 263 |2 Rico-Gray
16 Ant-EFN plant Mexico binary 13 46 0.21 I(5).4 g 55 | 7.54 | Rico-Gray
Ant- binary 16 8 0.15 0.7 4.28 2.33 IWDB3
Peru
17 | myrmecophyte 8
Ant- . quantitati | 25 16 0.12 06 |13.6 | 339 | IWDB4
Brazil
18 | myrmecophyte ve 9 3
Ant- . quantitati | 6 5 0.23 06 |8 1.62 Izzo
Brazil
19 | myrmecophyte ve 9
Ant- . quantitati | 9 7 0.17 0.7 | 7.02 1.62 Izzo
Brazil
20 | myrmecophyte ve 8
Ant- . quantitati | 13 8 0.16 | 06 | 113 245 | Izzo
Brazil
21 | myrmecophyte ve 9 2
Ant- . quantitati | 8 7 016 |07 |0 1.73 | Izzo
Brazil

22 | myrmecophyte ve 9




Ant- . quantitati | 12 9 015 | 0.7 |49 214 | Izzo
Brazil
23 | myrmecophyte ve 8
Ant- Brazil quantitati | 10 8 015 | 0.7 | 411 | 185 | Izzo
24 | myrmecophyte ve 8
25 | Cleaner-client Brazil binary 5 35 042 | 026 | 70.73 | 7.39 | Sazima
Cleaner-client Netherlands binary 64.47 5
26 Antilles 50 035 |0.30 8.55
97 | Cleaner-client Virgin Islands | binary 4 32 0.41 036 | 4630 | 585 | 6
Frugivore-plant Australia binary 7 72 028 | 03 | 516 |9.62 | Web-of-
28 3 7 Life?
Frugivore-plant Brazil binary 46 45 013 | 0.4 |27.8 | 993 | Donatti
29 2
Frugivore-plant Brazil quantitati | 29 35 014 | 03 | 354 | 7.73 | Web-of-
30 ve 8 9 Life8
Frugivore-plant Brazil binary 44 42 009 |04 |17.1 | 6.38 | Hasui
31 6 5
Frugivore-plant Costa Rica binary 40 169 | 0.1 04 |328 | 15.0 | Web-of-
32 0 7 6 Life?
Frugivore-plant Kenya quantitati | 88 33 014 | 03 |345 | 140 |IWDBW0
33 ve 1 8 5
Frugivore-plant Malaysia binary 61 25 034 |02 |588 | 178 | Web-of-
34 1 6 8 Lifell
Frugivore-plant Mexico binary 27 5 064 |01 | 673 |812 | Web-of-
35 8 4 Lifel2
Frugivore-plant . quantitati | 19 4 043 | 03 |482 | 456 |IWDB®
Panama
36 ve 5 9
Frugivore-plant . quantitati | 11 13 037 |02 |739 |6 IWDB13
Panama
37 ve 5
Frugivore-plant Papua New | quantitati | 9 31 043 | 02 | 676 |9.01 | Web-of-
38 Guinea ve 2 6 Lifel4
Frugivore-plant Papua New | binary 32 29 0.07 | 0.6 | 11.2 | 4.04 | Web-of-
39 Guinea 5 1 Lifel5
Frugivore-plant Puerto Rico quantitati | 16 25 017 | 04 | 447 |559 |16
40 ve 0
Frugivore-plant Puerto Rico quantitati | 20 34 0.14 | 03 | 433 6.8 16
41 ve 9 8
Frugivore-plant Puerto Rico quantitati | 13 25 015 |05 [296 |444 |16
42 ve 4 9
Frugivore-plant Puerto Rico quantitati | 15 21 016 |04 |341 |462 |16
43 ve 7 7
Frugivore-plant Spain quantitati | 17 16 044 |02 | 787 |9.09 | Jordano
44 ve 4 6
Frugivore-plant . quantitati | 33 25 018 | 03 |589 |865 |17
Spain
45 ve 3 8
Frugivore-plant quantitati | 14 11 0.3 03 | 427 | 484 | IWDBI8
UK
46 ve 4 1
Frugivore-plant USA quantitati | 21 7 034 | 03 |509 |538 | Web-of-
47 ve 2 8 Life1®
Pollinator-plant A i binary 45 21 0.09 | 0.6 | 180 | 4.86 | Web-of-
48 rgentina 2 |2 Life20
Pollinator-plant Areentina binary 72 23 0.08 | 0.5 | 228 | 6.74 | Web-of-
49 8 9 |8 Life2
Pollinator-plant . quantitati | 29 10 015 | 05 |295 | 462 |IWDBx#
Argentina
50 ve 4 4
Pollinator-plant . quantitati | 33 9 015 | 0.6 | 186 | 4.2 IWDB2t
Argentina
51 ve 2 6
Pollinator-plant . quantitati | 29 10 014 | 05 |263 |4.67 |IWDBx#
Argentina
52 ve 8 1
Pollinator-plant . quantitati | 26 8 017 | 05 |232 | 4.04 |IWDB2#
Argentina
53 ve 5 8
Pollinator-plant . quantitati | 27 8 022 |05 |303 |452 |IWDBz#
Argentina
54 ve 0 1
Pollinator-plant Australia quantitati | 85 40 0.08 | 04 | 193 |87 Web-of-
55 ve 2 1 Life22




Pollinator-plant Brazil quantitati | 13 13 042 |02 |849 |7.29 | Web-of-
56 ve 3 3 Life2s
Pollinator-plant Brazil binary 25 51 015 |03 | 463 |939 |24
57 2 6
Pollinator-plant Canada quantitati | 102 | 12 0.14 | 04 |30.7 |87 Web-of-
58 ve 9 8 Life?
Pollinator-plant Canada binary 86 29 0.07 | 05 | 265 |792 | IWDB2*
59 0 1
Pollinator-plant Canada quantitati | 18 11 019 | 04 |32.0 |4.32 |IWDB¥
60 ve 8 8
Pollinator-plant Canada quantitati | 34 13 032 |02 |409 |86 Web-of-
61 ve 6 6 Life28
Pollinator-plant Chil binary 101 | 87 0.04 |05 |147 |[9.02 |®
62 e 2 |2
Pollinator-plant Chil binary 64 42 0.07 |05 |162 |682 |2
63 e 3 |6
o Pollinator-plant Chile binary 28 41 0.08 2.6 ;9.2 49 e
Pollinator-plant Mauriti quantitati | 100 | 58 0.09 | 03 |343 | 150 | IWDB?%
65 auritius ve 1 5 9
llinator-plan inar . . . . -of-
o Pollinator-plant New Zealand binary 60 18 0.11 25 13 9 |523 gfeelzz
Pollinator-plant Azores, quantitati | 12 10 025 | 04 |359 |3.68 |IWDBx
67 Portugal ve 4 6
Pollinator-plant Canarias, quantitati | 38 11 026 |03 |371 |6.79 |IWDB3
68 Spain ve 5 6
Pollinator-plant Mauritius quantitati | 13 14 029 | 03 |51.8 | 524 |IWDBx
69 ve 4 7
Pollinator-plant South Africa binary 56 9 0.20 | 04 | 354 | 7.04 | Web-of-
70 4 9 Life34
Pollinator-plant Sweden quantitati | 118 | 24 0.08 | 05 | 153 | 791 | Web-of-
71 ve 5 1 9 Life35
Pollinator-plant UK quantitati | 61 17 0.14 | 03 | 522 | 857 | Web-of-
72 ve 8 7 Life36
Pollinator-plant UK quantitati | 36 16 015 | 04 | 356 | 6.12 | Web-of-
73 ve 4 6 Life36
Pollinator-plant USA quantitati | 33 7 0.28 | 03 | 566 | 641 | Web-of-
74 ve 6 6 Life3”
Pollinator-plant Venezuela binary 53 28 0.07 |05 | 111 | 4.78 | IWDB38
75 9 6
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Supplementary Table 2. Summary of the GLM addressing the effects of the type of mutualism
and the level of mutualistic selection on the contribution of indirect effects to trait evolution.
Additional details of this analysis are available in the Supplementary Methods.

F df P
Model 837.12 6 < 0.0001
Type of mutualism 194.94 5 <0.0001
Mutualistic selection 4047.97 1 < 0.0001
Error 593

Supplementary Table 3. Summary of the GLM addressing the effects of the type of mutualism,
the species richness, and the level of mutualistic selection on the contribution of indirect effects
to trait evolution. Additional details of this analysis are available in the Supplementary

Methods.
F df p
Model 846.94 7 < 0.0001
Type of mutualism 117.42 5 <0.0001
Species richness 96.56 1 <0.0001
Mutualistic selection 4700.26 1 < 0.0001
Error 592

Supplementary Table 4. Summary of simple linear regressions addressing the relationships
between the indirect effects and two aspects of coevolutionary dynamics as response variables:
time-to-equilibrium and the amount of directional change per species per time step. All of the
variables were estimated as the residuals of regressions using species richness as an
explanatory variable to control for the effects of species richness (1 = 75 networks for all
analysis). See the Supplementary Methods for further information.

Time-to-equilibrium  Amount of directional change

slope 301.25 -1.6 x 103
F 40.08 35.06
R2 0.354 0.324
p < 0.0001 <0.0001

Supplementary Table 5. Summary of simple linear regressions addressing the effect of each
network metric on the mean contribution of indirect effects to trait evolution (n = 75 networks
for all analyses). Species richness was log-transformed prior the analysis. Additional details can
be found in the Supplementary Methods (section 3).

slope F R2 P
Species Richness 0.081 131.24 0.642 <0.0001
Connectance -0.147 3.75 0.049 0.0567
Relative Nestedness 0.114 127.04 0.635 < 0.0001
Relative Modularity -0.537 91.11 0.555 < 0.0001
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Extended Data Figure 1 | Trait dynamics of a mutualistic network.

a, A typical simulation of the coevolutionary model describing the
temporal variation in the trait dynamics for a four-species network

(b, see also Fig. 1c). Points of a given colour represent the evolution of the
mean trait value of one species. Small squares indicate the environmental

optima of the species in the network. Squares and points corresponding to
the same species are presented in the same colour. The mean mutualistic
selection was set at <m>=0.7+0.01. Other parameters: ¢ =0.21+0.01,
0;=U][0, 10]. Similarly, the simulations converged to equilibrium for all
empirical networks.
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» Experimental design

1. Sample size

Describe how sample size was determined. We computed 100 simulations per combination of empirical network used to
parameterize the dataset and level of mutualistic selection - a key parameter of the
model. We used 100 simulations because this number allow to characterize the
mean values of response variables by minimizing statistical fluctuations due to
smaller sample sizes.
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2. Data exclusions

Describe any data exclusions. There is no data exclusion.

3. Replication
Describe whether the experimental findings were All MATLAB codes and empirical datasets used to parameterize the models are
reliably reproduced. available, allowing reliable reproduction of all of our results.

4. Randomization

Describe how samples/organisms/participants were Not Applicable to our study.
allocated into experimental groups.

5. Blinding
Describe whether the investigators were blinded to Not Applicable to our study.

group allocation during data collection and/or analysis.

Note: all studies involving animals and/or human research participants must disclose whether blinding and randomization were used.
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Statistical parameters

For all figures and tables that use statistical methods, confirm that the following items are present in relevant figure legends (or in the
Methods section if additional space is needed).

n/a | Confirmed

|X| The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement (animals, litters, cultures, etc.)

|X| A description of how samples were collected, noting whether measurements were taken from distinct samples or whether the same
sample was measured repeatedly

|:| A statement indicating how many times each experiment was replicated

|X| The statistical test(s) used and whether they are one- or two-sided (note: only common tests should be described solely by name; more
complex techniques should be described in the Methods section)

& A description of any assumptions or corrections, such as an adjustment for multiple comparisons
|X| The test results (e.g. P values) given as exact values whenever possible and with confidence intervals noted

|X| A clear description of statistics including central tendency (e.g. median, mean) and variation (e.g. standard deviation, interquartile range)
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|X| Clearly defined error bars

See the web collection on statistics for biologists for further resources and guidance.
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Policy information about availability of computer code

7. Software
Describe the software used to analyze the data in this We used manly MATLAB and R scripts we wrote for simulations. We used some
study. well-known, published programs to compute two network statistics.

For manuscripts utilizing custom algorithms or software that are central to the paper but not yet described in the published literature, software must be made
available to editors and reviewers upon request. We strongly encourage code deposition in a community repository (e.g. GitHub). Nature Methods guidance for
providing algorithms and software for publication provides further information on this topic.

» Materials and reagents

Policy information about availability of materials
8. Materials availability

Indicate whether there are restrictions on availability of ~ All datasets and codes are available.
unique materials or if these materials are only available
for distribution by a for-profit company.
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Describe the antibodies used and how they were validated = Not Applicable.
for use in the system under study (i.e. assay and species).

10. Eukaryotic cell lines
a. State the source of each eukaryotic cell line used. Not Applicable.

b. Describe the method of cell line authentication used.  Not Applicable.

c. Report whether the cell lines were tested for Not Applicable.
mycoplasma contamination.

d. If any of the cell lines used are listed in the database Not Applicable.
of commonly misidentified cell lines maintained by
ICLAC, provide a scientific rationale for their use.

» Animals and human research participants

Policy information about studies involving animals; when reporting animal research, follow the ARRIVE guidelines

11. Description of research animals

Provide details on animals and/or animal-derived Not Applicable.
materials used in the study.

Policy information about studies involving human research participants

12. Description of human research participants

Describe the covariate-relevant population Not Applicable.
characteristics of the human research participants.
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