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Abstract: Drastic reduction in biodiversity has been a severe threat to ecosystems, which is exacerbated when losing few
species leads to disastrous and even irreparable consequences. Therefore, revealing the mechanism underlying biodiversity
loss is of uttermost importance. In this study, we show that abundant indirect interactions among mutualistic ecosystems are
critical in determining species’ status. Combining topological and ecological characteristics, we propose an indicator derived
from a dynamic model to identify keystone species and quantify their influence, which outperforms widely-used indicators like
degree in realistic and simulated networks. Furthermore, we demonstrate that networks with high modularity, heterogeneity,
biodiversity, and less intimate interactions tend to have larger indirect eﬀects, which are more amenable in predicting decline
of biodiversity with the proposed indicator. These findings shed some light onto the influence of apposite biodiversities, paving
the way from complex network theory to ecosystem protection and restoration.
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INTRODUCTION
The sixth mass extinction episode [1] has been characterized by rapid rate of biodiversity loss [2] and extensive endangered species (the IUCN Red List of Threatened Species. https://www.iucnredlist.org/en) facing
imminent crisis of annihilation compared with historical data [3]. Both marine and terrestrial ecosystems are
confronting biodiversity and population decline, while minor biodiversity decline may have more devastating consequences such as massive secondary extinction [4]. Especially in ubiquitous mutualistic ecosystems,
like those composed of plants and pollinators or seeds and dispersers, annihilation of a single species could
trigger long-term shifts in systems’ states due to the complex dynamic interactions. More seriously, such
biodiversity decline could eventually drive a system to a degraded state and even disastrous disintegrate. The
striking prospect of potential ecosystem decline [5] and extirpation [6] has motivated research on prediction
of biodiversity loss as well as keystone species identification [7].
To investigate the importance of diﬀerent species and forecast secondary extinctions, a topological coextinction model (TCM) [8–10] has been established according to static characteristics of ecosystems, where
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peripheral species with few direct interactions could surprisingly have significant influence. As for the criterion of species’ annihilation, in TCM, a species dies out once losing all direct interactions, with advantages in
both computational complexity and parameterize amenability. However, such prerequisite deprives inherent
features of ecosystems, such as species’ growth and mortality rate [11], diverse interaction strength [12], and
ecologically eﬀective population size (EEP) [13].
Incorporating species’ various dependence on mutualistic interactions, stochastic coextinction model
(SCM) [7, 12] introduces indirect additional losses. Hence, SCMs allow for more realistic and general eradication phenomena, where topologically irrelevant species associated by long paths are involved. Essentially,
in SCMs, species’ probabilities of coextinct are assigned instead of being developed according to topological
or dynamical properties. In [7], the investigation is limited to species with high influence, postulating that
less influential species seldom trigger secondary extinction. Due to sophisticated dynamic interactions such
as mutualism and competition [14], the estimation accuracy is still restricted on system states, influential
species, and biodiversity decline. Besides, in actual ecosystems, species are declared functionally extinct
when their abundance falls below a certain EEP threshold and reduces biodiversity [15].
Previous experimental and theoretical studies have demonstrated that indirect eﬀects are critical in maintaining persistence [16], determining composition [17], and guiding trait evolution [18] of ecosystems. To
explore the determinant factors of individual species’ influence mechanism on far reaching loss of biodiversity, both direct and underappreciated indirect eﬀects should be investigated to elucidate how perturbation
or influence of certain species propagate through complex ecosystems. Meanwhile species’ abundance and
systems’ states should be tracked with dynamic models.
Nourished by more and more deep understanding of ecological interactions [19] and complex network
theory [7], both direct and indirect eﬀects in biodiversity and trait coevolution [18], species invasion [20],
and secondary extinction [7] have recently drawn considerable attention. Enabled by network analyzation,
the impact of ecosystems’ structure and multiple interactions has been investigated on species’ importance
and information propagation rather than focusing on apparent direct interactions [7].
In this paper, we propose an indicator T out based on dynamic coextinction model (DCM) integrating
topological, dynamical, and ecological properties to explore the influence of diﬀerent species in mutualistic ecosystems, which greatly facilitates the keystone species identification and prediction of biodiversity
decline. Applying the concept of information flow [18] and thresholds for functional extinction [19], we
quantitatively evaluate both direct and indirect eﬀects on the persistence of networks. Finally, each species’
impact is explored through multiple interaction paths. Species’ importance and biodiversity decline could
thus be predicted.

RESULTS
Model and total eﬀects of mutualistic systems
We analyze species’ indirect eﬀect and important indicator of ecosystems with 29 real networks covering four
diﬀerent kinds of mutualistic interactions, including plant-pollinator, seed-dispersal, plant-ant, and anemonefish (Supplementary Table S1). We also constructed simulated weighted networks to validate the indicator
(Supplementary Figure S2). We illustrate the observations by a medium-sized network M S D 003, which
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includes 25 plants, 16 dispersals, and 68 interactions obtained from Caguana, Puerto Rico.
We use a dynamic model of bipartite mutualistic networks [14] to track the evolution of species abundance.
Pi /Ai is the abundance of the ith species of diﬀerent groups, such as plant/pollinator, and each group is
composed of NP /NA species:
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α is the intrinsic growth rate in the absence of interaction or perturbation. Intraspecific (βii ) and interspecific (βi j ) competition reflect environmental conditions, generally βii ≫ βi j (i , j). The profit that a species
could obtain from between-group mutualistic interactions is restricted by the half-salutation constant h, corresponding to ecological interaction constraints. Parameter γ is the specific interaction strength with
γ0
γi j = εi j
,
(2)
(Ki )t
in the binary matrix ε, if node i directly interacts with node j then εi j = 1, γi j quantifies the mutualistic
strength; otherwise εi j = 0, γi j = 0. Specifically, γ0 is taken from a uniform distribution [21]: γ0 ∼ U(0, 1).
Ki is the amount of mutually beneficial interaction of species i, and t measures the tradeoﬀ between topological and ecological properties, representing how the amount of interaction mediates the overall mutualistic
strength. Notably, species with abundance below a certain EEP threshold or getting disconnected from the
largest connected component are considered to be extinct [22–24], standing for functional extinction phenomena, and to exclude discrete nodes and minor sub-clusters to ensure statistical significance [19, 25].
We first derive a Γ-matrix to describe the direct profitable mutualistic eﬀect (Figure 1A):
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Figure 1 Both direct and indirect mutualistic eﬀects and each species’ total impact on a seed-dispersal mutualistic network M S D 003. (A)
and (B) Quantitative direct benign mutualistic eﬀects (Γ-matrix) and overall influence of diﬀerent species on others through both direct and
indirect interactions (T-matrix). Purple dots in the matrix indicate the species in the column have a larger influence on species in the row,
whereas white dots suggest weaker influence. (C) The structure of the bipartite network, where sizes, types, and colors of nodes indicate their
degrees, classes, and T out s: larger nodes have more direct interactions. Diamonds denote plants while circles are dispersers; nodes with warmer
color exert greater impact on the network through multiple paths. Among the nodes, we highlight two white-edged nodes that have identical
degrees but have varying T out values, i.e., total influence including direct and indirect eﬀects. For two patterned nodes, we indicate their direct
interaction in black, and one of the indirect interactions in green.
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(A)
where γ(P) and γ(A) are composed of γi(P)
j and γi j in eq. (1), indicating how species benefit from direct
interactions through paths with length l = 1 (highlighted as black path in Figure 1C). As for topologically
non-interacting species, nonintuitive indirect eﬀects spreading through paths with l > 1 serve momentous
roles in the system thriving (l = 3 for the highlighted green indirect path in Figure 1C). To quantitatively
estimate the total influence, we combine the numerous multi-paths interactions and consider all indirect
paths’ lengths as l = 2, 3, . . . , n. If species i and j interact via paths of length l then Γli j > 0, which form
the Γl matrix representing l-order indirect mutualistic eﬀects [7]. By setting t = 1 in eq. (2), that is network
topology aﬀects mutualistic eﬀects through both direct and indirect interactions, for each row of Γ, we have
N
∑

Γi j < 1,

(4)

j

where the network size N = NP + NA , and the real part of the leading eigenvalue satisfies 0 < λΓ < 1. Thus,
all the direct and indirect eﬀects can be described by a matrix T (Figure 1B) as follows:
T = Γ0 + Γ1 + Γ2 + · · · + Γ∞ =

∞
∑

Γl = (I − Γ)−1 ,

(5)

l=0

where I is the identity matrix. T i j describes species i’s impact on species j through direct and indirect paths,
and the indicator of total influence of species i in the system (Figure 1C) is
T iout =

N
1 ∑
Ti j.
N j

The indirect eﬀect ψi of each species i can be evaluated by
∑N
j T i j × (1 − εi j )
ψi =
.
∑N
j Ti j
We finally obtain the system’s overall indirect eﬀects as
∑N ∑N
i
j T i j × (1 − εi j )
Ψ=
.
∑N ∑N
i
j Ti j

(6)

(7)

(8)

Quantifying species’ indirect eﬀect
Although lacking accurate estimation, indirect eﬀects play an indispensable role in spreading benefits of
interactions and diﬀusing local perturbations. In Figure 2A, we show species’ indirect eﬀect on diﬀerent
mutualistic ecosystems. Counterintuitively, species with few apparent direct beneficial interactions may
have profound indirect eﬀects on other species [26], whose eﬀects are not necessarily aligned with direct
topological features like degree as shown in Figure 2B. Generalists with abundant interactions may not be
as critical as they appear to be, and hub nodes may not be the most influential species either. Species
with the same amount of direct interactions are of various importance due to those impacts passed through
complicated indirect paths, as shown in Figure 1C. Hence, considering only direct interactions of species is
not suﬃcient to accurately predict their importance or profound influence once obliterated. A thorough niche
indicator as T out derived from the DCM in eq. (6) becomes essential.
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Figure 2 Determinants of indirect eﬀects. (A) Scatters are indirect eﬀects of diﬀerent types of mutualistic ecosystems; grey bars and colored
bars show average direct and indirect eﬀects, respectively. (B) For the majority of all four types of networks, species’ indirect eﬀects have
no significant relation to their degrees (especially PL and SD, p < 0.001), while in some networks (PA and AF) species’ indirect eﬀects
are negatively correlated with their degrees. (C) Indirect eﬀects of multi-types of mutualistic networks increase along the gradient based
on PC1 of principal component analysis, where well connected and nested networks (negative PC1 values) have small indirect eﬀects, and
modular, heterogeneous, large networks (positive PC1 values) have large indirect eﬀects. The two networks in (C) show diﬀerent structures
(PL/AF) with large/small PC1 values and indirect eﬀects, respectively. In (A)–(C), diﬀerent colors represent diﬀerent mutualistic networks:
PL: plant-pollinator, SD: seed-dispersal, PA: plant-ant, AF: anemone-fish. Parameters: αi = 0.5, βii = 1, βi j = 0, h = 0.2, threshold θ = 0.001.

Corresponding to topological characteristics, we perform a principal component analysis (PCA) [18, 27]
with five structural descriptors (Figure 2C, Methods), which together leads to the conclusion that indirect
eﬀect has greater influence on networks with lower connectivity and nestedness, and higher modularity,
heterogeneity and biodiversity.
From the ecological points of view, more intimate mutualistic interactions create smaller indirect eﬀect,
such as anemone-fish ecosystems containing mostly specialized and obligate mutualistic interactions [28,29],
while plant-pollinator ecosystems have more generalists and thence more redundancy [8].

Identifying keystone species and predicting biodiversity loss
Accordingly, we assess species’ importance by the virtue of indicator T out . In this way, we could identify
keystone species and then predict biodiversity decline after losing certain species, which may be triggered
by overexploitation, habitat fragmentation, and environmental degradation.
With poverty of data and limited knowledge of ecosystems, topological keystone species indicators [7, 10]
may be used to provide some rough estimations. However, ecosystems’ decisive nature such as mutualism, competition, and antagonism that distinguishes networks of similar structures is usually overlooked, not
to mention the species topologically analogous to each other that behave discrepantly. Hence, it is essential to bring dynamics to the estimation of species’ abundance and systems’ states, while considering the
dominant interactions and the mutualistic eﬀects on preserving biodiversity. Thus, we adopt the bipartite
high-dimensional coupled model (eq. (1)) to track the variation of species’ abundance when randomly removing species, and apply the proposed indicator T out in eq. (6) to take into account both self-dynamics and
benefits of mutualistic interactions.
We first verify whether T out and species-level topological descriptors can assess species’ importance and
predict secondary extinction (Figures 3A and 3B, Supplementary Table S2) when eliminating single species.
While fitting biodiversity loss and diﬀerent indicators with a linear model (Figure 3C), T out shows better
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Figure 3 Relationship between the biodiversity loss and diﬀerent indicators. (200 independent simulation runs) (A) and (B) The secondary
extinction in an 8-component seed-disperser ecosystem. Removing species leads to massive biodiversity and interaction loss. Here, the local
ecosystem may suﬀer remarkable degradation as shown in (B) compared with the original state. (C) Fitting secondary extinction size and T out ,
degree, kw (weighted degree), Bc (betweenness centrality) with a linear model after removing a single species. (D) Species with higher impact
on the network (larger T out ) have larger disposition to induce massive secondary extinction. Dashed lines in diﬀerent colors show the fitted
linear model of diﬀerent networks, which show the size evolution of secondary extinction along increasing T out . Here colder color suggests
larger networks while warmer color represents the smaller ones. The smaller pictures show two fitting curves with small and large slopes,
which indicate small and large secondary extinction trends, respectively.

fitness compared with straight forward topological indicators according to adjusted coeﬃcient of determination (adjusted-r2 ). Akaike information criterion (AIC) is also used to compare their performances (Supplementary Table S3). Here, degree [30] describes biotic interspecific interactions and potential of spreading
perturbations to directly interacting species. Weighted degree kw represents both nodes’ interactions and
strengths [31]. Degrees also reflect species’ importance in TCMs. Betweenness centrality [32] is the amount
of shortest paths between any two nodes that pass through a certain node, illustrating how removing certain
species may alter the path lengths.
In Figure 3D, removing species with lower T out results in fewer and minor secondary extinctions, thus
T out serves as a niche indicator of keystone species. Species with large T out values are more likely to trigger
massive secondary extinction, which makes them crucial in the maintenance and conservation of ecosystems.

Biodiversity loss in more general scenarios
In real scenarios, multiple species may go extinct simultaneously due to environmental deterioration [1]. We
mimic such more general situations by removing a fraction fn of species from the ecosystem.
While simultaneously removing multiple species (Figure 4), we estimate the total influence of the removed
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Figure 4 Biodiversity loss and diﬀerent indicators in more general scenarios. (200 independent simulation runs) (A) Fitness of the linear
model relating the secondary extinction size and diﬀerent indicators T out , degree, kw (weighted degree), Bc (betweenness centrality) with
increasing removal range of species of all the 29 networks. As shown in (B), the result of PL (plant-pollinator) networks has high indirect
eﬀect and increasing removal range. (C) and (D) are the relationship between secondary extinction sizes and T out . (C) Capacity of indicating
secondary extinction size with T out increases with PC1 of PCA and decreases with removal range fn . (D) T out in eq. (6) is more suitable for
networks with higher indirect eﬀect (and small removed range). Diﬀerent markers correspond to four diﬀerent types of ecosystems, where
colorbars show the percentage of removed species.

species by summing their individual impacts. Indicators can be applied to predict secondary extinction in
networks such as those composed of plants and pollinators. However, in certain scenarios all the indicators
fail to predict the exact consequence with a fitted linear model.
We apply PCA to figure out under what circumstances the proposed indicator T out can properly indicate
the biodiversity decline. As shown in Figures 4C and 4D, T out is available to networks with low connectivity
and nestedness, and high modularity, heterogeneity and biodiversity. That is, loss of biodiversity in networks
with higher indirect eﬀects (Figure 4D) can be better predicted, for example in plant-pollinator ecosystems
(Figure 4B and Supplementary Figure S1). By contrast, networks with high connectivity and nestedness
do not incline to be dominated by indirect eﬀects. A typical example is the anemone-fish networks where
more species complete life stages with few interactions [33]. Along with the decrease of indirect eﬀects, the
direct eﬀects claim the primary responsibility and hence indicators reflecting such impact are more eﬀective
in predicting biodiversity decline, such as the degree after removing 95% of species.
Significantly, as removal range expands, there exists a critical removal fraction beyond which pruning
species leads to system disintegration. For all four types of networks, such a debacle does not happen until
the majority of species are stochastically removed (Figure 5). In spite of their robustness to random extermination [34], systems’ critical removal fraction of disintegrating becomes much smaller once the species
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Figure 5 Critical removal fraction of networks under random and intentional removal. In diﬀerent kinds of network, the critical removal
fraction is much lower when targeting keystone species identified by diﬀerent indicators compared with random removal, especially T out .
Diﬀerent colors suggest diﬀerent indicators.

are intentionally removed according to T out or other aforementioned topological indicators, among which
removing keystone species identified by T out is prone to cause much rapid declination. Such targeted removals disintegrate networks much more eﬃcaciously than random removal, demonstrating the reliability of
the indicators derived from DCM. Moreover, the proposed indicator T out shows a high precision for predicting keystone species, which could help optimize reservation and restoration strategies [35, 36] with limited
resources in urgent situations of ecosystems.

DISCUSSION
Incorporating network dynamics and ecological characteristics, we identify keystone species and explore biodiversity decline of mutualistic networks with DCM. The TCMs [8–10] provide an insight of complex systems’ secondary extinction, while reducing divergence of diﬀerent interactions and species. As a step towards
systems’ dynamic evolution, SCMs cooperate with variation of mutualistic interactions and species’ dependence [12]. Nevertheless, restricted by scarce empirical observation and lack of adequate understanding of
ecosystems [7], SCMs randomly assign coextinction probabilities. Here, DCM provides a more comprehensive description of dynamic and biodiversity evolution which is preferable for coupled high-dimensional
ecosystems analysis.
The proposed indicator T out captures both topological and ecological features of mutualistic ecosystems.
Combining indirect eﬀects of ecosystems completes the propagation of species influence and perturbations
through all possible paths in a network, which have been reckoned necessary in previous research and affirmed in our study. We found that indirect eﬀects have profound influences on the prosperity or degradation,
even disintegration of ecosystems, especially modular, heterogeneous, and large networks, typically plantpollinator ecosystems. In networks that possess more generalists and tend to share multiple interactions,
indirect eﬀects are more pervasive through extensive paths for which indicator T out becomes more applicable. We also compare the critical removal fraction of diﬀerent types of ecosystems when removing several
species in diﬀerent scenarios, which substantiates the eﬀectiveness of the index T out on quantification of
species’ importance and identifying keystone species.
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In conclusion, the present study sheds some light onto the connection between topological characteristics,
dynamics of complex interactions, and biodiversity variation in mutualistic ecosystems. By integrating both
direct and indirect eﬀects of networks, we propose a methodology for distinguishing keystone species as well
as predicting biodiversity decline in mutualistic networks. This methodology is more appropriate for less
intimate mutualistic ecosystems with low connectivity and nestedness, and high indirect eﬀects, modularity,
heterogeneity and biodiversity. Our results identify invaluable species that may require extra protection
or take precedence for ecosystems under threat, establishing potential guidelines in setting conservation
priorities for protection and even restoration of endangered ecosystem.

METHODS
Principal component analysis
We conduct PCA to identify what kinds of network structures contain larger indirect eﬀects and have better
eﬀects indicating secondary extinction size according to T out . PCA has been a most common technique
to reduce the pristine multivariate data to a small number of dimensions while preserving variability and
increasing interpretability. Here, we investigate five structural descriptors of 29 mutualistic networks, i.e.,
connectivity, nestedness, modularity, heterogeneity, and size.
When analyzing the impact of indirect eﬀect in an ecosystem, the first principal component PC1 contains
69.25% of the variation, and is negative with connectivity (−0.4993) and nestedness (−0.1696), but positive
with modularity (0.1315), heterogeneity (0.5629), and size (0.6227). As shown in Figure 2C, indirect eﬀect
has greater influence on networks with low connectivity and nestedness, and high modularity, heterogeneity
and biodiversity.
When removing multiple species from an ecosystem, we use PCA to find in what scenarios the proposed
indicator T out can properly indicate decline of biodiversity. As shown in Figure 4C, the first principal component PC1 contains 71.27% of the variation, which is negative with connectivity (−0.3777) and nestedness
(−0.0230), and positive with modularity (0.2788), heterogeneity (0.6009), and size (0.6465). It implies that
T out is suitable to indicate species contribution and coextinction size for networks with low connectivity and
nestedness, and high modularity, heterogeneity and biodiversity.

Information on mutualistic networks used in the study
Here, the size of networks is the number of species they contain, for example, the size of a plant (P)∑ ∑
pollinator (A) network N is N = NP + NA . Network connectivity C is C = iN Nj εi j /(NP × NA ), where
ε is the interaction matrix. Modularity indicates the presence of dense clusters of related nodes embedded
in the network, which is calculated using the BiMat package (BiMat: http://bimat.github.io/). Nestedness
describes the extent to which interactions form ordered subsets, and is calculated by the NODF measure.
Network heterogeneity [19] H is H = σin σout /⟨s⟩, where ⟨s⟩ = ⟨sin ⟩ = ⟨sout ⟩ is the average incoming or
outgoing weighted degree, σin and σout are variances of marginal probability density functions P(sin ) and
P(sout ), respectively.
Topological indicators are derived as follows: species’ degree is the number of direct interactors, degreei =
∑N
1/2 ∑N
w
j εi j ; species’ weighted degree [7] is ki = degreei ( j Ai j ), where A is the weighted interaction matrix;
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∑
betweenness centrality [32] is calculated as Bc (i) = s,i,s,t,i,t g st (i)/g st , where g st is the number of shortest
paths between two nodes s and t, and g st (i) denotes the number of those shortest paths that pass through
node i.

Data availability
Data on mutualistic networks are available from the Web of Life database (www.Web-of-Life.es). Other data and codes are
available from the corresponding author upon reasonable request.
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