Journal Pre-proofs

Engineering

Article

Extinction Chains Reveal Intermediate Phases Between the Safety and Col-
lapse in Mutualistic Ecosystems

Guangwei Wang, Xueming Liu, Ying Xiao, Ye Yuan, Lingiang Pan,
Xiaohong Guan, Jianxi Gao, Hai-Tao Zhang

PIL: $2095-8099(24)00372-2

DOI: https://doi.org/10.1016/j.eng.2024.06.004
Reference: ENG 1587

To appear in: Engineering

Received Date: 12 January 2024

Revised Date: 28 May 2024

Accepted Date: 13 June 2024

Please cite this article as: G. Wang, X. Liu, Y. Xiao, Y. Yuan, L. Pan, X. Guan, J. Gao, H-T. Zhang, Extinction
Chains Reveal Intermediate Phases Between the Safety and Collapse in Mutualistic Ecosystems, Engineering
(2024), doi: https://doi.org/10.1016/j.eng.2024.06.004

This is a PDF file of an article that has undergone enhancements after acceptance, such as the addition of a cover
page and metadata, and formatting for readability, but it is not yet the definitive version of record. This version
will undergo additional copyediting, typesetting and review before it is published in its final form, but we are
providing this version to give early visibility of the article. Please note that, during the production process, errors
may be discovered which could affect the content, and all legal disclaimers that apply to the journal pertain.

© 2024 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and Higher
Education Press Limited Company


https://doi.org/10.1016/j.eng.2024.06.004
https://doi.org/10.1016/j.eng.2024.06.004

Complex Network—Article
Extinction Chains Reveal Intermediate Phases Between the Safety and Collapse in Mutualistic Ecosystems

Guangwei Wang »b¢# Xueming Liu **, Ying Xiao 2, Ye Yuan 2, Lingiang Pan 2, Xiaohong Guan %<, Jianxi Gao ©*,
Hai-Tao Zhang **

@ The MOE Engineering Research Center of Autonomous Intelligent Unmanned Systems, State Key Laboratory of Digital Manufacturing
Equipment and Technology, School of Artificial Intelligence and Automation, Huazhong University of Science and Technology, Wuhan
430074, China

b Guangdong HUST Industrial Technology Research Institute, Huazhong University of Science and Technology, Dongguan 523808,
China

¢ Guangdong Provincial Engineering Technology Center of Autonomous Unmanned Vessels, Dongguan523808, China

4 MOE Key Laboratory of Intelligent Networks and Network Security & State Key Laboratory of Manufacturing Systems, Xi'an Jiaotong
University, Xi’an 710049, China

¢ Tsinghua National Laboratory of Information Science and Technology, Department of Automation, Tsinghua University, Beijing
100084, China

I Department of Computer Science, Rensselaer Polytechnic Institute, Troy, NY 12180, USA

* Corresponding authors.
E-mail addresses: gaoj8@rpi.edu.cn (J. Gao), zht@mail.hust.edu.cn (H.-T. Zhang).
# These authors contributed equally to this work.

ARTICLE INFO
Article history:
Received

Revised

Accepted

Available online

Keywords:
Complex system
Network science
Overexploitation
Regime shift

Metastability


mailto:zht@mail.hust.edu.cn

Ecosystems are undergoing unprecedented persistent deterioration due to unsustainable anthropogenic human activities, such as overfishing
and deforestation, and the effects of such damage on ecological stability are uncertain. Despite recent advances in experimental and
theoretical studies on regime shifts and tipping points, theoretical tools for understanding the extinction chain, which is the sequence of
species extinctions resulting from overexploitation, are still lacking, especially for large-scale nonlinear networked systems. In this study,
we developed a mathematical tool to predict regime shifts and extinction chains in ecosystems under multiple exploitation situations and
verified it in 26 real-world mutualistic networks of various sizes and densities. We discovered five phases during the exploitation process:
safe, partial extinction, bistable, tristable, and collapse, which enabled the optimal design of restoration strategies for degraded or collapsed
systems. We validated our approach using a 20-year dataset from an eelgrass restoration project. Counterintuitively, we also found a specific
region in the diagram spanning exploitation rates and competition intensities, where exploiting more species helps increase biodiversity.
Our computational tool provides insights into harvesting, fishing, exploitation, or deforestation plans while conserving or restoring the
biodiversity of mutualistic ecosystems.

1. Introduction

Increasing evidence has shown that human activities have pushed the Earth’s system outside its resilient and sustainable state, which in
turn poses an existential risk to humans [1]. Therefore, quantifying the impact of humans on the resilience of complex systems to climatic
change has become an urgent yet challenging mission, known as Safe Operating Spaces [2,3], as shown in Fig. 1(a). It quantifies safe
boundaries for local stressors, such as exploitation rates, synchronized with climatic variations. Although conceptually powerful, a safe
operating space is designed to model the properties of a highly abstract macroscopic system without considering the interactions between
its dynamic components. However, real-world ecological systems, such as mutualistic networks (Fig. 1(b) [4]), contain interactions between
many dynamic components governed by nonlinear dynamics [5,6]. Consequently, the boundaries can be described as the border between
the safe and collapse regimes [7,8].

Studies on the boundaries between different operating spaces could help understand system resilience when considering human
interventions such as exploitation and restoration [9,10]. The intrinsic characteristics observed in numerous complex systems underscore
their capacity to adapt their operations in order to preserve their fundamental functionality in the presence of errors and failures. Resilience
loss is rarely predictable and is often irreversible, described by a sudden downgrade among alternative stable states [11], also known as
regime shift [12,13]. Regime shifts of ecosystems, such as mutualistic and food networks, are frequently triggered by disruptions such as
species removal [14,15], weight reduction [16], and individual trait variation [17]. Such critical transitions, in which a system abruptly
shifts from one stable state to another, could fundamentally alter the structure and function of ecosystems and have profound implications.
Consequently, investigating regime shifts and identifying tipping points is essential for understanding ecosystem stability and resilience.
By identifying and understanding the drivers, patterns, and mechanisms of these regime shifts, ecosystem changes can be better predicted
and managed to protect and maintain ecosystem functionality and sustainability. Such research also aids in formulating effective ecological
policies and management measures to address the impacts of environmental change and human activities on ecosystems. Thus, studying
regime shifts is crucial to achieving sustainable ecosystem management and biodiversity conservation.

Therefore, numerous efforts have been made to monitor system states, forecast extinction chains, and identify the most vulnerable species
[18,19] by leveraging empirical data and network theory. Gao et al. [16] developed a dimension-reduction method that derives an effective
one-dimensional dynamic by making full use of the topologies and dynamics of large-scale networks. Subsequently, a reduced two-
dimensional (2D) model of bipartite mutualistic networks was proposed to predict the tipping points [20]. Laurence et al. [21] established
a spectral dimension-reduction framework with justifications for the necessary effective dimensions for studying critical breakdowns. Tu
etal. [22] considered systems with heterogeneous dynamic mechanisms. Based on the interactions between network topology and dynamics,
Morone et al. [23] discovered a k-core predictor of structural collapse in mutualistic ecosystems. Zhang et al. [24] introduced a scaling
factor for recovery rates that places various systems with different dynamic parameters, network structures, and state perturbations on the
same scale, enabling us to compare the distances to tipping points across multiple ecosystems.

Despite recent efforts, understanding the resilience of a networked system when a part of it is undergoing human overexploitation or
other interventions remains an open question. This includes the intensive exploitation of certain fish species, high-value timber, and
comprehensive development, all of which can result in significant environmental damage. This is because the nonlinear equation format is
not identical and depends on the number of nearest neighbors when partial species are under exploitation. These limitations are rooted in a
theoretical gap: Existing approaches usually consider a system that satisfies a mean-field approximation when all species are under a similar
threat and will survive or become extinct simultaneously. However, depending on the exploitation rates and targeted ranges, the use of the
mean-field approach to predict extinct species remains challenging.

In this study, we developed an analytical tool to quantify the response of an ecosystem to human exploitation based on a dimension-
reduction method. This method allows us to quantitatively specify and predict species-level tipping points and extinction chains (Fig. 1(c)).
Such analytical tools contribute to paving the way for studying the resilience of abundant natural, social, and engineering networks,
predicting tipping points, and providing early warnings, thus guiding the conservation and restoration [25,26] of real large-scale systems.
By applying the tool to real-world ecological networks, we revealed a previously unrecognized regime shift encompassing five distinct
states: safe, partial extinction, bistable, tristable, and collapse, which is significantly different from the qualitative or downscaled boundaries
(Fig. 1(a)) in Refs. [3,5]. Based on a phase diagram incorporating these five regimes, we developed an active reintroduction strategy to
restore and revive degraded ecosystems. The ecological engineering approach, aimed at promoting human and ecological well-being, is
further corroborated by the observed restoration data from eelgrass—fish mutualistic networks in the midwestern Atlantic coastal lagoons.
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Fig. 1. System resilience under human exploitation. (a) The boundary between the safe operating and collapse spaces. For an ecosystem,
the safe boundaries of local stressors frequently shift in response to changing environmental conditions. (b) A conceptual anemone—fish
mutualistic system. The image is from Ref. [4]. (c) System response to exploitation under different conditions: (i) system stays in the safe
regime under minor local stress such as exploitation rate, or environmental change after the removal of perturbations or environment
fa 1ndrcates where the system crosses the safe-partial extinction boundary; (iv) in specific cases, the explmted species might “pull down”

other unexploited species, leading to a collapse of the whole system. The ecological tipping point f¢2 marks the shift from partial extinction
to collapse. Parameters are set as the intrinsic growth rate @; = —0.3, the intraspecific competition strength Bi; = 1, the interspecific
competition strength ;= 0.001, the half-saturated constant k= 0.2, the level of mutualistic strength ¥o = 1, the impact of the tradeoff

between interaction strength and the number of interactions & = 0.5, and the extinction threshold © = 0.001.

2. Materials and methods

2.1 Nonlinear dynamics in mutualistic systems under exploitation stressors

We use a generic bipartite mathematical model to evaluate the dynamic evolution of species abundance driven by intrinsic growth,
intraspecific and interspecific competition, mutualistic interactions between species [20,27,28] (e.g., plants and pollinators), and external
exploitation stresses:
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where the N-dimensional system composes NP plants and N pollinators with abundance Pi(i=1,.,N")and Ai(i =1,..,.NA),
respectively. N is the total number of the plants and NA s the total number of the pollinators. f lP and f ? are the exploitation rate on
certain species i; 0 F and 0"1A are the binary variables to indicate the exploited species. For simplicity without loss of generality, we apply
the same exploitation rate f to every exploited species. af and af are the intrinsic growth rates in the absence of any competition or
external stresses; Bi; and fy; represent the intraspecific and interspecific competition strength, respectively, depending on environmental
conditions (typically, intraspecific competition weights are much higher than interspecific competition weights, Bi; > Bij); vij = €;¥o/K ¢
is the benefit of mutualism regulated by a half-saturated constant h, denoting the essence of mutualistic effects. }j is the level of mutualistic

strength. &; =1 suggests that species i directly interacts with species j (j # 0); otherwise, &;=0. K; is the number of species that
benefit from the interaction with species ; & determines the impact of the tradeoff between interaction strength and the number of
interactions, that is, the network topology’s influence on mutualistic interactions, which is normalized in the range [0,1]. Throughout the
study, t denotes time, the initial conditions of species abundance are randomly chosen, and the system is considered to have reached
equilibrium when the difference between iterations is less than 0.00001. In this study, we apply the nonlinear dynamics in Eq. (1) to 26
benchmark mutualistic networks from the Web of Life database, composed of four categories: plant—pollinator, seed—disperser, anemone—
fish, and plant—ant networks (Table S1 in Appendix A).

The concept of safe operating space for a mutualistic network is illustrated in Fig. 1(c). Within a safe regime (Fig. 1(c-i)), species
abundance could recover after removing local stressors such as harvest or environmental change combinations. However, once local
stressors or environmental conditions exceed the functional tipping point fc1, the most endangered species become extinct, followed by an
extinction chain as the local stressor continues to escalate (partial extinction regime). The system stays in the partial extinction regime
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When the local stressor, such as the exploitation rate, exceeds the ecological tipping point fc2—the “point of no return”—the entire
mutualistic network could be severely degraded or even collapse (Fig. 1(c-iv)) and cannot spontaneously recover, even after unloading the
exploitation stress. Here, we defined the number of layers in an extinction chain as its depth and the largest number of species in one layer
as its width.

2.2. Tipping points and extinction chains prediction

We present a systematic tool for predicting tipping points and extinction in an ecosystem that considers both network structure and
dynamics. The various fundamental processes highly depend on the exploitation range and rate; however, the beginning and endpoint are
more discernible. Therefore, the general concept guiding our predictions is to retrace the extinction chains. The preliminary identification
of species facing extinction is accomplished through network topology analysis, with particular emphasis placed on those detached from
the largest cluster component following the removal of the exploited species. Subsequently, by employing dimension-reduction techniques,
we estimate the system states at different stages along the extinction chains, which in this case refers to species abundances.

There are four steps for tipping points and extinction prediction:

Step 1: Estimate the extinct species set according to network topology.

The extinction set V = Vexploited UVco—extinct is obtained by excluding the exploited species set Vexploited , and identifying species
detached from the largest cluster component as co-extinct species set Vco—extinct , including Z species.

Step 2: Estimate the final system state when all species in V extinct.

As all species m (m=1,..Z) in V extinct, that is 0 fPm =0, ohfmAm=0 in Eq. (1), we estimate the abundances of other
species using the dimension-reduction method. Detailed information is provided in Appendix A, and we develop the reduced four-
dimensional (4D) model as

dgiff = Peff(aeff'P — BT PP — BT Pt + %)

ds:ff = Aeff(ae“‘A — B A gt — BT A Aes + % @
% = eco(aeco_P - ﬁSCO-PPeco — BT Pegr + %)

dﬁico = Aeco (aeco-A - ﬁSCO_AAeco — B P Aesr + %‘)

Let Peft and Acfr represent the effective abundances of plants and pollinators, respectively; Peco and Aeco describe how different
types of species influence each other and the strength of such interlayer effect. @°™ a°fA = g0 and a®°A gare the intrinsic growth
terms. The dynamical interactions of species within plants/pollinators are also governed by their nearest neighbors through the interaction
terms; here, the intraspecific competition strength of species is represented by BT, BITA B and B which is analogous to Bii
in the N-dimensional model. Effective interspecific competition strengths are BeF, BefFA - Beco-A gng oA while interacting
mutualistic effects among different systems denoted by <P, yofFA 0P and y°e°-A With the effective states, the system states P;
and A;—representing species abundance—could be estimated by decoupling the N-dimensional system. Eq. (1) could be converted as
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We evaluate the equilibrium state when dP;/dt=0 and dA;/dt=0, ensuring the right-hand side of Eq. (3) is zero with P; =0, 4; > 0.
Hence, the system states could be solved directly. This approach allows us to dynamically update the extinction set whenever a species’

abundance falls below the threshold ©. (For more detailed influences of parameters such as ©, refer to Appendix A Fig. S1.) The solutions
align well with those obtained from the original N-dimensional model, demonstrating a mean error less than 0.1, as shown in Appendix A
Figs. S2. Additionally, a comparison of the system-state estimation with existing methods is presented in Appendix A Figs. S3 and S4.

Step 3: Derive the exploitation rate f when the species in V extinct.

We sort the species in V based on their degree of endangerment, as indicated by their original abundances arranged in descending order.
This sorting strategy underscores that species with higher abundances and positioned further from the extinction threshold have a better
chance of survival. When the extinction procedure approaches an end, the exploitation rate is estimated with the following procedure:

(1) Final state approximation: Gradually remove species from V until any effective state (Pefr or Aefr) rises above 0, indicating an
almost-final state of the system. This step helps in determining the critical juncture before system collapse.

(2) States estimation for surviving species: At the end of the extinction chain, we estimate the abundances of surviving species by solving
Eq. (2) and (3). Here, the abundances of all species M € V are set to 0, focusing solely on those species that persist.

(3) States approximation for extinct species: For species M € V, we approximate their abundances while holding the abundances of
surviving species constants.

(4) Exploitation rate estimation: Calculate exploitation rate f with Eq. (1), utilizing the approximated final effective states and system
states. Considering potential inaccuracies arising from extinction order and system-state estimation, we define f as the maximum of all
calculated rates for both plants and animals, f = max[f},...fNe,f4,..f 4], and then round it up as f = [f]. In single-species exploitation

scenarios, f = fca.
Step 4: Peel back to get the extinction chain from the final degraded state.



set
as constants, thus releasing the computational complexity, now that only Z species’ abundances need to be tracked. The revived species,
if any, comprise the latest layer of the extinction chain with the corresponding exploitation rates as their tipping points and then obtain the
new extinction set V.

Repeat until all species in V are assigned in the extinction chain from the bottom up with their tipping points.

In addition, we predict extinction chains based on network structure and dynamics such as species abundance, average vertex strength,
the mutualistic species ranking method MusRank [29], and nodal contribution to nested architecture [19]. Species abundance is obtained
by the four-dimensional model free from exploitation. The average vertex strength (57) is defined as the average of the species’ link
§V¢i gi(Ki+ K j)/ JI»V# &;;. The accuracy of predicting extinction chains using such criteria when capturing one or two
species is shown in Appendix A Figs. S5 and S6. The results of the proposed framework, as shown in Appendix A Figs. S5-S9 and Tables
S2-S4, certainly outperform those methods.

strengths, 37 =

3. Results and discussion

3.1. Regime shifts and extinction chains of ecosystems

We investigated the tipping points and extinction chains of the ecological network denoted as M_PL _017. The network comprises 25
plants, 79 pollinators, and 299 interactions obtained from Bristol, United Kingdom. The network topology is illustrated in Fig. 2(a). To
investigate how an ecosystem reacts to overexploitation, we introduce the exploitation term to a certain fraction of the species until the

system reaches a new stable state and the abundance of extinct species falls below the threshold ©. Subsequently, we withdraw the
exploitation rate and observe whether the abundance recovers.

Mathematically, we start from the initial condition, P;(0) > 0 and A;(0) > 0 (healthy high state), numerically solve the ordinary
differential equations (ODE) equations in Eq. (1) with given f, and then we set all 0 to be 0 (no exploitation) and obtain its final steady
state. Figs. 2(a)—~(d) show the final steady states as a function of the exploitation rate f if we only exploit a single species. When f is
small, the system always recovers its original state. However, co-extinction occurs as f increases. For example, when capturing species 1,
ten species spontaneously go extinct if f = f¢1 = 3.7, while the rest of the species can still recover to a high state close to their original
state. As we continue to increase f, species 1 becomes extinct. The widths and depths of the extinction chains are 10 and 2, respectively.
Similarly, we show the extinction chains when we exploit species 4 and 15 in Figs. 2(c) and (d), respectively. The tipping points and shapes
of the extinction chains vary with the specific exploited species. More importantly, the generalists, such as species 1, with more interactions
and higher abundance, often cause more co-extinction than others, such as species 4 and 15, not to say specialists.
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Fig. 2. Extinction chains are ubiquitous and diverse. (a—d) Example of exploiting single species. All possible species that may trigger co-
extinction and the associated co-extinct species are highlighted in the structure of network M_PL_017. (b—d) Three cases of co-extinction
evolution and the corresponding multilayer extinction chains with increasing exploitation rate f. More precisely, exploitation rates below
the functional tipping points fc1 will not cause species extinction, whereas exploited species extinct at the ecological tipping points fc2.
(e-1) Co-extinction phenomena become sophisticated when more species are under threat; (e—h) 20% of the system’s species are exploited,
and (i-1) 80% are exploited, which may lead to system collapse. In the upper half of (b—d), (f-h), and (j-1), the colored solid lines are co-
extinct species corresponding to different layers of extinction chains in the lower half, and light gray lines represent other surviving species.

Our numerical findings suggest that an extinction chain reveals interdependencies for species survival. Identifying these
interdependencies could provide insights into why certain species face extinction, even in the absence of direct exploitation. Consequently,
detecting extinction chains could guide us in considering the most endangered species rather than only the exploited ones. Note that this
process generalizes resilience studies focusing on node/link removal or weight reduction [16], as the node removal process is analogous to
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validates that the extinction chain can be triggered by both local extermination of species or a significant decline in abundance,
corresponding to functional extinction [18].

We also present a common scenario in which a portion of the ecosystem is under exploitation. Fig. 2 shows examples of the exploiting
20% and 80% of all species. We discovered that apart from the exploited species, other species without direct exploitation may also become
extinct [31] owing to the loss of mutualistic interactions, forming extinction chains with various patterns. The co-extinct species are
highlighted in the network (Figs. 2(a), (e), and (i)). When only a few species are exploited, extinction chains may not appear, and the
ecosystem could maintain a safe or partial extinction state, even under high perturbation rates. By contrast, as the exploitation range
increases, for example, to 80%, as shown in Figs. 2(i-1), the system may collapse even under a small exploitation rate. We present additional
findings involving diverse networks characterized by varying growth rates and exploitation levels in Appendix A Figs. S10-S14 and Table
S2.

By examining the exploitation process of 26 benchmark mutualistic networks, we encountered universal co-extinction phenomena and
extinction chains in mutualistic ecosystems of different types, scales, and geographical locations. However, within the same network,
exploiting various species results in distinct sizes and shapes of extinction chains. Moreover, their depths and widths varied significantly
among the various networks (Figs. S15-S17 in Appendix A). Although ecosystems show resilience and revival under minor exploitation
rates and ranges, they cross the safe operating space boundary and fall into undesirable regimes under augmented stress. Enlarging the
exploitation rate triggers co-extinction, whereas an increased exploitation range scales up ecosystem degradation, decreases tipping points,
and expands the width of extinction chains. Indeed, the shape of the extinction chain is vital for early warning of co-extinction and
corresponding conservation strategies. For example, a flat but wide extinction chain requires more urgent safeguards than a deep but narrow
chain because the collapse of the entire system may be abrupt and unexpected.

3.2. Regime shift prediction in large-scale networks

To effectively predict diverse exploitation patterns in complex systems, we extend the dimension-reduction approach [16] to bipartite
networks that model the topology and dynamics of mutualistic networks. By estimating the influence of the exploited species on the overall
species abundance, we derive an analytical method to accurately predict the co-extinction species and their tipping points in extinction
chains (Figs. S1, S5, S10-14, and S18-19 in Appendix A). For simple cases, such as single species (Figs. 2(a)—(d)) or two-species
exploitation scenarios (Figs. S6 and S20 in Appendix A), the order of the species in the extinction chain and its shape can be accurately
predicted. In the multiple-species cases (Figs. 2(e)—(1) and Fig. S7 in Appendix A), extinction chain prediction becomes more challenging
as the exploitation range or rate increases, and nontrivial phenomena appear, such as bistable and tristable regime shifts. Despite the extreme
complexity of multiple-species exploitation, we precisely forecast the most endangered species (Fig. S7(e)), which can be used as an early
warning signal of cascading extinction in mutualistic networks. All extinction chains presented in Fig. 2 were correctly predicted. The error
estimation and analysis are shown in Appendix A.

3.3. Emergence of novel bistable and tristable regimes

To reveal the regimes of exploited ecosystems and define a safe operating space, we methodically expand the exploitation rate and range
of mutualistic systems. Regime shifts occur as ecosystems are pushed from the “basin of attraction” of states, leading to “folded” multiple
alternative stable states separated by unstable equilibrium [32]. When a part of the system is exploited, the final system state is determined
not only by the exploitation rate and range but also by the specific exploited species. To reveal the connections among the exploitation rate,
exploitation range, and system state, we performed extensive simulations exploiting randomly selected species, given specific exploitation
rates and ranges (Fig.3; Figs. S5, S16, and S17 in Appendix A). Different simulations led to distinct system states owing to the variations
in the exploited species. From all the simulation results, we calculate the probabilities of the system being in a state of safety, partial
extinction, or collapse.

Under mild perturbations with low exploitation rates and ranges, the system remains in the safe or partial extinction regime even when
all species are exploited (Fig. 3). In particular, given a certain exploitation range and rate, the system may fall into a multistable area (Fig.
3(b)). Fig. 3(e) shows the corresponding degradation process: After decreasing from a single stable state, such as the safe or partial extinction
(one basin of attraction), the system could enter into either a partial or a majority extinction state (bistable regime)—on some occasions, even
collapsing with an increasing exploitation range (tristable regime)—and then gradually degrading to either the majority extinction or collapse
state (bistable regime).
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Fig. 3. Exploitation of multiple species of network M_PL_017. (a—c) The probability of the system being in different regimes as a function
of the exploitation range. The bars show the relative frequency of different states, and the curves represent logistic regression models. (d—
f) The corresponding Gaussian kernel density estimation of 4200 trials. The tristability area in (e) suggests a double catastrophe-fold,
whereas subfigure (f) contains bistable areas. Cluster size was arcsine square-root transformed, and rare occasions detected at a frequency
of < 5% were excluded. Stable equilibria correspond to peaks of the probability density curves and the solid lines beneath, while unstable
equilibria correspond to the valleys of the probability density curves and dashed lines. Peaks too close to each other (difference less than
14) are merged, and those with small prominence (smaller than 0.0001 or 0.5% of the highest peak) are excluded.

Ultimately, an irrational exploitation range leads to collapse. A sufficiently high perturbation rate (Figs. 3(c) and (f)) leads to more severe
damage and deteriorates the system state to easily shift from safe to partial extinction, bistable (either majority extinction or collapse), and
eventually to a certain collapse. The detection of bistability and tristability could help us understand the resilience patterns and regime shifts
of mutualistic networks, which have profound implications for the restoration of degraded ecosystems [33—35] and for building sustainable
systems.

3.4. Resilience of mutualistic networks in a deteriorating environment

When ecosystems suffer from drastic changes or hostile environments, such as those resulting from eutrophication, excessive interspecific
competition leads to species extinction, even in the absence of exploitation stress (Figs. S21-S23 in Appendix A). The conventional result
would be that more species decline, which gradually leads to a loss in biodiversity under fierce competition (large Bij) as the exploitation
rate and range [19,29,36,37] increase. Counterintuitively, under specific scenarios (Fig. 4(a)), the decline in species diversity is mitigated
at certain exploitation rates. Moreover, there are specific counterintuitive regions in the phase diagram where exploiting more species could
even help increase ecosystem biodiversity.

One plausible explanation for this phenomenon is rooted in ecological principles, according to which a reduction in the abundance of
dominant species could mitigate interspecific competition within the ecosystem [38]. In many ecosystems, dominant species exert strong
competitive pressure, thereby reducing overall biodiversity. However, strategically exploiting these dominant species could alleviate
competitive pressure by decreasing their abundance. This creates opportunities for other species to thrive and boosts the overall biodiversity.
This phenomenon has also been observed in various other ecological scenarios, including food webs and predator—prey relationships [39,40].
Protecting top predators is crucial because they regulate lower trophic levels, similar to how humans conduct harvesting activities.
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Fig. 4. Counterintuitive areas and abrupt system collapse. (a) Average species abundance and biodiversity evolution with increasing
exploitation range under different exploitation rate f and intraguild competition intensity Bij. System’s average species abundance and
biodiversity generally decrease as the exploitation range increases under certain f and By, as in the blue area. (b—€) Correlations between
cluster size or number of extinct species and different species’ abundance as exploitation range increase. (b, ¢) In most cases, species
abundance (including leaf nodes and others) and cluster size decrease as the exploitation range expands. (d, e) For counterintuitive areas
(red dots and area in (a)), the average species abundance of leaf nodes as well as biodiversity suddenly increased as the exploitation range
expanded, whereas the average species abundance of other species showed opposing trends that were positively correlated with biodiversity
loss. In (a), the red and yellow areas represent 95% confidence intervals for the counterintuitive and predicted areas, where the correctly
predicted counterintuitive area is highlighted in orange (with a Jaccard’s index of similarity of 0.9530). A counterintuitive region is defined
as the region with an average cluster size that rebounds by more than 3.3 (shaded area in (d)) and is predicted as a region where species
abundance abnormally increases to more than 105% of the original unexploited value when all species in the ecosystem are being exploited
(shaded area in (e)). Here the species abundance and cluster size have been normalized.

To elucidate the mechanisms underlying these counterintuitive phenomena, we conducted an in-depth analysis of the evolution of species
abundance with an increasing exploitation range. In this analysis, specialists, characterized as leaf nodes within the system, are considered
indicators because of their lower degree of connectivity and heightened sensitivity to critical transitions [41]. As shown in Fig. 4, the
average species abundance of leaf nodes is positively correlated with cluster size, whereas the average species abundance of non-leaf nodes
is negatively correlated with the number of co-extinct species. In counterintuitive cases, the average species abundance of leaf nodes shows
a similar initial decrease followed by an increase in cluster size as the exploitation range expands with losses in average species abundance,
and we determined that the anomalous twist occurs when the average species abundance with exploitation surpasses that under exploitation-
free conditions. We predict the counterintuitive area by focusing on system responses when all species are being exploited. More specifically,
the counterintuitive area is predicted when the average species abundance of the leaf nodes surpasses 105% of the original scenario before
exploitation. When most of an ecosystem is exploited in a hostile environment, a regime shift between degradation and disastrous collapse
becomes more evident (Figs. S21-S23 in Appendix A).
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Fig. 5. Regime shift with contained threats and reintroduction. (a) Phase diagram of exploitation range and rate. The phase diagram is
revealed by the probability density curves acquired through Gaussian kernel density estimation from 4200 trials. For the unimodal (safe,
partial extinction) phases, we show the degradation process with a color bar and mark the multistable areas. (b—f) Restoration trajectory.
We provide five different routes for restoration: constantly reintroducing 5% of the original biomass for extinct species or reducing the
exploitation range, exploitation rate, or both. These approaches could compensate for overexploitation and rescue systems from collapse to
safety. Solid lines represent cluster size, dotted lines mark regime boundaries, lines with triangle markers indicate the recovery process,
while purple/green/blue lines correspond to low/medium/high states of the double catastrophe-fold. In (c) and (d), the exploitation range
and rate decrease parabolically and proportionally, respectively, and in (e) they alternate.

3.5. Restoration trajectory in the phase diagram

We mapped multiple simulations and acquired a complete phase diagram of the M_PL_017 network (Fig. 5). The ecosystem exhibited
first-order phase transitions on the partially extinction-bistable, bistable-tristable, and tristable-collapse boundaries, indicating tipping points
from safe to degraded. Moreover, regardless of the initial conditions, the final status of the ecosystem in the exploitation rate-competition
intensity space can be predicted solely according to the combinations of exploitation rate f and competition intensity . When ecosystems
are already degraded or have collapsed owing to overexploitation, we seek practical strategies to restore them to prosperity using the
revealed five-phase diagram. Using the derived exploitation rate-cluster size phase diagram, we provided systematic schemes for ecosystem
restoration, which include both the reintroduction of extinct species and reduction in the exploitation range or rate. Furthermore, we
simulated active restoration strategies on network M_PL_017, demonstrating the ongoing reintroduction of 5% of the original biomass for
all extinct species. Threats were effectively contained by decreasing the exploitation range (Fig. 5(b)), exploitation rate (Fig. 5(f)), or both
(Figs. 5(c)—(e)). These strategies successfully steered the damaged system back to safety through diverse trajectories, demonstrating trends
similar to those of the degradation process caused by exploitation.
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mutualistic network is constructed according to the restoration project data. The size of “fish” markers suggests their biomass. (b) Seagrass
revival data. The reintroducing rate is obtained by annual seeded area and eelgrass cover. (c, d) Reintroduction strategy. Parameters are
fitted according to the time series of seagrass cover and fish biomass in the first five years. Data have been normalized. Parameters: & =
0.1400, Yo =0.0005, Bii=1, Bij=0.0025, h=0.9995, and § = 0.9978.

We also verified the proposed model (Eq. (1)) and an active restoration strategy using actual revival data [30] for the midwestern Atlantic
coastal lagoons (Fig. 6) over the last 20 years. The dataset includes information on eelgrass cover, reintroduced amounts of eelgrass, and
fish biomass. We focus on reintroduced species of eelgrass (Zostera marina) and ten fish species (Bairdiella chrysoura, Anchoa mitchilli,
Lagodon rhomboides, Leiostomus xanthurus, Sygnathus fuscus, Orthopristis chrysoptera, Menidia menidia, Centropristis striata,
Paralichthys dentatus, and Chilomycterus schoepfii) most recorded over the years. Reintroducing rates are obtained using annual seeded
area and eelgrass cover, as in Fig. 6(b), while parameters such as intrinsic growth rate @ and intraspecific and interspecific competition
strengths B are selected using a genetic algorithm, fitted to the time series of seagrass cover and fish biomass in the initial five years. The
parameters are processed to minimize the mean square error (MSE) compared with real data. Initial abundance of fish as well as the

reintroduced species of eelgrass are randomly chosen from (0, ©), where the threshold for species extinction is © = 0.001. The system
cannot automatically recover without reintroduction at a given initial abundance. As we conduct the reintroduction strategy, the normalized
numerical simulation results match the real data quite well in terms of eelgrass cover (Fig. 6(c), correlation coefficient: 0.9848; MSE:
0.0042) and fish biomass (Fig. 6(d), correlation coefficient: 0.9222; MSE: 0.0166). The simulation results for seagrass cover and fish
biomass recovery aligned well with the data collected from the restoration project, thus, the feasibility of the proposed model is verified. In
addition, we found that, in two of the 26 networks, adding a certain leaf node [42] partly enhanced the resilience (Fig. S24 in Appendix A).
This suggests the potential application of active reintroduction or alien invasion in preventing massive extinctions (Table S5 in Appendix
A).

4. Conclusions

In summary, we constructed a dynamic mutualistic model that incorporates internal driving mechanisms, interspecies interactions, human
activities, and external environmental disturbances. We propose a dimension-reduction method designed to accurately predict tipping points
and extinction chains under human exploitation, effectively bridging the gap between complex systems theory and practical predictions of
natural ecosystem outcomes.

Although ecosystems exhibit resilience and revival under minor exploitation rates and ranges, they cross the safe operating space
boundary and shift to undesirable regimes under augmented stress. This study introduces a comprehensive phase diagram that categorizes
the exploitation rate range space into five distinct regions: safe, partial extinction, bistable, tristable, and collapse. The present study sheds
light on the analysis of extinction evolution, the identification of extinction factors, and understanding of the mechanisms behind the
counterintuitive functioning of exploited ecosystems.

Furthermore, our research extends beyond a theoretical exploration to offer practical applications in ecological engineering. From a
human intervention perspective, the revealed five-phase diagram guides systematic restoration schemes for ecosystems already degraded
or on the edge of collapse due to overexploitation. Particularly, we focus on transitioning ecosystems from zones at risk of extinction to
safe areas through strategic control measures. This includes the reintroduction of extinct species and a targeted reduction in exploitation
rates and ranges to recover vulnerable ecosystems.

This study mapped simulations to thoroughly understand phase transitions in the networked M_PL 017 ecosystem. To validate the
approach, the proposed model and active restoration strategy were quantitatively verified using data from midwestern Atlantic coastal
lagoons over the last 20 years. This not only underscores the practical relevance of the study but also reinforces its real-world applicability.
The mutualistic system, involving eelgrass and ten fish species, showed simulation results that aligned well with data collected from the
restoration project, particularly in terms of seagrass cover and fish biomass recovery. This robust, application-oriented approach contributes
significantly to ecosystem management and restoration.

With the continuous expansion of open-source datasets for diverse ecosystems, the proposed prediction and rescue methods can be refined
and expanded. This includes broader coverage of larger and more varied mutualistic ecosystems, as well as potential applications to different
ecosystem types characterized by commensalism, parasitism, competition, and beyond. Such endeavors promise to deepen our
understanding of ecological conservation and restoration, paving the way for more effective ecosystem management strategies in the future.

Acknowledgments

This work was supported by the National Key Research & Development Program of China (2022ZD0119601), National Natural Science
Foundation of China (62225306 and U2141235), and Guangdong Basic and Applied Research Foundation (2022B1515120069). Jianxi Gao
acknowledges the support of the USA National Science Foundation (2047488) and the Rensselaer-IBM Artificial Intelligence Research
Collaboration. Guangwei Wang acknowledges the support of China Scholarship Council (202206160043).

Compliance with ethics guidelines

Guangwei Wang, Xueming Liu, Ying Xiao, Ye Yuan, Lingiang Pan, Xiaohong Guan, Jianxi Gao, and Hai-Tao Zhang declare that they
have no conflict of interest or financial conflicts to disclose.

Appendix A. Supplementary data
11



References

[1] Barnosky AD, Hadly EA, Bascompte J, Berlow EL, Brown JH, Fortelius M, et al. Approaching a state shift in Earth’s
biosphere. Nature 2012;486(7401):52-8.

[2] Steffen W, Richardson K, Rockstrom J, Cornell SE, Fetzer I, Bennett EM, et al. Planetary boundaries: guiding human
development on a changing planet. Science 2015;347(6223):1259855.

[3] Scheffer M, Barrett S, Carpenter SR, Folke C, Green AJ, Holmgren M, et al. Creating a safe operating space for iconic
ecosystems. Science 2015;347(6228):1317-9.

[4] Integration and application network [Internet]. Cambridge: University of Maryland; [cited 2024 Jun 12]. Available from:
https://ian.umces.edu/media-library/.

[5]1O’Neill DW, Fanning AL, Lamb WF, Steinberger JK. A good life for all within planetary boundaries. Nat Sustain
2018;1(2):88-95.

[6] Dean AM. A Simple model of mutualism. Am Nat 1983;121(3):409-17.
[7] Wright DHA. Simple, stable model of mutualism incorporating handling time. Am Nat 1989;134(4):664-7.
[8]Liu X, Li D, Ma M, Szymanski BK, Stanley HE, Gao J. Network resilience. Phys Rep 2022;971:1-108.

[9] Cohen R, Erez K, ben-Avraham D, Havlin S. Resilience of the Internet to random breakdowns. Phys Rev Lett
2000;85(21):4626-8.

[10] LiJ, Yang Q, Dong J, Sweet M, Zhang Y, Liu C, et al. Microbiome engineering: a promising approach to improve
coral health. Engineering 2023;28:105-16.

[11] Dakos V,Bascompte J. Critical slowing down as early warning for the onset of collapse in mutualistic communities.
Proc Natl Acad Sci USA 2014;111(49):17546-51.

[12] Holling CS. Resilience and stability of ecological systems. Annu Rev Ecol Syst 1973;4(1):1-23.

[13] Folke C, Carpenter S, Walker B, Scheffer M, Elmqvist T, Gunderson L, et al. Regime shifts, resilience, and
biodiversity in ecosystem management. Annu Rev Ecol Evol Syst 2004;35(1):557-81.

[14] Allesina S, Pascual M. Googling food webs: can an eigenvector measure species’ importance for coextinctions?
PLOS Comput Biol 2009;5(9):e1000494.

[15] Kaiser-Bunbury CN, Muff S, Memmott J, Miiller CB, Caflisch A. The robustness of pollination networks to the loss
of species and interactions: a quantitative approach incorporating pollinator behaviour. Ecol Lett 2010;13(4):442-52.

[16] Gao J, Barzel B, Barabasi AL. Universal resilience patterns in complex networks. Nature 2016;530(7590):307-12.

[17] Baruah G. The impact of individual variation on abrupt collapses in mutualistic networks. Ecol Lett 2022;25(1):26-
37.

[18] Kehoe R, Frago E, Sanders D. Cascading extinctions as a hidden driver of insect decline. Ecol Entomol
2021;46(4):743-56.

[19] Saavedra S, Stouffer DB, Uzzi B, Bascompte J. Strong contributors to network persistence are the most vulnerable
to extinction. Nature 2011;478(7368):233-5.

12


https://ian.umces.edu/media-library/

[ ks
through dimension reduction. Proc Natl Acad Sci USA 2018;1154):E639-47.

[21] Laurence E, Doyon N, Dubé LJ, Desrosiers P. Spectral dimension reduction of complex dynamical networks. Phys
Rev X2019;9:011042.

[22] Tu C, D’Odorico P, Suweis S. Dimensionality reduction of complex dynamical systems. iScience 2021;24:101912.

[23] Morone F, Del Ferraro G, Makse HA. The k-core as a predictor of structural collapse in mutualistic ecosystems. Nat
Phys 2019;15(1):95-102.

[24] Zhang H, Wang Q, Zhang W, Havlin S, Gao J. Estimating comparable distances to tipping points across mutualistic
systems by scaled recovery rates. Nat Ecol Evol 2022;6(10):1524-36.

[25] Wang X, Wang J, Wang B, Burkhard B, Che L, Dai C, et al. The nature-based ecological engineering paradigm:
symbiosis, coupling, and coordination. Engineering 2022;19:14-21.

[26] Ding Z, Zheng H, Wang J, O’Connor P, Li C, Chen X, et al. Integrating top—down and bottom—up approaches
improves practicality and efficiency of large-scale ecological restoration planning: insights from a social-ecological.
Engineering 2023;31:50-8.

[27] Bastolla U, Fortuna MA, Pascual-Garcia A, Ferrera A, Luque B, Bascompte J. The architecture of mutualistic
networks minimizes competition and increases biodiversity. Nature 2009;458(7241):1018-20.

[28] Rohr RP, Saavedra S, Bascompte J. On the structural stability of mutualistic systems. Science
2014;345(6195):1253497.

[29] Dominguez-Garcia V, Mufioz MA. Ranking species in mutualistic networks. Sci Rep 2015;5:8182.

[301 Orth RJ, Lefcheck JS, McGlathery KS, Aoki L, Luckenbach MW, Moore KA, et al. Restoration of seagrass habitat
leads to rapid recovery of coastal ecosystem services. Sci Adv 2020;6(41):eabc6434.

[31] Bascompte J, Jordano P. Mutualistic networks. Princeton: Princeton University Press; 2013.

[32] Scheffer M, Carpenter S, Foley JA, Folke C, Walker B. Catastrophic shifts in ecosystems. Nature
2001;413(6856):591-6.

[33] Bellwood DR, Hughes TP, Folke C, Nystrom M. Confronting the coral reef crisis. Nature 2004;429(6994):827-33.

[34] Sahasrabudhe S, Motter AE. Rescuing ecosystems from extinction cascades through compensatory perturbations.
Nat Commun 2011;2:170.

[35] YuY,HuaT, Chen L, Zhang Z, Pereira P. Divergent changes in vegetation greenness, productivity, and rainfall use
efficiency are characteristic of ecological restoration towards high-quality development in the Yellow River Basin,

China. Engineering 2024,34:109-19.

[36] Vieira MC, Almeida-Neto M. A simple stochastic model for complex coextinctions in mutualistic networks:
robustness decreases with connectance. Ecol Lett 2015;18(2):144-52.

[37] Brodie JF, Aslan CE, Rogers HS, Redford KH, Maron JL, Bronstein JL, et al. Secondary extinctions of biodiversity.
Trends Ecol Evol 2014;29(12):664-72.

[38] Leibold MA, Hall SR, Smith VH, Lytle DA. Herbivory enhances the diversity of primary producers in pond
ecosystems. Ecology 2017;98(1):48-56.

[39] Heithaus MR, Frid A, Wirsing AJ, Worm B. Predicting ecological consequences of marine top predator declines.
Trends Ecol Evol 2008;23(4):202-10.

[40] Hughes BB, Beheshti KM, Tinker MT, Angelini C, Endris C, Murai L, et al. Top-predator recovery abates
geomorphic decline of a coastal ecosystem. Nature 2024;626(7997):111-8.

13



[ or
species for anticipating critical transitions. Proc Natl Acad Sci USA 2021;118(51):¢2104732118.

[42] Olesen JM, Bascompte J, Dupont YL, Jordano P. The modularity of pollination networks. Proc Natl Acad Sci USA
2007;104(50):19891-6.

Graphical Abstract

bistable

asde|jo2

0 20 40 50 80 100
capture (%)

Highlights

Dynamic model predicts ecosystem tipping points under exploitation, revealing surprising biodiversity impacts and
guiding conservation efforts.

14



Declaration of interests

The authors declare that they have no known competing financial interests or personal relationships that could have
appeared to influence the work reported in this paper.

[J The author is an Editorial Board Member/Editor-in-Chief/Associate Editor/Guest Editor for Engineering and was
not involved in the editorial review or the decision to publish this article.

[J The authors declare the following financial interests/personal relationships which may be considered as
potential competing interests:

15



