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Abstract

Ecosystems are structured by networks of interactions among species, but this hypoth-
esis has rarely been tested in plant communities. Indeed, the structure and functioning
of plant interaction networks have remained elusive so far and the mechanisms underly-
ing their origin and maintenance remain unknown. By developing a novel approach that
integrates the ecology of plant interactions with network theory and using spatial pattern
analysis, we show that plant communities are organised in spatially variable and complex
networks. Specifically, we found that positive plant interactions promote the formation
and the cohesiveness of large networks. At small spatial scale, where positive mutual
interactions prevailed, the network was characterised by a large connected component.
With increasing scale, when negative interactions took over, network structure became
more hierarchical with many detached components. These findings shade new light on

the complex networks of interactions occurring in plant communities.
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INTRODUCTION

The nature of biodiversity continues to intrigue biologists because of the complexity of inter-
actions among species in ecosystems. Due to this complexity, success to build a unified theory
of biodiversity has been poor (McGill, 2010). Standard ecological theory assumes as a central
pillar that negative interactions between species (e.g. competition) are essential to promote
stable species coexistence (Tilman, 1994; Chesson, 2000; Allesina & Levine, 2011; Kraft et al.,
2014). More recently, the re-discovery of positive interactions emphasised the importance of
mutualism and facilitation for biodiversity maintenance and ecosystem stability (Bruno et al.,
2003; Verdu & Valiente-Banuet, 2008; Bastolla et al., 2009; Schob et al., 2012; Cavieres et al.,
2014; Isbell et al., 2015).

The study of networks of mutualistic interactions among plants and animals has increased
our understanding of ecological and evolutionary processes shaping communities and ecosystems
(Bascompte & Jordano, 2014). However, research on plant interactions has historically focused
on unidirectional interactions between two species at a time (Mayfield & Stouffer, 2017). This
might be due to plants being autotrophic organisms that do not depend on other species as
resources. Hence most plant interactions are facultative (Kéfi et al., 2012), can be positive,
neutral or negative (Schob et al., 2014a) and can vary with environmental conditions (Callaway
et al., 2002; He et al., 2013). Consequently, these different interaction types are rarely considered
jointly (Kéfi et al., 2012; Schob et al., 2013; Saiz et al., 2014). In particular, plant interactions
have often been studied only for one of the interacting partner as an unidirectional interaction,
for example looking at the effect of nurse plants on beneficiary species (He et al. (2013); Cavieres
et al. (2014); Losapio & Schéb (2017) but see e.g. Schéb et al., 2014b).

In summary, the potential existence of interaction networks among multiple plant species is
often neglected. However, recent studies suggest that such networks are widespread in several
vegetation types (Verdi & Valiente-Banuet, 2008; Allesina & Levine, 2011; Saiz et al., 2014;
Losapio & Schéb, 2017). The network approach to analyse plant interactions has proved useful
for exploring how intransitive competition influences species coexistence (Laird & Schamp,
2006; Allesina & Levine, 2011), to better understand the role of facilitation for biodiversity
maintenance under global change (Losapio & Schéb, 2017) and to increase prediction accuracy

of ecosystem dynamics (Poisot et al., 2016).
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By considering spatially explicit models, recent studies suggest that the outcome of posi-
tive plant interactions may be diffuse, involving many species and varying with spatial scale
(Pescador et al., 2014; Chacén-Labella et al., 2016). For plants, and other organisms such
as termites and mussels, it has been shown that the emergence of regular spatial patterns is
the consequence of scale-dependent feedbacks (Rietkerk et al., 2004; Solé & Bascompte, 2006;
Meron, 2012; Tarnita et al., 2017), in which competitive (Tilman, 1994; Durrett & Levin, 1998)
and facilitative (Kéfi et al., 2007; Meron, 2012) interactions between species are pivotal. These
interaction processes may produce a spatial signal in the component populations and in the
whole community and ecosystem, resulting in self-organised patch patterns (Solé & Bascompte,
2006). Particularly, competition with distant individuals may allow larger scale species coex-
istence in heterogeneous environments (Chesson, 2000; Allesina & Levine, 2011; Tarnita et al.,
2017), whereas fine scale facilitation between neighbours may promote multi-species clustering
(Meron, 2012; Pescador et al., 2014; Chacén-Labella et al., 2016).

Here, we wonder how plant interaction networks are structured, how network assembly
mechanisms maintain species richness and this changes across spatial scales. To do so, we
combined research on the ecology of plant interactions with ecological network models. Specif-
ically, we mapped a plant community at the individual level in a sparsely vegetated alpine
tundra ecosystem and inferred plant interactions from spatial point pattern analysis (Wiegand
& Moloney, 2014; Veldzquez et al., 2016). Then, we built plant interaction networks and stud-
ied how interaction types change network structure across spatial scales. Because facilitation
is known to be a relevant driver in the examined ecosystem (Callaway et al., 2002; Schéb et al.,
2008; Kikvidze et al., 2015), we tested the hypothesis that facilitation would support the for-
mation of complex spatial networks and maintain high species richness at small spatial scale,

while competition would lead to network breakdown at larger spatial scales.

MATERIALS AND METHODS
We have developed a novel analytical framework to analyse the structure of plant interactions
networks across spatial scales by combining spatial pattern analysis to estimate plant—plant

interactions with network models (Fig. 1).

Study site
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An observational study was performed in a sparsely-vegetated alpine tundra ecosystem (Swiss
Alps, 2300 m a.s.l., Lat 46.39995°N, Long 7.58224°E, Fig. S1) characterised by patches of the
prostate dwarf-shrub Dryas octopetala L. (Rosaceae). The plant community was fully mapped
with a 1 cm accuracy during August 2015 within a 9 x 3 m rectangular grid (Fig. S2). For each
individual plant (i.e. ramet) we recorded: species identity, coordinates of rooting point (x and
y) and a set of functional traits (width, height, number of leaves, leaf dry mass) relevant for
resource use and competitive ability (Diaz et al., 2016). In total, 2154 individuals belonging to
29 species were recorded (Tab. S1). Species richness reached an asymptote in the accumulation
curve (Fig. S3), suggesting that a representative area with the entire species pool of this plant
community type was sampled. We focused on the 19 species that had more than 10 individuals
in order to minimise analytical bias. Small-scale spatial heterogeneity of soil properties was
quantified by determining soil gravel content, soil water content and soil C/N ratio with one
composite sample in each 1 m? and beneath each Dryas patch (see Appendix S1 for details).
Spatial pattern analysis and plant interactions

To detect the statistical association between species we employed spatial point pattern analysis
based on second-order statistics (Ripley, 1981; Diggle, 2003; Wiegand & Moloney, 2014; Bad-
deley et al., 2015) assuming that plant interaction processes lead to detectable spatial patterns
(Rietkerk et al., 2004; Kéfi et al., 2007; Solé & Bascompte, 2006; Verdi & Valiente-Banuet,
2008; Schob et al., 2008; Meron, 2012; Saiz et al., 2014). The scale of analysis was varied from
1 cm to 75 cm.

Univariate analyses were used to describe the distribution of each species and to identify
the effects of environmental heterogeneity on the occurrence probability of the different species
(see Appendix S1 for details). Then, to determine interspecific spatial associations we carried
out bivariate analyses among all species pairs, determining the probability that species will
be more or less associated than expected at random and after controlling for each species’
occurrence probability based on each species niche and environmental heterogeneity. Species
association was determined using the inhomogeneous cross-type pair correlation function g;;(r)
(Wiegand & Moloney, 2014). Given the expected number of points of species j around a ring
at a distance r from an arbitrary point of species i (Fig. S4b), the probability p(r) of finding

two points i and j separated by a distance r is equal to p(r) = A;(z)A;(j), where \;(x) and
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A;(7) are the estimated intensity functions of the two species (i.e. the A function that produced
the best univariate model fit, see Tab. S2). Values of g¢;;(r) > 1 indicate that there are, on
average, more individuals of species j at a distance r from species ¢ than expected by chance.
Conversely, values of g;;(r) < 1 indicate that the species j is more segregated from species i
than expected by chance. When g;; ~ 1 the spatial dependency of species j on species ¢ cannot
explain more than what we would expect by chance, i.e. given each species’ distribution.

In order to statistically determine whether an observed pattern was significantly different
from what could be expected by chance, Monte Carlo simulation of a realisation of the g;;(r)
function at each scale (from 1-75 cm with 1 cm steps) was used to generate simulated dis-
tributions from the null hypothesis of independence of species j with respect to species 7. A
total of 199 MC simulations were performed at each scale. The fifth-lowest and the fifth-
highest simulated values at each r were used to build 95% confidence envelopes around the
mean predictions (Diggle, 2003; Baddeley et al., 2015). Thus, at a given scale r, an empirical
G;;(r) function higher than the confidence envelope indicates significant positive dependence of
species j on species i, while the converse indicates significant negative dependence (Fig. S8,
Fig. S9). When g;;(r) lies within the MC confidence envelope, neutral association cannot be
rejected. Because first order constraints on the distributions of each species are controlled (i.e.
microsite heterogeneity, niche and stochastic determinants, see Appendix S1), the obtained pos-
itive and negative dependences must result from non-random plant—plant interactions (Tilman,
1994; Rietkerk et al., 2004; Kéfi et al., 2007; Wiegand & Moloney, 2014). Because competitive
interactions promote fine-scale species segregation (Macarthur & Levins, 1967; Tilman, 1994;
Durrett & Levin, 1998; Pescador et al., 2014), while facilitative interactions promote fine-scale
species aggregation (Bruno et al., 2003; Schob et al., 2008; Meron, 2012; Chacén-Labella et al.,
2016), we consider spatial aggregation (significantly positive associations) as indicator of facil-
itative interactions, and spatial exclusion (significantly negative associations) as indicator of
competitive interactions and non significant spatial dependency as indicator of neutral interac-
tions. Finally, with this approach we could detect the spatial scales at which such interactions
are operating according to the corresponding spatial signals.

Network analysis

Network analysis was employed to identify the web of plant—plant interactions and to assess
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how network structure may promote species coexistence and maintain species richness. At each
scale we built a unipartite directed network G = (V) E) composed of V' = 19 plant species
and E C V; x Vj significant directional interactions (i.e. distinguishably E;; and Ej;), for a
total of 75 networks and 983 species interactions (Fig. S10 and online video). Each network
GG was represented by an adjacency matrix M composed of 19 rows and 19 columns describing
interactions among plant species.

Species interactions £;; are described by directed ternary links such that

1 for facilitation  if §;;(7) > Gypeo(r) + 95% CI
Eij =4 -1 for competition if §;;(r) < Gipeo(r) — 95% CI

0 for neutral else (i,j) ¢ £

To reveal changes in local plant—plant interactions across scales, for each network we calcu-
lated the total number of interactions F, the number of species S with at least one interaction
(S < V), and the number of pairwise interactions for each bidirectional interaction type, i.e.
positive mutual (facilitation—facilitation), positive non-mutual (facilitation-neutral), negative
mutual (competition—competition), negative non-mutual (competition—neutral) and negative—
positive (facilitation—competition) (Fig. S11).

Network structure was analysed using network transitivity C' as a clustering coefficient
(Watts & Strogatz, 1998). Transitivity tests if two or more species linked to another species
are also interacting with each other, measures the local cohesiveness of a group of species and
indicates the neighbourhood interaction density as well as the hierarchy and interconnection
of a community (Fig. S11). The measure C is defined as the probability that neighbouring
nodes (i.e. all plant species connected to a plant species i) of a plant species ¢ are linked to
each other. In other words, C' for any node ¢ is the fraction of linked neighbours of ¢, such that
C=N"1Y(si(k; —1))7', where s; is the sum of links present among neighbouring nodes for
each node 7, and k; is the degree (i.e. the number of neighbours) of node i. Thus, the higher the
transitivity, the more the neighbours are connected to each other, the higher the cohesiveness.

To reveal network growth and collapse across spatial scales, we calculated the size of the
largest connected component R. A connected component of a network is a subset of nodes

reachable from every node within it (Molloy & Reed, 1995). In other words, the size of R is
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equal to the maximum number of species consecutively linked within a network (Fig. S11). The
change in the size of R provides basic information about network development and collapse.
Hence, the presence of connected components and the change in their size R can be used to
characterise the robustness of ecological communities.

Statistical analysis

We first analysed the changes in plant—plant interactions across spatial scales and then we
tested the relationships between such changes and network structure.

We used regression models to relate the response of i) the total number of interactions E
and ii) the interacting species richness S to the ratio between positive and negative interactions,
the ratio between mutual and non-mutual interactions, and their interactions (fixed effects with
third degree polynomials for each ratio, i.e. r + r* + r3). Besides, we previously tested with the
same approach if the ratio between positive and negative interactions and the ratio between
mutual and non-mutual interactions changes across scale (i.e. s + s? + s?).

Then, to determine bottom-up effects of local plant—plant interactions on network structure,
we used regression models to test the effects of pairwise interaction combinations (i.e. number
of positive—positive, positive-neutral, negative-negative, negative-neutral, negative—positive
interactions as fixed effects) on i) the network transitivity C' and on ii) the size of the largest
connected component R. By using the absolute number of each interaction-type combination as
independent variable we accounted for changes in the total number of interactions across scales.
To quantify the importance (i.e. effect size) of the different interaction types and spatial scale,

we used the partial 12, i.e. the proportion of variation that can be explained by each explanatory

. SSE —SSE(full .
variable, calculated as 72 {reduced) (7 ), where the error sum of squares SSE (i.e.

ywilzk SSE (reduced)
residuals) were compared between reduced models excluding only one interaction type z; and
the full model containing all interaction types x.

We accounted for spatial autocorrelation across scales by including an autoregressive co-
variance structure (AR(1y0;; = 0?pli=i1) in all models (Pinheiro et al., 2016).

All analyses were done in R 3.3.0 (R Core Team, 2016), using spatstat (Baddeley et al.,
2015) and ecespa (De la Cruz, 2008) for spatial pattern analysis, igraph (Csérdi & Nepusz,

2006) for network analysis and nmle (Pinheiro et al., 2016) for statistical analysis.
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RESULTS
Local plant interactions
The ratio of positive to negative interactions decreased with increasing spatial scale from 1-75
cm (B = —10.294, B? = 2.671, 32 = —2.417, p = 0.0001, R* = 0.607; Fig. S12; Tab. S3), along
with a decrease of the ratio of mutual to non-mutual interactions (3 = —10.328, 32 = 6.656,
B3 = 3.606, p = 0.0005; R? = 0.590; Fig. S13; Tab. S3).
Positive and mutual interactions had a positive effect on the total number of interactions
E (p = 0.0006, R* = 0.665; Tab. S3), while only positive, but not negative, interactions had
a positive effect on interacting species richness S (p = 0.0004, R? = 0.630). Thus, there was a
decrease in the number of interactions associated with a shift in the predominant interaction
type from mutual and positive to non-mutual and negative with increasing spatial scale (Fig.
2, Tab. S3).
Global network structure
Network transitivity gradually decreased within the first 30 cm and then abruptly shifted to
0 with further distance (3 = —0.970, 32 = 0.348, 3% = —0.062, p < 0.0001, R? = 0.558; Fig.
3a). All interaction-type combinations had significant effects on network transitivity (Tab. S4).
However, considering their effect size, positive mutual interactions best explained transitivity
(8 = 0.044, r* = 0.361, p < 0.0001), followed by positive non-mutual interactions (8 = 0.065,
r? = 0.225, p = 0.0018), whereas negative mutual (8 = 0.026, r* = 0.096, p = 0.0247) and non-
mutual (8 = —0.089, r* = 0.117, p = 0.0139) interactions had weaker effects. This suggests that
positive mutual interactions among plants increased interactions among neighbouring plants.
There were connected components across all scales, but their size decreased with increasing
scale (B = —22.530, % = 6.343, % = 4.270, p < 0.0001, R* = 0.599) up to about 55 cm
(Fig. 3b). Positive mutual and non-mutual interactions and negative non-mutual interactions
had significant positive effects on the size of the largest connected component R (Tab. S4).
Again, positive mutual interactions (3 = 1.189, 72 = 0.504, p < 0.001) and positive non-mutual
interactions (8 = 2.090, r? = 0.383, p < 0.0001) best explained variation in R, followed by

negative non-mutual interactions (8 = 3.810, r? = 0.249, p < 0.0001).

DISCUSSION
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Our study highlights the essential role of facultative positive interactions among plant species
for the formation of complex plant—plant interaction networks networks at fine spatial scale. In
our alpine ecosystem, we found that facilitation prevailed at spatial scales up to 25 cm, while
competition became dominant from spatial scales larger than 50 cm. The shift from facilitation
to competition with increasing scales was coupled with a de-structuring of plant—plant net-
works which resulted in less interacting species. These results suggest that facultative positive
plant interactions are the main driver of the network organisation of species-rich patches in this
stressful environment. Furthermore, they confirm our hypothesis that plant networks change
across spatial scales (Fig. 4). In summary, at small spatial scales positive interactions promoted
the development of cohesive networks with high transitivity and large connected components,
whereas at larger spatial scales networks became more hierarchical and less cohesive in parallel
with a relative increase in competitive interactions. Because network complexity can increase
ecosystem stability (Solé & Bascompte, 2006), facultative positive plant interactions may pro-
mote plant species richness and ecosystem stability, similar to obligate mutualistic interactions
(Bastolla et al., 2009).

The spatial scale of plant interactions

The scale-dependent shift in plant interactions that we observed in our study system, after
correcting each species’ distribution for environmental heterogeneity and stochasticity, con-
curs with expectations from Turing’s activator-inhibitor principle (Rietkerk et al., 2004; Solé
& Bascompte, 2006; Meron, 2012). At short distance, plants increase resource availability for
neighbours and then ameliorate growth conditions in environments with high abiotic stress as
our alpine system (Schéb et al., 2012; Kikvidze et al., 2015). This means that the more plants
the stronger the stress amelioration by facilitation can be. This positive feedback mechanism
causes facilitation to prevail at the very close proximity to plants. On the other hand, the
importance of competition varied relatively less across scales, with a prevalence of competi-
tive interactions at larger distances where facilitation cannot compensate due to the changed
resource dynamics between local patches compared to those with facilitation within patches
(Tilman, 1994; Rietkerk et al., 2004; Meron, 2012). In summary, facilitation is strongly scale
dependent, whereas competition is more constant along space in the observed fragmented alpine

ecosystem.
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Theoretical and empirical studies in dryland ecosystems indicate that the emergence of spa-
tial patterns is due to two main classes of mechanisms of ecological self-organisation (Rietkerk
et al., 2004; Solé & Bascompte, 2006; Kéfi et al., 2007; Meron, 2012; Tarnita et al., 2017).
The first process considers the role of positive scale-dependent feedbacks between biomass and
resources. Water transport within a patch increases its growth while it inhibits the growth
of neighbouring patches. Hence within-patch facilitation depends on the possibility to exploit
resources within and around the patch, thereby leading to between-patch competition (Meron,
2012). The second process recognises the role of species as ecosystem engineers and their in-
traspecific competition. Plants and animals can create and modify microhabitats conditions,
whose outcome can result in direct interference and avoidance (Tarnita et al., 2017). In ad-
dition to these two processes, we postulate here a network mechanism that grants the role of
interspecific interactions, both facilitation and competition, in structuring spatial networks of
species-rich communities in an alpine ecosystem, which was previously undocumented. Par-
ticularly, our results suggest that mutual facilitation could increase the richness of species
participating in the interaction networks, where species interact mainly via facilitation. This
means that positive mutual interactions promoted the establishment of more positive inter-
actions among neighbours, thanks to a mechanism we call 'spread of facilitation’. In such
a cooperative network, the establishment of positive mutual interaction among neighbouring
plants was promoted by the prevalence of the same positive interactions in the network, accord-
ing to an autocatalytic process (Rietkerk et al., 2004; Solé & Bascompte, 2006; Meron, 2012).
Conversely, the prevalence of negative non-mutual interactions could reduce the likelihood of
interactions and of species occurring in the network. Furthermore, this novel role of facilitation
in plant spatial networks is in support of the importance of facilitation for biodiversity and
ecosystem functioning (Bruno et al., 2003; Cavieres et al., 2014; Kikvidze et al., 2015; Isbell
et al., 2015).

The structure of plant interaction networks

Networks show a high transitivity when the number of interactions among neighbours is large
relative to the number of species (Watts & Strogatz, 1998). The decreasing transitivity with in-
creasing scale implies that a transition from a cohesive to a hierarchical organisation of networks

occurred. This shift was not linear, but gradual until reaching a threshold at 30 ¢cm, beyond

10
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which a sudden, critical transition occurred and transitivity rapidly approached zero. This pat-
tern concurs with expectations of the behaviour of an (eco)system approaching a tipping point
(Solé & Bascompte, 2006), highlighting the presence of an imminent collapse of the structure
of plant interaction networks. This collapse could be coupled with the facilitation—competition
shift observed across spatial scale in this fragmented ecosystem. Potential mechanisms leading
to such a shift can be related to previously described positive scale-dependent feedbacks, where
positive interactions prevail at fine scale within patches and negative interactions at larger scale
between patches (Meron, 2012). Coupled to this process there is the positive effects that ecosys-
tem engineers, like Dryas octopetala in our system, have on other species (Tarnita et al., 2017),
mainly through the decrease of stress and the amelioration of growth conditions (Klanderud,
2005). Finally, the existence of interaction networks with a complex structure can promote or
reduce the ‘spread’ of facilitative or competitive interactions, respectively, among diverse plant
species.

The size of the largest connected components in our networks decreased with increasing
spatial scale to half the size at 30 cm and to one-fifth at 55 cm. Again, this reduction in com-
ponent size can be due to a reduction in positive, mutual and non mutual interactions. Indeed,
we observed that facilitation could build-up parger, presumably more robust components. In
line with this result, we also found a higher number of cliques (i.e. small densely interconnected
components, Fig. S15) and a higher species proximity in the network (Fig. S16) at fine spatial
scales where positive mutual interactions were predominant. Taken together, these results sug-
gest a breakdown of the largest connected components with increasing spatial scale, as species
tend to segregate into many detached components when positive interactions wane.

Finally, it is necessary to take into consideration that the spatial signal left by plant—plant
interactions becomes blurred with distance. This decrease indicates that part of this breakdown
may be, at least partially, a simple consequence of such a dilution in which positive interactions
disappeared whereas competition remained until network collapse.

Our study is one of the first attempts to analyse plant—plant interactions with a network
approach and to explore the variation in network structure as a function of spatial scale. We are
aware that new questions are now arising. Observational studies such as the present one can only

tentatively describe potential mechanisms underpinning spatial signals in patterns of species co-
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occurrences at different spatial scales. Nevertheless, with our approach we were able to isolate
the effect of plant interactions after controlling for other sources of variation affecting local
species distributions (Wiegand & Moloney, 2014; Pescador et al., 2014; Chacén-Labella et al.,
2016). Future experimental studies controlling for differences in demographic stochasticity
(e.g. dispersal limitation) and niche processes (e.g. species-specific resource limitation) would
be necessary to test the causality of the observed correlations between positive plant—plant
interactions and network structure and to understand their role in community assembly. At
the same time, further theoretical research should accompany such experimental work to better
predict community structure and ecosystem functioning and stability resulting from it under
different environmental conditions.

ACKNOWLEDGMENTS

This study was financially supported by the Swiss National Science Foundation (PZ00P3.148261)
to CS and partially by the Spanish Ministry of Economy and Competitiveness under the project
ROOTS (CGL2015.66809-P) to AE. We thank L. Dutoit and D. Trujillo for their help with
data collection in the field. We thank J. Bascompte and M. Fortuna for their fruitful discussions

and commenting an early version of this manuscript. We have no conflict of interest to declare.

References

Allesina, S. & Levine, J. M. (2011). A competitive network theory of species diversity. Proceed-

ings of the National Academy of Sciences of the United States of America, 108, 5638-5642.

Baddeley, A., Rubak, E. & Turner, R. (2015). Spatial Point Patterns: Methodology and Appli-
cations with R. Chapman and Hall/CRC Press.

Bascompte, J. & Jordano, P. (2014). Mutualistic Networks. Princeton University Press, Prince-

ton and Oxford, Princeton, New Jersey, USA.

Bastolla, U., Fortuna, M. A., Pascual-Garcia, A., Ferrera, A., Luque, B. & Bascompte, J.
(2009). The architecture of mutualistic networks minimizes competition and increases

biodiversity. Nature, 458, 1018-1020.

12


https://doi.org/10.1101/118166

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

bioRxiv preprint doi: https://doi.org/10.1101/118166; this version posted March 18, 2017. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Bruno, J. F., Stachowicz, J. J. & Bertness, M. D. (2003). Inclusion of facilitation into ecological

theory. Trends in Ecology & FEvolution, 18, 119-125.

Callaway, R. M., Brooker, R. W., Choler, P., Kikvidze, Z., Lortie, C. J., Michalet, R., Paolini,
L., Pugnaire, F. 1., Newingham, B., Aschehoug, E. T., Armas, C., Kikodze, D. & Cook,
B. J. (2002). Positive interactions among alpine plants increase with stress. Nature, 417,

844-848.

Cavieres, L. a., Brooker, R. W., Butterfield, B. J., Cook, B. J., Kikvidze, Z., Lortie, C. J.,
Michalet, R., Pugnaire, F. 1., Schob, C.; Xiao, S., Anthelme, F., Bjork, R. G., Dickinson,
K. J. M., Cranston, B. H., Gavilan, R., Gutiérrez-Girén, A., Kanka, R., Maalouf, J. P.,
Mark, A. F., Noroozi, J., Parajuli, R., Phoenix, G. K., Reid, A. M., Ridenour, W. M.,
Rixen, C., Wipf, S., Zhao, L., Escudero, A., Zaitchik, B. F., Lingua, E., Aschehoug, E. T.
& Callaway, R. M. (2014). Facilitative plant interactions and climate simultaneously drive

alpine plant diversity. Ecology Letters, 17, 193-202.

Chacén-Labella, J., de la Cruz, M. & Escudero, A. (2016). Beyond the classical nurse species
effect: diversity assembly in a mediterranean semi-arid dwarf shrubland. Journal of Vege-

tation Science, 27, 80—88.

Chesson, P. (2000). Mechanisms of maintenance of species diversity. Annual Review of Ecology

and Systematics, 31, 343-366.

Csardi, G. & Nepusz, T. (2006). The igraph software package for complex network research.

InterJournal Complex Systems, 1695.

De la Cruz, M. (2008). Métodos para analizar datos puntuales. Introduccién al anélisis espacial
de datos en ecologia y ciencias ambientales: métodos y aplicaciones. Universidad Rey Juan

Carlos, Servicio de Publicaciones, Espana.

Diaz, S., Kattge, J., Cornelissen, J. H. C., Wright, 1. J., Lavorel, S., Dray, S., Reu, B., Kleyer,
M., Wirth, C., Colin Prentice, 1., Garnier, E., Bonisch, G., Westoby, M., Poorter, H., Reich,
P. B., Moles, A. T., Dickie, J., Gillison, A. N., Zanne, A. E., Chave, J., Joseph Wright, S.,
Sheremet’ev, S. N., Jactel, H., Baraloto, C., Cerabolini, B., Pierce, S., Shipley, B., Kirkup,

D., Casanoves, F., Joswig, J. S., Gunther, A., Falczuk, V., Riiger, N., Mahecha, M. D.

13


https://doi.org/10.1101/118166

bioRxiv preprint doi: https://doi.org/10.1101/118166; this version posted March 18, 2017. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

382 & Gorné, L. D. (2016). The global spectrum of plant form and function. Nature, 529,
383 167-171.

s« Diggle, P. J. (2003). Statystical analysis of spatial point patterns. Edward Arnold, London.

s Durrett, R. & Levin, S. (1998). Spatial aspects of interspecific competition. Theoretical Popu-
386 lation Biology, 53, 30-43.

sz He, Q., Bertness, M. D. & Altieri, A. H. (2013). Global shifts towards positive species interac-

388 tions with increasing environmental stress. Ecology Letters, 16, 695-706.

0 Isbell, F., Craven, D., Connolly, J., Loreau, M., Schmid, B., Beierkuhnlein, C., Bezemer, T. M.,

390 Bonin, C., Bruelheide, H., de Luca, E., Ebeling, A., Griffin, J. N., Guo, Q., Hautier, Y.,
301 Hector, A., Jentsch, A., Kreyling, J., Lanta, V., Manning, P., Meyer, S. T., Mori, A. S.,
302 Naeem, S., Niklaus, P. A., Polley, H. W., Reich, P. B., Roscher, C., Seabloom, E. W., Smith,
303 M. D., Thakur, M. P., Tilman, D., Tracy, B. F., van der Putten, W. H., van Ruijven, J.,
304 Weigelt, A., Weisser, W. W., Wilsey, B. & Eisenhauer, N. (2015). Biodiversity increases
305 the resistance of ecosystem productivity to climate extremes. Nature, 526, 574-577.

w6 Kéfi, S., Berlow, E. L., Wieters, E. A., Navarrete, S. A., Petchey, O. L., Wood, S. A., Boit, A.,

307 Joppa, L. N., Lafferty, K. D., Williams, R. J., Martinez, N. D., Menge, B. A., Blanchette,
308 C. A, Iles, A. C. & Brose, U. (2012). More than a meal. .. integrating non-feeding inter-
399 actions into food webs. Fcology Letters, 15, 291-300.

w0 Kéfi, S., Rietkerk, M., van Baalen, M. & Loreau, M. (2007). Local facilitation, bistability and

401 transitions in arid ecosystems. Theoretical Population Biology, 71, 367-379.

w2 Kikvidze, Z., Brooker, R. W., Butterfield, B. J., Callaway, R. M., Cavieres, L. A., Cook, B. J.,

403 Lortie, C. J., Michalet, R., Pugnaire, F. 1., Xiao, S., Anthelme, F., Bjork, R. G., Cranston,
404 B. H., Gavilan, R. G., Kanka, R., Lingua, E., Maalouf, J.-P., Noroozi, J., Parajuli, R.,
405 Phoenix, G. K., Reid, A., Ridenour, W. M., Rixen, C. & Schob, C. (2015). The effects
406 of foundation species on community assembly: a global study on alpine cushion plant
a07 communities. Fcology, 96, 2064-2069.

ws  Klanderud, K. (2005). Climate change effects on species interactions in an alpine plant com-

409 munity. Journal of Ecology, 93, 127-137.

14


https://doi.org/10.1101/118166

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

bioRxiv preprint doi: https://doi.org/10.1101/118166; this version posted March 18, 2017. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Kraft, N. J. B., Godoy, O. & Levine, J. M. (2014). Plant functional traits and the multidi-
mensional nature of species coexistence. Proceedings of the National Academy of Sciences,

112, 797-802.

Laird, R. a. & Schamp, B. S. (2006). Competitive intransitivity promotes species coexistence.

The American naturalist, 168, 182-193.

Losapio, G. & Schéb, C. (2017). Resistance of plant—plant networks to biodiversity loss and

secondary extinctions following simulated environmental changes. Functional Ecology.

Macarthur, R. & Levins, R. (1967). The limiting similarity, convergence, and divergence of

coexisting species. American Naturalist, 101, 377-385.

Mayfield, M. M. & Stouffer, D. B. (2017). Higher-order interactions capture unexplained com-

plexity in diverse communities. Nature Ecology € Evolution, 1, 1-7.

McGill, B. J. (2010). Towards a unification of unified theories of biodiversity. Ecology Letters,

13, 627-642.

Meron, E. (2012). Pattern-formation approach to modelling spatially extended ecosystems.
Ecological Modelling, 234, 70 — 82.

Molloy, M. & Reed, B. (1995). A critical point for random graphs with a given degree sequence.

Random structures and algorithms, 6, 161-180.

Pescador, D. S.,; Chacén-Labella, J., de la Cruz, M. & Escudero, A. (2014). Maintaining
distances with the engineer: patterns of coexistence in plant communities beyond the

patch-bare dichotomy. New Phytologist, 204, 140-148.

Pinheiro, J., Bates, D., DebRoy, S., Deepayan, S. & R Core Team (2016). nlme: Linear and
Nonlinear Mized Effects Models. http://CRAN.R-project.org/package=nlme, r package

version 3.1-128 edn.

Poisot, T., Stouffer, D. B. & Kéfi, S. (2016). Describe, understand and predict: why do we

need networks in ecology? Functional Ecology, 30, 1878—-1882.

R Core Team (2016). R: A Language and Environment for Statistical Computing. URL

http://www.r-project.org/.

15


https://doi.org/10.1101/118166

bioRxiv preprint doi: https://doi.org/10.1101/118166; this version posted March 18, 2017. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

s Rietkerk, M., Dekker, S. C.; de Ruiter, P. C. & van de Koppel, J. (2004). Self-organized

438 patchiness and catastrophic shifts in ecosystems. Science, 305, 1926-1929.

o Ripley, B. D. (1981). Spatial Statistics. John Wiley & Sons, Inc.

4

w

a0 Saiz, H., Alados, C. L. & Pueyo, Y. (2014). Plant—plant spatial association networks in gyp-
an sophilous communities: the influence of aridity and grazing and the role of gypsophytes in

442 its structure. Web Ecology, 14, 39-49.

a3 Schob, C.; Armas, C. & Pugnaire, F. I. (2013). Direct and indirect interactions co-determine

444 species composition in nurse plant systems. Oikos, 122, 1371-1379.

ss Schob, C., Butterfield, B. J. & Pugnaire, F. 1. (2012). Foundation species influence trait-based

446 community assembly. New Phytologist, 196, 824-834.

sz Schob, C.; Kammer, P. M., Kikvidze, Z., Choler, P. & Veit, H. (2008). Changes in species com-
aa8 position in alpine snowbeds with climate change inferred from small-scale spatial patterns.

449 Web Ecology, 142-159.

0 Schob, C., Michalet, R., Cavieres, L. a., Pugnaire, F. 1., Brooker, R. W., Butterfield, B. J.,

451 Cook, B. J., Kikvidze, Z., Lortie, C. J., Xiao, S., Al Hayek, P., Anthelme, F., Cranston,
452 B. H., Garcia, M. C., Le Bagousse-Pinguet, Y., Reid, A. M., le Roux, P. C., Lingua, E.,
453 Nyakatya, M. J., Touzard, B., Zhao, L. & Callaway, R. M. (2014a). A global analysis
454 of bidirectional interactions in alpine plant communities shows facilitators experiencing
455 strong reciprocal fitness costs. New Phytologist, 202, 95-105.

6 Schob, C., Prieto, 1., Armas, C. & Pugnaire, F. 1. (2014b). Consequences of facilitation: one

457 plant’s benefit is another plant’s cost. Functional Ecology, 28, 500-508.

s Solé, R. V. & Bascompte, J. (2006). Self-Organization in Complexr Ecosystems, vol. 42 of

459 Monographs in Population Biology. Princeton University Press.

wo Tarnita, C. E., Bonachela, J. A., Sheffer, E., Guyton, J. A., Coverdale, T. C., Long, R. A. &
461 Pringle, R. M. (2017). A theoretical foundation for multi-scale regular vegetation patterns.

462 Nature, 541, 398—401.

16


https://doi.org/10.1101/118166

bioRxiv preprint doi: https://doi.org/10.1101/118166; this version posted March 18, 2017. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

w63 Tilman, D. (1994). Competition and biodiversity in spatially structured habitats. Ecology, 75,
464 2716

ws Velazquez, E., Martinez, 1., Getzin, S., Moloney, K. A. & Wiegand, T. (2016). An evaluation

466 of the state of spatial point pattern analysis in ecology. Ecography, 39, 1042-1055.

w7 Verdd, M. & Valiente-Banuet, A. (2008). The nested assembly of plant facilitation networks

468 prevents species extinctions. The American naturalist, 172, 751-760.

w0 Watts, D. J. & Strogatz, S. H. (1998). Collective dynamics of ’small-world” networks. Nature,

a0 393, 440-442.

m Wiegand, T. & Moloney, K. A. (2014). Handbook of spatial point-pattern analysis in ecology.
a2 Chapman and Hall/CRC Press.

17


https://doi.org/10.1101/118166

bioRxiv preprint doi: https://doi.org/10.1101/118166; this version posted March 18, 2017. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

w3 SUPPORTING INFORMATION
s Additional Supporting Information may be found online in the supporting information tab for

45 this article.

18


https://doi.org/10.1101/118166

476

477

478

479

480

481

482

483

484

485

486

487

488

489

bioRxiv preprint doi: https://doi.org/10.1101/118166; this version posted March 18, 2017. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

FIGURES

Community map

Species distribution
null model

254

Plant association

Lk
)
!

o
!

o
!
-

o
o
!

c
o
©

c

=}
£

S

c
S
©

4

£

Q

o
=

©
o

o
o

0 20 40 60
Spatial scale r [om]

Network construction >
(—
C E==

Network analysis

Figure 1 Analytical framework for studying plant interaction networks on the basis of spatial
point patterns. A plant community is fully-mapped: for each individual plant, species identity
and coordinates are recorded within a spatial grid with a 1 cm accuracy. Spatial point pattern
analysis is then employed. First, the distribution of each species is analysed (see Appendix
S1 for details). Second, pairwise species associations are estimated after removing the effects
of environmental heterogeneity and niche and stochastic processes. Then, species interactions
are inferred from spatial association patterns: a positive dependence of species j on species i
is assumed to indicate facilitation of species ¢ on species j, a negative dependence is assumed
to indicate competition, and no association is assumed to indicate neutral interaction. Hence,
interaction types are calculated considering the combination between positive, negative and
neutral interactions. Finally, network analysis is used to reveal the structural properties, the

growth or the collapse of the interaction networks across spatial scales.
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Figure 2 Number of positive and negative interactions (a) and number of mutual and non-
mutual interactions (b) across spatial scales. Total number of interactions is 983. Total number
of positive interactions is 592 (60.2%), of which 282 (47.6%) are mutual and 310 (52.4%) are
non-mutual. Total number of negative interactions is 391 (39.8%), of which 128 are mutual
(32.7%) and 263 are non-mutual (67.3%). No negative-positive interactions were observed.
Red and blue lines indicate positive and negative interactions, respectively; in (b), solid and
dashed lines indicate mutual and non-mutual interactions, respectively. In (b), data points
were omitted for clarity. Lines were fitted with a local polynomial surface determined by

spatial scale.
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Figure 3 Network transitivity (a) and size of the largest connected component R (b) across
spatial scales. Transitivity measured by the clustering coefficient C' (Watts & Strogatz, 1998),
see Methods section and Fig. S11, indicates local cohesiveness of a group of nodes (i.e. species).
The size of the largest connected component R is the maximum number of interconnected
species within a network (Molloy & Reed, 1995). A change in the size of the largest connected
component provides basic information about the growth of a network. Fitted lines and 95% CI

shown.
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Figure 4 At small spatial scale (left, e.g. 5 cm) positive facilitative interactions (red arrows)

build up a network with high transitivity, i.e. high cohesiveness. With increasing scale (right,
e.g. 50 cm), negative competitive interactions (blue arrows) predominate and the network
becomes more disconnected. The size of the nodes (green dots) is proportional to relative

species abundance (See Fig. S10 and the online video for the network at every centimetre).
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