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DR300-17 how network features influence dynamical stability, which is the ability to return to

ture and size. Previous theoretical approaches produce conflicting predictions for

Handling Editor: Joanne Bennett the original state after a disturbance. The main methods, which are random matrix
models and conventional differential equation models, face certain limitations, in-
cluding difficulties in incorporating some biological details or explicit parameteriza-
tion. An alternative approach is given by Generalized Modelling, which combines
both high efficiency with high biological realism, but has not been applied to plant-
animal mutualistic networks prior to this study.

2. Here, we develop a Generalized Model for mutualism that allows the mathemati-
cally rigorous and highly efficient analysis of dynamical stability for many network
replicates (~ 10° per data point). The model incorporates important biological
mechanisms that are known to influence stability behaviour, such as animal com-
petition for limited plant resources and saturating mutualistic benefits, without the
need for explicit parameterization.

3. Using simulated network structures we find increasing dynamical stability with
increasing complexity as measured by the product of species richness and con-
nectance. We are able to explain this effect mechanistically: While mutualistic in-
teractions do represent destabilizing positive feedbacks, the strengths of those
feedbacks weaken with increasing complexity because mutualistic dependencies
as given by the Jacobian matrix elements in the off-diagonal blocks decrease. We

further show that the effect of nestedness on the dynamical stability of simulated
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1 | INTRODUCTION

Mutualistic networks, such as seed-dispersal or pollination, are
globally under pressure (Dicks et al., 2021; Ghisbain et al., 2024;
Hallmann et al., 2017; Williams & Hemberger, 2023). Increasing
stressors in the Anthropocene such as land-use change, invasive
species, pesticide use and global warming drive losses of species
and interactions and accordingly cause changes in network
structure and size (Potts et al., 2010; Tylianakis et al., 2008;
Valiente-Banuet et al., 2015). This poses the question of when
networks reach tipping points at which their ability to recover
from disturbances is lost (Bascompte & Scheffer, 2023; Huang
et al., 2021; Scheffer et al., 2001). Mutualistic networks provide
essential services to plant reproduction, with 88% of flowering
plants depending on animal pollination (Ollerton et al.,, 2011)
and animal-mediated pollination supporting 35% of global crop
production (Klein et al.,, 2007). Therefore, preventing their
collapse is of high importance to long-term ecosystem functioning
and food security.

While many different stability metrics exist (Kéfi et al., 2019), dy-
namical stability provides a simple and intuitive measure of stability
by analysing whether a system will return to its original state after a
perturbation. Knowledge of the main drivers that confer dynamical
stability in networks is crucial to stopping and potentially reversing
mutualistic network collapse.

Studying the stabilizing effect of network complexity (defined
here as the product of species richness and connectance in accor-
dance with May (1972) and Gross et al. (2009)) compared to the
effect of network structural patterns is especially relevant in that
regard, as it is important to know whether conservation efforts
should be targeted specifically to preserve certain network features
to avoid network destabilization. However, despite much research
in this field in recent years, the impact of varying structural features
on dynamical stability of mutualistic networks remains debated
(Valdovinos, 2019).

Complexity was initially believed to increase the stability of eco-
logical systems (McCann, 2000). May (1972), however, showed that
dynamical stability is negatively related to complexity in random

network complexity.

networks is negligible compared to the effect of connectance and species rich-
ness. Additionally, we find similar relationships between network features and dy-
namical stability for 160 empirical networks as an input for our model, highlighting
the robustness of our findings.

4. As Anthropocene stressors lead to species and interaction loss, our model re-
sults predict a corresponding loss in dynamical stability if network complexity

is decreased, highlighting the urgency of conservation strategies that preserve

complexity, dynamical stability, feedbacks, Generalized Modelling, mutualistic networks,
Nestedness, plant-pollinator networks

communities using random matrix theory. This negative relationship
was also confirmed for purely mutualistic interactions (Allesina &
Tang, 2012). On the contrary, studies using conventional dynamical
models based on differential equations showed positive relationships
of complexity with other stability metrics such as resilience (Huang
et al., 2021; Okuyama & Holland, 2008; Thébault & Fontaine, 2010)
and persistence (Thébault & Fontaine, 2010) for mutualistic networks.

Empirical mutualistic networks are often found to exhibit a
non-random nested pattern, where species with few links tend to
interact more with species with more links (Figure 1a) (Bascompte
et al., 2003). An interaction matrix is maximally nested when there
is a strict hierarchy where partners of specialists are subsets of
partners of generalists. A nested pattern thereby maximizes niche
overlap of interacting species and thereby leads to functional redun-
dancy, but also an increased competition for mutualistic resources.
This observation sparked interest in the potentially stabilizing prop-
erties of nestedness. However, there is also evidence that nested-
ness in empirical networks may arise as a sampling artefact or by
the co-occurrence of common and rare species alone (Bluthgen
et al., 2008; Bluthgen & Staab, 2024; Valdovinos, 2019). Random
matrix models showed nestedness to decrease dynamical stabil-
ity in mutualistic networks (Allesina & Tang, 2012). Some studies
based on conventional dynamical models based on explicit differ-
ential equations found nestedness to have a stabilizing role (Bastolla
et al., 2009; Okuyama & Holland, 2008; Rohr et al., 2014; Thébault
& Fontaine, 2010), but others challenge these findings (Benadi
et al., 2013; Chattopadhyay et al., 2025; James et al., 2012; Pascual-
Garcia & Bastolla, 2017; Saavedra et al., 2016).

While conventional dynamical models allow easy biological in-
terpretation, results are heavily dependent on model assumptions
and parameter choice, which could explain diverging results. Since it
is computationally expensive to perform linear stability analyses for
large and complex systems using such conventional models, strong
simplifications are necessary to obtain analytically solvable equa-
tions to calculate dynamical stability. Random matrix theory, on the
other hand, is a powerful tool that allows highly rigorous mathemati-
cal and efficient numerical investigation, but it is a fairly abstract ap-
proach that is not designed to accommodate a detailed description
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FIGURE 1 |lllustration of the Generalized Modelling approach. (a) We generated mutualistic interaction networks with a given species
richness and connectance, and a varying degree of nestedness. (b) We developed a Generalized Model for the plant-pollinator dynamics,
which contains self-regulation and the service-for-resource mutualism. (c) The details of the dynamical model and the network structure
determine the dynamical behaviour in the form of three different types of parameters which emerge naturally during the Generalized
Modelling procedure: Elasticities measure the non-linearity of the different processes capturing different dynamical regimes, scale
parameters measure the strength of the biomass turnover at the steady state and are thus related to the mean lifetimes, and branching
parameters describe the relative contribution of species to processes and are related to the network structure. Those three types of
parameters constitute the Jacobian matrices which are used for performing the linear stability analyses. We used both simulated model
networks and empirical networks, and evaluated for each network whether it is stable or not. Repeating the simulation procedure for a
whole ensemble of networks while varying network structures and parameter values within biologically realistic intervals allows calculation
of the proportion of stable webs (PSW) as an indicator for stability as a function of species richness and network structure.

of underlying biological processes and can be hard to interpret. For
instance, random matrix models draw interaction strengths randomly
from statistical distributions without connecting them to biological
mechanisms such as resource competition or saturating benefits.
Generalized Modelling (Gross & Feudel, 2006) combines the
advantages of random matrix models and conventional dynamical
models: the approach allows the direct and highly efficient compu-
tation of the Jacobian matrix (which captures how small changes in
one species' abundance affect other species and thereby governs
local stability dynamics), while including multiple relevant biological
features known to influence stability, such as dynamical properties
of resource dynamics and animal competition for finite resources.
The effect of species relative abundances, network structure and
the sensitivity of biological processes can all be investigated in-
dependently, allowing a mathematically rigorous stability analysis
that admits meaningful biological interpretation. A key strength of

Generalized Models is that parameters are typically taken from in-
tervals constrained by biological mechanisms rather than being set
to specific values. Dynamical stability is then reported as the pro-
portion of stable webs (PSW), thereby showing insights applicable
to a large class of realistic mutualistic models instead of representing
particular parameter choices. Generalized Models have already seen
wide usage across disciplines (Massing & Gross, 2022), for exam-
ple, to identify a negative complexity-stability relationship for food
webs (Gross et al., 2009).

Here, we develop a novel Generalized Model for bipartite plant-
animal mutualistic networks to investigate the influence of network
structure, in terms of connectance and nestedness, and species rich-
ness on dynamical stability. While we use the language of plant-pol-
linator networks, the model is also applicable to other mutualisms
such as plant-frugivore mutualisms or plant-ant mutualisms and the
results thus transferrable (see Supporting Information Material S2).

85UB017 SUOLILLIOD SAIIERID 3ot (dde ay) Aq peuienob ale 9 e VO 85N J0 S|NI o ARIq1T 8UIIUO 4|1/ UO (SUOIPUOD-PUR-SLLBIAOD A3 1M Ale.q Ul |UD//:SdNY) SUONIPUOD Pue SWwe | 81 88S *[9202/60/0T ] Uo Ateldiauljuo A8|im ‘sopbuy so eluiojied JO AIsBAIN Ad Y02 '9592-GET/TTTT OT/I0p/LIOY A8 | Im Akeiq 1 puljuo'S euIN0 a//:sdny Wouy pepeojumod ‘0 '9592S9ET



METZ €T AL.

: 1] EEE%‘“‘ Journal of Animal Ecology
2 | MATERIALS AND METHODS

2.1 | Developing a Generalized Model for
mutualistic networks

We consider a system where the number of plant species is SP and
the number of pollinator species is S2. We denote the population
density of a plant species i as P; and that of a pollinator species j
as A;. Each plant species i produces a resource, whose density per
individual is denoted as N;. P;, N; and A; change over time according to
the balance of strictly positive gain processes G and loss processes L,
which can be described by differential equations of the form

P, =GP (P, HP,T?) — LP(P, T7) (1)
A =G (AH) - 12(A,T%) @
Ny = G7(T°) - L (. P) ©

where the dot denotes the rate of change, TP? denote the cumulative
plant or pollinator population densities, Hf’ denotes the total pollen
transfer of plant species i, H]f" the total nectar consumption by pollinator
species j and H‘T‘ the total nectar extraction from plant species i.

As the specific kinetics of processes are often not known,
Generalized Models do not restrict process functions such as G:’
to specific functional forms. Biological mechanisms are modelled
through the dependence of the gain and loss processes on general-
ized variables and their inter-dependencies (see Figure 1b; Figure S1).
These dependencies are captured in three types of parameters that
emerge during derivation of the Generalized Model (see Figure 1c
and Supporting Information Text S1): First, scale parameters mea-
sure population density turnover. At the steady state, gains and
losses must balance, but the strength of gains and losses per time
can be larger or smaller. This is related to the average lifetimes. A
ratio of plant and pollinator scale parameters of, for example, 100
reflects conditions in a forest with trees with average lifetimes much
longer than those of their pollinators (100 years compared to 1year).
Second, branching parameters capture how processes, such as visi-
tation and successful pollen transfer, are distributed among partner
species, as shaped by the network structure. Third, elasticities de-
scribe how (e.g. linearly, sublinearly or superlinearly) processes or
sub-processes (such as successful pollen transfer) depend on other
sub-processes (such as number of visits) or population densities.
These three types of parameters constitute the Jacobian matrix of
each network (see Figure 1c), which captures its dynamical stabil-
ity. While the branching parameters are determined by the network
structure, scale parameters and elasticities can be set or varied
in reasonable ranges based on biologically plausible mechanisms
(Supporting Information Text S1).

Plant and pollinator species' growth depends on the total amount
of the provided service or resource (Figure 1b), but also on their own
population densities, such that both obligate and facultative mutual-
isms can be described by the model. Plant species are (self-)regulated

by intra-specific and interspecific competition and mortality through
the dependence of the growth and loss processes on their own pop-
ulation density and the cumulative population density of all plant
species. Pollinator species are (self-)regulated similarly with the dif-
ference that interspecific competition is dominated by competition
for finite resources, which is included explicitly through the resource
dynamics. Resource production may depend on the cumulative plant
densities due to plant competition for abiotic resources. Resources
are lost through extraction by pollinators. We use a timescale sep-
aration between consumer and resource dynamics so that resource
levels are always at equilibrium with respect to the consumption
rates. The limited production rate of resources leads to competition
between consumers, and we therefore need not include an explicit
interspecific competition term.

Performing the Generalized Model procedure for a large ensemble
of network replicates allows us to calculate the fraction of stable net-
works as a stability metric, which we call the PSW similar to previous
Generalized Model studies (Gross et al., 2009; Gross & Feudel, 2006;
Massing & Gross, 2022). The efficiency of the Generalized Modelling
method allows performing simulations for ensemble sizes of the order

of ~ 10° networks per data point for our study.

2.2 | Simulations using model networks

All calculations were done in Julia v1.9.1. R packages were used
inside Julia-Scripts using the package RCall v0.13.17. Visualization of
the data was done in Python v3.10.9.

We generated networks with varying connectance and nest-
edness using the algorithm from Thébault and Fontaine (2010): We
first drew for each species a measure of generalization, which we call
degree in the following, although this measure is not equal to the re-
sulting actual number of links. We drew the degrees from a scale-free
distribution for all plant and pollinator species, where the probability
of a species to have degree k follows a power law P(k) ~ k=7 with the
degree exponent y = 2. For each link, we picked one plant and one
pollinator species. With probability p,..., we picked both species with
probabilities proportional to their assigned degree. With probability
1 — phest» We picked both species randomly using a uniform distribu-
tion. This was repeated until the desired connectance was reached.
Unless otherwise stated, the parameter p, . was drawn from a uni-
form distribution between 0 and 0.5. For high p,, this algorithm has
been shown to generate nested matrices (Thébault & Fontaine, 2010),
where species with few links tend to interact more with species with
more links. The above description is valid for all networks shown in
Figures 3, 4 and 6. For the networks shown in Figure 5, we also sys-
tematically varied the modularity alongside the connectance and nest-
edness according to the algorithm from Thébault and Fontaine (2010).
For this, two rules were applied that lead to the modularity and the
nestedness patterns, respectively. The first rule (the nestedness pat-
tern) follows exactly the procedure described above. For the second
rule (the modularity pattern), each network was split in four modules
of similar sizes and each species assigned to one module. Then, a plant
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or pollinator was randomly picked from all species in the network.
With a probability p.,m,, the interaction partner of that species was
picked randomly among pollinators or plants of the same module as
the initial plant or pollinator. With a probability p.,y,, the interaction
partner was picked randomly among all other animals or plants in the
network. To construct networks with varying modularity and nested-
ness, the first interacting partner was selected according to rule 1 and
hence depended on p,. The range of interacting partners that could
be selected for that species was defined by rule 2, depending on p oy
The specific partner within that range was then again selected with
rule 1, hence depending on p,.. The nestedness of the interaction
matrix was then quantified via the nestedness metric based on overlap
and decreasing fill (NODF) using the nestednodf function from the R
package vegan v2.6.4. The modularity was calculated using the com-
puteModules function from the R package bipartite v2.20. We used a
connectance range of [0.1, 0.7] and a total species richness range of
[20, 150]. The connectances were drawn from a uniform distribution
within the given interval. We used a minimum species richness of 10
plant and 10 animal species, with a corresponding minimum possible

connectance of C,,,, = 0.1. We used this connectance value therefore

min
as a minimum for all our simulations, while we chose a maximum value
of C =0.7 according to the maximum connectance value of empiri-
cal mutualistic networks, as reported in the web of life database (see
Figure 2). We used a maximum species richness of 90 plants plus the
same number of animal species, as this leads to a total species richness
that is rather large compared to most empirical networks found (see
Figure 2). Larger species richnesses were not studied as these were
computationally expensive to investigate and no further insights were
expected to be drawn from the analysis.

During the simulation procedure, we deal with two different
types of matrices: the (binary) mutualistic interaction matrices with
their associated connectance and nestedness, which are generated
via the procedure described in the previous subsection, and the

Jacobian matrices which carry the information about the dynamical

EE’E‘E}E@M Journal of Animal Ecology s

stability of the networks. The Jacobian matrix of a network is ob-
tained from the interaction matrix and the Generalized Model pa-
rameters according to Equation (56-63) in Supporting Information
Text S1. We calculated the eigenvalues of the Jacobian matrix using
Julia's eigvals function from the LinearAlgebra package. If all real
parts of the eigenvalues of the Jacobian matrix were negative, the
network was considered dynamically stable, otherwise it was con-
sidered unstable. We repeated this procedure for a set of network
replicates to obtain the fraction of stable networks, which we call
the PSW. Throughout the study, we used ensemble sizes of the
order of 10° for calculating ensemble-averaged quantities such as
the PSW. The fits were performed with the function curve_fit from
the package scipy.optimize v1.10.0.

2.3 | Simulations using empirical networks

We downloaded 165 interaction networks from the web of life
(https://www.web-of-life.es/, last access: 9 October 2023). Ethical
approval was not required for data analysis in this study as no new
data was collected. We inserted the respective interaction matrix
into the expression for the Jacobian matrix given in Equation (56-
63) in Supporting Information Text S1. For each empirical interac-
tion network, we performed 10* simulations, for each simulation
drawing elasticities randomly from suitable distributions as given in
Table S2. In each simulation, we performed a linear stability analysis
as described in the previous subsection, to obtain the proportion
of stable webs PSW for each empirical network. For five networks
(M_PL_006, M_PL_026, M_PL_044, M_PL_062, M_PL_063), it was
not possible to create random networks with the same nestedness
as the empirical networks with sufficient numbers.

To compare the networks based on empirical topologies with ran-
domized reference networks, we generated for each empirical struc-

ture 10 (i) networks with the same species richness, connectance

0.7

0.6 1

0.5 A1

0.4 1

0.3 A

Connectance C

0.2 1

0.1

0.0 -

o Pollination

@ Seed dispersal
8 8 o Plant-ant

o Fish-anemone

Species richness S1 + 52

FIGURE 2 Connectances and species richnesses of empirical mutualistic networks. Networks taken from the web of life database
(https://www.web-of-life.es/). The grey dashed lines show the connectance and species richness of the model networks used in this study,
which contains 58% of all mutualistic networks and 60% of all pollination networks of the database.
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and nestedness, and (ii) networks with the same species richness
and connectance but a randomized link distribution, with the algo-
rithm by Thébault and Fontaine (2010). For case (i), we generated
networks with varying p..; using the condition that the nested-
ness in terms of the NODF has to be within +5 of the nestedness
of the respective empirical structure. In case (i), we used p,.;; = 0.
Therefore, each link is drawn with equal probability between any
plant and pollinator species.

We again performed a linear stability analysis for each of the ref-
erence networks and calculated their nestedness, in order to com-
pare the PSW and nestedness of the networks based on empirical
topologies and those based on randomized reference topologies.

2.4 | Statistical analyses

We used a Generalized Linear model (GLM) in R with binomial error
distribution and logit link function to investigate the effects of con-
nectance, nestedness and modularity on the PSW of model networks
with fixed species richness (see Figure 5). All predictors were scaled
(mean=0, standard deviation=1) prior to analysis. The response vari-
able (PSW) was modelled as a Bernoulli experiment with stable and
unstable as an outcome for each replicate. Each simulation served as a
replicate in the model. The model included the main effects and their

interaction term. The following equation was used:

PSW ~ Connectance x NODF + Connectance x Q (4)

When the p-value was below 0.05, the effect was considered
significant.

0.80

3 | RESULTS

3.1 | Complexity increases dynamical stability

We varied the species richness and connectance in realistic ranges (see
Section 2) to investigate the relationship of complexity (defined here as
species richness multiplied with connectance) and dynamical stability.
The PSW increases with increasing complexity, while we approximate
the shape of the positive relationship using a power law function of
the formlog,,(PSW) + a = bx¢ (see Figure 3). The fit parameters allow
direct comparison with the complexity-stability relationship for food
webs using an analogous Generalized Model for food webs: the power
law exponent c in the fit function for mutualistic webs shows a differ-
ent sign than the parameter in the food web case (Gross et al., 2009),
which is reflected in the positive complexity-stability relationship for
mutualistic webs while the relationship is negative for the food webs.
Comparing the data points for different connectances in Figure 3
shows that the slope, that is, the increase in stability, is stronger at low
connectances. The individual relationships of species richness and con-

nectance with the PSW are also positive (see Figure 3b,c).

3.2 | Complexity weakens mutualistic
dependencies

To understand drivers of the observed positive correlation between
complexity and stability, we evaluated properties of the Jacobian
matrix elements that govern the local stability dynamics. We inves-
tigated the mean magnitude M of the Jacobian matrix elements in

()
—_ Q *e .
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0 € €10.15,0.20]
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FIGURE 3 Positive complexity-stability relationship. PSW as a function of complexity, as given by the product of species richness

and connectance (a). The dashed curve shows a fit with the power law function log,,(PSW) + a = bx¢, analogous to the fit function for

the complexity-stability relationship in generalized food webs in Gross et al. (2009). The fit parameters were a = 0.010,b = — 0.067 and

¢ = —0.705. In Figure 3b,c, we varied the species richness (b) and the connectance (c) separately using the same rules, while keeping the
other quantity constant (or within a small interval). In Figure 3b, we used a narrow connectance interval of C € [0.25, 0.3], while in Figure 3c,

we used a species richness of SP = 52 = 20.
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FIGURE 4 Complexity weakens mutualistic dependencies. Influence of species richness (a) and the connectance (b) on the mean
magnitude M of the Jacobian elements in the off-diagonal blocks, which we call the mutualistic dependencies. They represent the
dependencies of plant (pollinator) species on their pollinator (plant) species and thus provide a measure for the mutualistic feedback
strength. The orange curve in a (C € [0.25,0.30]) and the red curve in b (SP = $2 = 20) correspond to the curves shown in Figure 3b,c,
respectively. The dashed curves are fits with the power law M « x* where the exponent y determines the slope in the log-log visualization.
The fitted exponents in Figure 4a are (from top to bottom) y = — 2.104,y = — 1.679 andy = — 1.289. The fitted exponents in Figure 4b
are (from top to bottom)y = — 1.339,y = — 1.115and y = — 0.944. As for each network, we have not just one but many values in the off-
diagonal blocks, we could reduce the ensemble size to 10° for each species richness in Figure 4a and 10% in Figure 4b and use a larger range

of species richness values up to 150 in Figure 4a.

the off-diagonal blocks that describe the effect of a plant (pollina-
tor) population density on the growth and loss of a pollinator (plant)
population density per unit time and hence describe how mutualistic
dependencies drive the behaviour of the system around the equilib-
rium point after a disturbance. In the following, we call the Jacobian
matrix elements only mutualistic dependencies for simplicity.

The mutualistic dependencies M decrease with increasing spe-
cies richness (Figure 4a) and connectance (Figure 4b), according
to a power law M « x” where the exponent y determines the slope
in the log-log visualization. The fitted exponents for the relation-
ship between species richness and the mutualistic dependencies
for different connectance intervals (see Figure 4a) are y = — 2.104
(€Ce[0.1,0.15), y=—-1679 (Ce[0.250.30) and y= —1.289
(C € [0.65,0.7). The fitted exponents for the relationship between
connectance and the mutualistic dependencies for different spe-
cies richnesses (see Figure 4b) are: y = —1.339 (SP =52 = 10),
y= —1115(5? =52 = 15)andy = — 0.944 (SP = 52 = 20). Hence, the
decrease is stronger, that is, the fitted exponents are more negative,
for lower connectances (Figure 4a) and smaller species richnesses
(Figure 4b). This is consistent with the larger slope in the PSW for
smaller values of the complexity visible in Figure 3. While Figure 4
shows the ensemble average over both off-diagonal blocks, calcu-
lating the mean separately for the two off-diagonal blocks reveals
that this power law behaviour with negative exponent is driven
more strongly by the dependencies of the pollinators on the plants
than the other way around (see Figure S3). While a decomposition
of the effects of competition for limited resources and the effects
of the elasticities (including sublinear growth) is not possible in a
strict sense, we show that pollinators competition for limited plant
resources is a key ingredient for generating the positive complex-
ity-stability relationship (see Supporting Information Text S7). This

is in line with the observation that the weakening of the mutualistic
feedbacks is stronger when considering the dependencies of the

pollinators on the plants.

3.3 | Nestedness does not stabilize model or
empirical networks

We investigated the influence of nestedness and modularity on
dynamical stability of simulated and in the case of nestedness also
on empirical network topologies using the Generalized Modelling
approach. We use the nestedness metric NODF (Almeida-
Neto et al., 2008), which ranges from O to 100, with small values
corresponding to low-nested matrices and high values representing
highly nested matrices. Modularity ranges from O to 1. We generated
model networks with different degrees of nestedness and modularity
according to the algorithm by Thébault and Fontaine (2010).

A positive correlation between nestedness and the PSW as well
as a negative correlation between modularity and PSW is observed
when the connectance is also varied (see Figure 5a,c). However, con-
nectance, nestedness and modularity are all correlated. This is visi-
ble from the horizontal colour gradient in Figure 5a,c that indicates
varying connectances as well as the strong relationship between
connectance, nestedness and modularity in Figure 5d. Low values
of nestedness are correlated with low values of connectance and
high values of modularity and vice versa. Hence, we used a GLM
to disentangle the effects of connectance, nestedness and modu-
larity on PSW. This analysis revealed that connectance has a signif-
icant and positive influence on PSW (z=6.470, p<0.0001), while
the effects of nestedness (z=-0.676, p=0.4989) and modularity
(z=1.146, p=0.2519) are not significant. While also the interaction

85UB017 SUOLILLIOD SAIIERID 3ot (dde ay) Aq peuienob ale 9 e VO 85N J0 S|NI o ARIq1T 8UIIUO 4|1/ UO (SUOIPUOD-PUR-SLLBIAOD A3 1M Ale.q Ul |UD//:SdNY) SUONIPUOD Pue SWwe | 81 88S *[9202/60/0T ] Uo Ateldiauljuo A8|im ‘sopbuy so eluiojied JO AIsBAIN Ad Y02 '9592-GET/TTTT OT/I0p/LIOY A8 | Im Akeiq 1 puljuo'S euIN0 a//:sdny Wouy pepeojumod ‘0 '9592S9ET



METZ €T AL.

e o
Egﬁﬂ#ﬁwg Journal of Animal Ecology

D) e =
a ° * b
(a) - . % _( )
§ PY TP *h x 0.82
e
0 ° fu o "’0 ® Xx
a 0.78 ‘.'.I- v *
0 VeoSvee mo Wap
g v : e ¢ =0 0.80 -
° x
% 4,4 ¢ A.... -
A
2 0.76 Ll M -
S 0.76 A A
] v 0.78 1
-
(o]
C
i)
g 0.76
g 0.74 —— NODF: 18.6
& CE00.10,015] @ CE[0.40,0.45] —— NODF: 45.3
v C€E[025030] @ CE[0.550.60] 0741 —— NODF: 66.2
10 20 30 40 50 60 70 01 02 03 04 05 06 07
Nestedness (NODF) Connectance
0.7
C ° d
(’2 "‘ ee () r=-0.91
= * o8 o 0.7
; ® a
4 J 0.6
S 0781 R¥w Mo o T o 06
I * 4 ‘.. . ° Y 61
] ¢ Vaileo 5 0.5 g
= X@ Y o A A a Al Z0s v]
[J] ~A L > %
K] AN = ]
© 0.76 1 v 504, 0479
w0 =] E
G A 3 S
= 0.
5 03 03
f=t
9 0.741 0.2
o .
o 0.2
o
0.1
: : : : . . : . . . . 0.1
01 02 0.3 04 05 0.6 0 20 40 60 80

Modularity (Q)

Nestedness (NODF)

FIGURE 5 Nestedness and modularity do not increase PSW at fixed connectance. While nestedness as measured by the metric NODF
and modularity are correlated with the PSW, the horizontal colour gradient in a and c indicates that this correlation is mainly driven by the
connectance. In (a) and (c), the same colour scheme is used to indicate different connectances as in Figure 3a,b, while the legend only defines
a subset of colours for easier interpretation. In (b), the relationship between connectance and PSW is shown at three different fixed NODF
values that represent the 10%, 50% and 90% percentiles of NODF model network values. Shaded areas indicate 95% confidence intervals.
(d) It shows the anticorrelation between modularity and nestedness, with a Pearson correlation coefficient of -0.91. A species richness of
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between modularity and connectance was not significant (z=0.893,
p=0.3721), the analysis showed that the interaction of connec-
tance and nestedness was significant as well (z=-2.481, p=0.0131).
Connectance has a stronger positive impact on PSW when nested-
ness is low, but a lower positive impact when nestedness is high (see
Figure 5b). These results hold true when increasing species richness
(see Figures S5 and Sé). This analysis revealed that nestedness and
modularity have no effect on PSW in model networks independent
of connectance.

Since empirical mutualistic networks have been reported to be
more nested than random networks (Bascompte et al., 2003), we
used 160 empirical network topologies as input for the Generalized
Model to investigate whether nestedness drives stability in empirical
networks. While until now we always used the same species richness
for plant and animal species for investigating the model networks,
we now use the empirical species richness for plant and animal spe-
cies of the respective empirical networks, which are in general not
equal. We compared the PSW using the empirical networks with
the PSW of randomly generated reference networks that (i) had the
same species richness, connectance and nestedness as the empirical

networks, and (ii) had the same species richness and connectance
but a randomized link distribution and thus a lower nestedness (see
Figure S4) when compared to the empirical networks (see Section 2).

Model networks with empirical species richness and connec-
tance but randomized links and hence lower nestedness have a
similar PSW to model networks with empirical species richness, con-
nectance and nestedness (see Figure 6a). This indicates that varying
nestedness, while leaving species richness and connectance con-
stant, has no significant effect on stability. This is consistent with the
results of Figure 5 showing that nestedness has no systematic effect
on the PSW in model networks but extending this observation to
empirical networks and their specific features, most importantly
with varying plant and animal species numbers. We found the PSW
of empirical network topologies to be approximately equal to that of
model networks with the same species richness, connectance and
nestedness (see Figure 6b). This indicates that empirical networks
have no substantial features (such as different degree distributions)
influencing their stability, which are not captured by the simulated
model networks. This supports the robustness of the results ob-
tained with the model networks in the previous subsections.
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4 | DISCUSSION

Anthropogenic disturbances put increasing pressures on ecological
networks, raising the question which features are most relevant for
preserving or restoring their dynamical stability (i.e. their ability
to recover from disturbances). We developed a novel Generalized
Model for mutualistic networks to show that (i) complexity (i.e.
species richness multiplied by connectance) increases their
dynamical stability, (i) complexity weakens mutualistic dependencies
explaining the positive complexity-stability relationship and (iii)
nestedness has negligible effects on the dynamical stability of model
or empirical networks.

Our results are consistent with previous relationships of com-
plexity with the stability metrics resilience (Huang et al., 2021;
Okuyama & Holland, 2008; Thébault & Fontaine, 2010) and per-
sistence (Thébault & Fontaine, 2010) found for mutualistic sys-
tems. They disagree, however, with results for dynamical stability
from random matrix models (Allesina & Tang, 2012) both in terms
of the effect of complexity and nestedness. Mutualistic inter-
actions represent a positive feedback loop, which is inherently
destabilizing, explaining previous results from random matrix
models (Allesina & Tang, 2012). We attribute the differences in
our model results mainly to two biological mechanisms that are
absent from random matrix models: competition for finite mutu-
alistic resources and non-linear dynamical processes. Biologically
realistic non-linearities such as saturating functional responses

have already been proposed to resolve the tendency for instability

for other stability metrics in conventional models (Okuyama &
Holland, 2008). The Generalized Model used here shows that
this effect is more generic by taking into account non-linearities
of various biological processes and showing that stabilization of
complexity happens for a large class of possible mutualistic mod-
els. Our model specifically also includes sublinear elasticities in
many processes, that have been shown to lead to positive diver-
sity-stability relationships (Hatton et al., 2024). We relate the ob-
served weakening of the mutualistic feedback to the branching
parameters (that capture biomass flows and are connected to the
network structure). While the scale parameters and elasticities are
independent of species richness and connectance, the branching
parameters depend on both species richness and connectance
(see Equations 56-63 in the Supporting Information) as they mea-
sure relative contributions of individual species. Their dependence
on complexity is associated with the weakening of the mutualistic
feedback with increasing complexity. While elasticities represent
non-linearities, the non-linearity of the Jacobian matrix elements
is a function of both elasticities and branching parameters. We
can interpret our results in such a way that the positive complex-
ity-stability relationship is a result of non-linearities changing
with increasing complexity. We furthermore show that this pos-
itive relationship only arises if competition for limited resources
is included in our model. This means that competition for lim-
ited resources leads to a weakening of the mutualistic feedbacks
through the complexity-dependent branching parameters in the
off-diagonal Jacobian matrix elements.
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May (1972) showed that, in random communities, the standard
deviation of the off-diagonal Jacobian matrix elements is negatively
related to dynamical stability. More specifically, he showed that with
increasing species richness S or connectance C, the standard devi-

/2 to avoid decreasing the dynamical

ation must decrease « (5-C)~
stability. This means that increasingly complex systems can only be
stable when interspecies dependencies become weaker. In May's
study, the standard deviation of the off-diagonal elements was var-
ied while the mean of the distribution was kept zero. Since the off-
diagonal elements in our model are generated by our model and not
drawn from specified distributions, their mean will not be equal to
zero. We therefore chose to evaluate the mean magnitude of the off-
diagonal elements, since this includes influences from the standard
deviation as well as the mean and at the same time can be intuitively
interpreted as the magnitude of the feedback strength between mu-
tualistic species. While the mutualistic dependencies decline with
increasing complexity in our model, they increase in May's model,
explaining the divergence between ours and May's results with
respect to the relationship between complexity and stability (see
Supporting Information S6). The weakening of mutualistic feedbacks
in mutualistic networks therefore allows increasingly complex com-
munities to not only remain stable, but also increase in their proba-
bility to be stable.

Other recent studies have found mixed results for complexity-
stability relationships in other network types. Jacquet et al. (2016)
report no significant relationship in empirical food webs. We argue
that the absence of a positive complexity-stability relationship in
these systems is related to the lack of the positive mutualistic feed-
back that is dampened through competition for limited mutualistic
resources. Wang et al. (2025) found positive, negative and peaked
patterns in mutualist-exploiter-predator communities with adaptive
foraging. Adaptive foraging leads to a restructuring of networks that
may explain variable complexity-stability relationships, but which
is a feature that is currently absent from our Generalized Model.
Future developments of the Generalized Model that include other
interaction types than mutualism and also adaptive foraging may
test how Generalized Model results relate to these observations
from empirical systems and conventional models with mixed inter-
action types.

These model results may be connected to empirical observa-
tions through functional redundancy and the insurance hypothe-
sis: in a species-rich and highly connected network, the reciprocal
dependence of mutualistic partners on each other is weak and loss
of species or interactions may have a less severe effect (Winfree
et al., 2018; Yachi & Loreau, 1999). Empirical support of the the-
ory that complexity enhances stability is given by biodiversity ex-
periments that confirmed an almost unequivocal positive effect of
biodiversity on the stability of ecosystem functions due to under-
lying mechanisms such as functional complementarity, response
diversity, portfolio effects and insurance hypothesis (Loreau & De
Mazancourt, 2013; Schnabel et al., 2021; Tilman & Downing, 1994).
Stability of ecosystem functions is often mirrored by a concomitant
stability of species communities, and indeed the species richness

of plants or animals also improved community stability via an in-
creased asynchrony of species in real-world ecosystems (Blithgen
et al, 2016; Ma et al., 2017).

Effects of species richness and connectance on dynamical sta-
bility are dominating in our model and outweigh the effects due to
nestedness and modularity. Both nestedness and modularity were
found to have no effect on PSW independent of connectance.
Furthermore, modularity and nestedness are strongly negatively
correlated for the species richness and connectance combinations
we studied, reflecting previously observed redundancies between
both network descriptors (Fortuna et al., 2010). This is in contrast
with Thébault and Fontaine (2010), who found a decrease of per-
sistence and resilience in mutualistic networks with increasing mod-
ularity and a decrease in persistence and an increase in resilience
with nestedness. We attribute these differences to our use of dy-
namical stability and the explicit modelling of competition for limited
resources.

We also found empirical networks to have higher nestedness
than networks with randomized link distributions (see Figure S4c),
but nestedness is not the feature conferring this increase in sta-
bility, as empirical and random networks do not differ in stability
even when the nestedness is drastically different. These results
are in contrast to research showing nestedness to have a posi-
tive effect on structural stability (Rohr et al., 2014) or a negative
effect on dynamical stability (Allesina & Tang, 2012). However, a
direct comparison between results obtained for dynamical stabil-
ity and structural stability is not permitted, as dynamical stability
assumes a feasible equilibrium, whereas structural stability inves-
tigates under which circumstances an equilibrium may be feasi-
ble. Our findings suggest that nestedness patterns may not be
as relevant in conferring stability as previous research indicates,
especially not with regard to dynamical stability. In our model, we
explicitly consider the dynamics of finite resources. As nestedness
maximizes niche overlap, our results suggest that the potentially
stabilizing effect of nestedness through a higher redundancy of
interacting partners is offset by the destabilizing effect through
a higher competition for mutualistic resources. The question then
remains why empirical networks are more nested than expected by
chance. A potential explanation is given by null model simulations
which suggest that incomplete sampling of the interactions of rare
species may lead to empirical networks appearing more nested
and less connected than they actually are (Blithgen et al., 2008;
Blithgen & Staab, 2024). If such sampling artefacts are present,
actual empirical networks may be less nested and more connected
than empirical data suggests. If we assume empirical networks
to have structures that maximize their stability, our findings of a
neutral nestedness-stability relationship combined with a posi-
tive connectance-stability relationship would be consistent with
this scenario, since connectance increases the dynamical stability
while nestedness does not. However, our model results are based
on averaging over a large class of mutualistic models. While we
argue this leads to the most robust and most generalizable re-
sults, it may be possible that nestedness has stabilizing features
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in specific scenarios, that is, for certain parameterizations in com-
bination with certain values of species richness or connectance.
Further research would be necessary to confirm this hypothesis.

The range of PSW variation due to changes in species richness
or connectance is modest (~ 5%) compared to Generalized Model
studies on food webs where PSW varied from O to 1 (see Gross
et al. (2009)). This reflects our decision to sample elasticities broadly
from biologically realistic ranges rather than fixing them at specific
values. We thereby investigated the effect of species richness and
structural network features for a large class of mutualistic models
rather than considering a specific case. We argue that this causes
higher robustness and generality of the results across a large vari-
ety of mutualistic systems. As it is difficult to exactly parameterize
models based on empirical data, we refrained from selecting specific
values which may cause larger PSW variations but would only allow
insights into special cases rather than obtaining generic insights as
is the case here.

A limitation of our model is that it only considers local stability.
While local stability by definition allows long-term persistence of
communities, real-world ecosystems may also persist through com-
plex dynamical trajectories. Therefore, networks found to be dy-
namically unstable may still allow long-term coexistence of most or
all species. Furthermore, we only look at single networks. As mutu-
alistic networks mostly exist in a matrix of habitats, a meta-network
approach to the Generalized Model could reveal further insights into
ecosystem-scale stability patterns.

The results shown here nevertheless allow profound ecosystem-
scale interpretations: the negative complexity-stability relationship
found for food webs (Gross et al., 2009) could be counteracted by
a stabilizing role of mutualism in large ecosystems with mixed types
of interactions. Further research should dive deeper into the poten-
tially positive effect of mutualism in multipartite interaction net-
works including various types of interactions. For example, studies
investigating multiplex networks with mutualistic and antagonistic
interactions show that the presence of mutualists increases the per-
sistence and temporal stability of both mutualist and non-mutualist
species (Hale et al., 2020). Extending our Generalized Model to
networks with multiple interactions could be used to confirm this
positive effect of mutualists on the dynamical stability of multiplex
networks.

Our results furthermore have interesting implications for
conservation. While the model setup currently does not admit
the specific simulation of Anthropocene stressors, it has repeat-
edly been reported that land-use change, pesticides and global
warming lead to species and interaction loss (Potts et al., 2010;
Tylianakis et al., 2008; Valiente-Banuet et al., 2015), thereby de-
creasing complexity. Our model results suggest that complexity
loss is more severe than network structure change in leading to
a loss in dynamical stability, implying a potential feedback loop in
which destabilization may lead to further species loss. However,
species loss is not random: specialized and rare species are often
lost first (Aizen et al., 2012). At the same time, species have the
potential to rewire interactions (CaraDonna et al., 2017). Our
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model results indicate that if rewiring maintains connectance,
stability could be preserved despite species loss to some extent,
as connectance was a key driver of stability. However, if species
loss becomes too severe, rewiring is insufficient or generalized
species (hubs) are lost, our model results predict networks to be
pushed towards the point at which they lose their dynamical sta-
bility and hence the ability to recover. Solutions to this problem
may be given through restoration of plant communities that have
been shown to successfully restore pollination network function
and resilience, providing a way to reverse network degradation
(Kaiser-Bunbury et al., 2017). Our results support the idea that
conservation strategies should prioritize conservation and resto-
ration of network complexity, rather than the exact distribution of

links or network patterns.

AUTHOR CONTRIBUTIONS

Timo Metz and Jan Timo Bachmann conceptualized the study. Timo
Metz, Jan Timo Bachmann and Thilo Gross developed the model.
Timo Metz and Jan Timo Bachmann wrote the simulation code,
performed the simulations and the data analysis, and wrote the
initial manuscript. All authors interpreted the results, revised the

manuscript and gave final approval for publication.

ACKNOWLEDGEMENTS

We thank Barbara Drossel for fruitful discussions and comments on
an earlier version of this manuscript. We thank Timon Althaus for
helpful comments on the code developed in this project. We thank
Simon A. Levin for helpful comments on an earlier version of this

manuscript.

FUNDING INFORMATION

Timo Metz, Jan Timo Bachmann and Nico Blithgen acknowledge
funding from the DFG via grant number DR300-17. Jan Timo
Bachmann acknowledges funding from the DFG via grant number
DR300-15.

CONFLICT OF INTEREST STATEMENT
The authors have no relevant financial or non-financial interests to

disclose.

DATA AVAILABILITY STATEMENT
Data and code are available in the Figshare Digital Repository
https://doi.org/10.6084/m9.figshare.31683988.

REFERENCES

Aizen, M. A., Sabatino, M., & Tylianakis, J. M. (2012). Specialization and
rarity predict nonrandom loss of interactions from mutualist net-
works. Science, 335(6075), 1486-1489.

Allesina, S., & Tang, S. (2012). Stability criteria for complex ecosystems.
Nature, 483(7388), 205-208.

Almeida-Neto, M., Guimaraes, P., Guimaraes Jr, P. R,, Loyola, R. D., &
Ulrich, W. (2008). A consistent metric for nestedness analysis in
ecological systems: Reconciling concept and measurement. Oikos,
117(8), 1227-1239.

85UB017 SUOLILLIOD SAIIERID 3ot (dde ay) Aq peuienob ale 9 e VO 85N J0 S|NI o ARIq1T 8UIIUO 4|1/ UO (SUOIPUOD-PUR-SLLBIAOD A3 1M Ale.q Ul |UD//:SdNY) SUONIPUOD Pue SWwe | 81 88S *[9202/60/0T ] Uo Ateldiauljuo A8|im ‘sopbuy so eluiojied JO AIsBAIN Ad Y02 '9592-GET/TTTT OT/I0p/LIOY A8 | Im Akeiq 1 puljuo'S euIN0 a//:sdny Wouy pepeojumod ‘0 '9592S9ET


https://doi.org/10.6084/m9.figshare.31683988

METZ €T AL.

12 BTSH .
Eggg,tg;,lw Journal of Animal Ecology

Bascompte, J., Jordano, P., Melian, C. J., & Olesen, J. M. (2003). The
nested assembly of plant-animal mutualistic networks. Proceedings
of the National Academy of Sciences, 100(16), 9383-9387.

Bascompte, J., & Scheffer, M. (2023). The resilience of plant-pollinator
networks. Annual Review of Entomology, 68(1), 363-380.

Bastolla, U., Fortuna, M. A., Pascual-Garcia, A., Ferrera, A., Luque, B.,
& Bascompte, J. (2009). The architecture of mutualistic net-
works minimizes competition and increases biodiversity. Nature,
458(7241), 1018-1020.

Benadi, G., Blithgen, N., Hovestadt, T., & Poethke, H.-J. (2013). When
can plant-pollinator interactions promote plant diversity? The
American Naturalist, 182(2), 131-146.

Blathgen, N., Friind, J., Vazquez, D. P., & Menzel, F. (2008). What do in-
teraction network metrics tell us about specialization and biological
traits. Ecology, 89(12), 3387-3399.

Bliithgen, N., Simons, N. K., Jung, K., Prati, D., Renner, S. C., Boch, S.,
Fischer, M., Holzel, N., Klaus, V. H., Kleinebecker, T., Tschapka, M.,
Weisser, W. W., & Gossner, M. M. (2016). Land use imperils plant
and animal community stability through changes in asynchrony
rather than diversity. Nature Communications, 7(1), 10697.

Blithgen, N., & Staab, M. (2024). A critical evaluation of network ap-
proaches for studying species interactions. Annual Review of
Ecology, Evolution, and Systematics, 55, 65-88.

CaraDonna, P. J., Petry, W. K., Brennan, R. M., Cunningham, J. L,
Bronstein, J. L., Waser, N. M., & Sanders, N. J. (2017). Interaction
rewiring and the rapid turnover of plant-pollinator networks.
Ecology Letters, 20(3), 385-394.

Chattopadhyay, A., Samadder, A., Mukhopadhyay, S., Bhattacharya, S., &
Lai, Y.-C. (2025). Understanding pesticide-induced tipping in plant-
pollinator networks across geographical scales: Prioritizing richness
and modularity over nestedness. Physical Review E, 111(1), 014407.

Dicks, L. V., Breeze, T. D., Ngo, H. T., Senapathi, D., An, J., Aizen, M. A.,
Basu, P., Buchori, D., Galetto, L., Garibaldi, L. A., Gemmill-Herren,
B., Howlett, B. G., Imperatriz-Fonseca, V. L., Johnson, S. D., Kovacs-
Hostyanszki, A., Kwon, Y. J., Lattorff, H. M. G., Lungharwo, T.,
Seymour, C. L., ... Potts, S. G. (2021). A global-scale expert assess-
ment of drivers and risks associated with pollinator decline. Nature
Ecology & Evolution, 5(10), 1453-1461.

Fortuna, M. A., Stouffer, D. B., Olesen, J. M., Jordano, P., Mouillot, D.,
Krasnov, B. R., Poulin, R., & Bascompte, J. (2010). Nestedness ver-
sus modularity in ecological networks: Two sides of the same coin?
Journal of Animal Ecology, 79, 811-817.

Ghisbain, G., Thiery, W., Massonnet, F., Erazo, D., Rasmont, P., Michez,
D., & Dellicour, S. (2024). Projected decline in European bumble-
bee populations in the twenty-first century. Nature, 628(8007),
337-341.

Gross, T., & Feudel, U. (2006). Generalized models as a universal ap-
proach to the analysis of nonlinear dynamical systems. Physical
Review E, 73(1), 016205.

Gross, T., Rudolf, L., Levin, S. A., & Dieckmann, U. (2009). Generalized
models reveal stabilizing factors in food webs. Science, 325(5941),
747-750.

Hale, K. R. S., Valdovinos, F. S., & Martinez, N. D. (2020). Mutualism in-
creases diversity, stability, and function of multiplex networks that
integrate pollinators into food webs. Nature Communications, 11,
2182 Nature Communications.

Hallmann, C. A,, Sorg, M., Jongejans, E., Siepel, H., Hofland, N., Schwan,
H., Stenmans, W., Miiller, A., Sumser, H., Horren, T., Goulson, D., &
de Kroon, H. (2017). More than 75 percent decline over 27 years
in total flying insect biomass in protected areas. PLoS One, 12,
e0185809.

Hatton, I. A., Mazzarisi, O., Altieri, A., & Smerlak, M. (2024). Diversity be-
gets stability: Sublinear growth and competitive coexistence across
ecosystems. Science, 383(6688), eadg8488.

Huang, H., Tu, C., & D'Odorico, P. (2021). Ecosystem complexity en-
hances the resilience of plant-pollinator systems. One Earth, 4(9),
1286-1296.

Jacquet, C., Moritz, C., Morissette, L., Legagneux, P., Massol, F.,
Archambault, P., & Gravel, D. (2016). No complexity-stability re-
lationship in empirical ecosystems. Nature Communications, 7(1),
12573.

James, A., Pitchford, J. W., & Plank, M. J. (2012). Disentangling nest-
edness from models of ecological complexity. Nature, 487(7406),
227-230.

Kaiser-Bunbury, C. N., Mougal, J., Whittington, A. E., Valentin, T,
Gabriel, R., Olesen, J. M., & Blithgen, N. (2017). Ecosystem res-
toration strengthens pollination network resilience and function.
Nature, 542(7640), 223-227.

Kéfi, S., Dominguez-Garcia, V., Donohue, I., Fontaine, C., Thébault, E., &
Dakos, V. (2019). Advancing our understanding of ecological stabil-
ity. Ecology Letters, 22(9), 1349-1356.

Klein, A.-M., Vaissiére, B. E., Cane, J. H., Steffan-Dewenter, I,
Cunningham, S. A., Kremen, C., & Tscharntke, T. (2007). Importance
of pollinators in changing landscapes for world crops. Proceedings of
the Royal Society B: Biological Sciences, 274(1608), 303-313.

Loreau, M., & De Mazancourt, C. (2013). Biodiversity and ecosystem
stability: A synthesis of underlying mechanisms. Ecology Letters, 16,
106-115.

Ma, Z., Liu, H., Mi, Z., Zhang, Z., Wang, Y., Xu, W., Jiang, L., & He, J.-
S. (2017). Climate warming reduces the temporal stability of plant
community biomass production. Nature Communications, 8(1),
15378.

Massing, J. C., & Gross, T. (2022). Generalized structural kinetic modeling:
A survey and guide. Frontiers in Molecular Biosciences, 9, 825052.

May, R. M. (1972). Will a large complex system be stable? Nature,
238(5364), 413-414.

McCann, K. S. (2000). The diversity-stability debate. Nature, 405(6783),
228-233.

Okuyama, T., & Holland, J. N. (2008). Network structural properties me-
diate the stability of mutualistic communities. Ecology Letters, 11(3),
208-216.

Ollerton, J., Winfree, R., & Tarrant, S. (2011). How many flowering plants
are pollinated by animals? Oikos, 120(3), 321-326.

Pascual-Garcia, A., & Bastolla, U. (2017). Mutualism supports biodiver-
sity when the direct competition is weak. Nature Communications,
8(1), 14326.

Potts, S. G., Biesmeijer, J. C., Kremen, C., Neumann, P., Schweiger, O., &
Kunin, W. E. (2010). Global pollinator declines: Trends, impacts and
drivers. Trends in Ecology & Evolution, 25(6), 345-353.

Rohr, R. P,, Saavedra, S., & Bascompte, J. (2014). On the structural stabil-
ity of mutualistic systems. Science, 345(6195), 1253497.

Saavedra, S., Rohr, R. P, Olesen, J. M., & Bascompte, J. (2016). Nested
species interactions promote feasibility over stability during the
assembly of a pollinator community. Ecology and Evolution, 6(4),
997-1007.

Scheffer, M., Carpenter, S., Foley, J. A, Folke, C., & Walker, B. (2001).
Catastrophic shifts in ecosystems. Nature, 413(6856), 591-596.

Schnabel, F., Liu, X., Kunz, M., Barry, K. E., Bongers, F. J., Bruelheide, H.,
Fichtner, A., Hardtle, W., Li, S., Pfaff, C.-T., Schmid, B., Schwarz, J.
A., Tang, Z., Yang, B., Bauhus, J., von Oheimb, G., Ma, K., & Wirth,
C. (2021). Species richness stabilizes productivity via asynchrony
and drought-tolerance diversity in a large-scale tree biodiversity
experiment. Science Advances, 7(51), eabk1643.

Thébault, E., & Fontaine, C. (2010). Stability of ecological communities
and the architecture of mutualistic and trophic networks. Science,
329(5993), 853-856.

Tilman, D., & Downing, J. A. (1994). Biodiversity and stability in grass-
lands. Nature, 367(6461), 363-365.

85UB017 SUOLILLIOD SAIIERID 3ot (dde ay) Aq peuienob ale 9 e VO 85N J0 S|NI o ARIq1T 8UIIUO 4|1/ UO (SUOIPUOD-PUR-SLLBIAOD A3 1M Ale.q Ul |UD//:SdNY) SUONIPUOD Pue SWwe | 81 88S *[9202/60/0T ] Uo Ateldiauljuo A8|im ‘sopbuy so eluiojied JO AIsBAIN Ad Y02 '9592-GET/TTTT OT/I0p/LIOY A8 | Im Akeiq 1 puljuo'S euIN0 a//:sdny Wouy pepeojumod ‘0 '9592S9ET



METZ €T AL.

Tylianakis, J. M., Didham, R. K., Bascompte, J., & Wardle, D. A. (2008).
Global change and species interactions in terrestrial ecosystems.
Ecology Letters, 11(12), 1351-1363.

Valdovinos, F. S. (2019). Mutualistic networks: Moving closer to a predic-
tive theory. Ecology Letters, 22(9), 1517-1534.

Valiente-Banuet, A., Aizen, M. A., Alcantara, J. M., Arroyo, J., Cocucci,
A., Galetti, M., Garcia, M. B., Garcia, D., Gémez, J. M., Jordano, P.,
Medel, R., Navarro, L., Obeso, J. R., Oviedo, R., Ramirez, N., Rey,
P. J., Traveset, A., Verda, M., & Zamora, R. (2015). Beyond species
loss: The extinction of ecological interactions in a changing world.
Functional Ecology, 29(3), 299-307.

Wang, L., Wang, T., Zhang, X.-W,, Lin, X.-F., Li, J., Liao, J.-B., & Wang,
R.-W. (2025). Evolution of foraging behaviour induces variable
complexity-stability relationships in mutualist-exploiter-predator
communities. PLoS Computational Biology, 21(7), €1013245.

Williams, N. M., & Hemberger, J. (2023). Climate, pesticides, and land-
cover drive declines of the western bumble bee. Proceedings of the
National Academy of Sciences of the United States of America, 120(7),
e2221692120.

Winfree, R., Reilly, J. R., Bartomeus, |, Cariveau, D. P., Williams, N. M., &
Gibbs, J. (2018). Species turnover promotes the importance of bee
diversity for crop pollination at regional scales. Science, 359(6377),
791-793.

Yachi, S., & Loreau, M. (1999). Biodiversity and ecosystem productivity in
a fluctuating environment: The insurance hypothesis. Proceedings
of the National Academy of Sciences, 96(4), 1463-1468.

SUPPORTING INFORMATION

Additional supporting information can be found online in the
Supporting Information section at the end of this article.

Figure S1. Visualization of the interdependencies of the generalized
functions and variables used to model the service-for-resource

mutualism.
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Table S1. Scale and branching parameters with definitions,
interpretations and values.

Table S2. Elasticities with definitions, interpretations and value
ranges.

Figure S2. Correlation of GM parameters with stability.

Figure S3. Influence of complexity on mutualistic dependencies.
Figure S4. Difference in nestedness (NODF) between empirical
networks (en) and randomized networks with different (rl) or the
same (sn) nestedness, species richness and connectance.

Figure S5. Nestedness and modularity do not increase PSW at fixed
connectance (SP = 52 = 30).

Figure S6. Nestedness and modularity do not increase PSW at fixed
connectance (SP = §? = 40).

Figure S7. Comparison of scaling behaviour of mean magnitudes of
off-diagonal elements between May's and our model.

Figure S8. Complexity-stability relationships for different model

scenarios.
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