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Abstract

Addressing both natural and societal challenges requires collective cooperation.

Studies on collective-risk social dilemmas have shown that individual decisions are

influenced by the perceived risk of collective failure. However, existing feedback-

evolving game models often focus on a single feedback mechanism, such as the

coupling between cooperation and risk or between cooperation and cost. In many

real-world scenarios, however, the level of cooperation, the cost of cooperating, and

the collective risk are dynamically interlinked. Here, we present an evolutionary game

model that considers the interplay of these three variables. Our analysis shows that

the worst-case scenario, characterized by full defection, maximum risk, and the high-

est cost of cooperation, remains a stable evolutionary attractor. Nevertheless, coop-

eration can emerge and persist because the system also supports stable equilibria

with non-zero cooperation. The system exhibits multistability, meaning that different

initial conditions lead to either sustained cooperation or a tragedy of the commons.

These findings highlight that initial levels of cooperation, cost, and risk collectively

determine whether a population can avert a tragic outcome.

Author summary

Collective cooperation is indispensable for addressing natural and social chal-
lenges. Prior research on collective-risk social dilemmas has shown that individual
contributions are shaped by the risk of collective failure, yet it insufficiently cap-
tures a key complexity: the intricate interdependencies among cooperation cost,
collective failure risk, and cooperation level. Here, we develop an evolutionary
game model with a multiple feedback mechanism to clarify cooperative behavior
emergence in complex gaming contexts. We find that this tightly coupled sys-
tem yields diverse dynamic outcomes. Notably, individuals can sustain stable
cooperation in low-risk environments with only minimal cooperation costs.

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1013512 February 20, 2026 1/ 13

https://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1013512&domain=pdf&date_stamp=2026-02-20
https://doi.org/10.1371/journal.pcbi.1013512
https://doi.org/10.1371/journal.pcbi.1013512
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://github.com/lichengwanw/collective-risk-games
https://github.com/lichengwanw/collective-risk-games
https://orcid.org/0009-0003-4681-582X
https://orcid.org/0000-0003-0286-8885
mailto:linjie140@126.com
https://doi.org/10.1371/journal.pcbi.1013512


i
i

“pcbi.1013512” — 2026/2/18 — 10:49 — page 2 — #2 i
i

i
i

i
i

Funding: This research was supported by
the National Natural Science Foundation
of China (Grant Nos. 62306243 and
62406255), China Postdoctoral Science
Foundation (Certificate Number:
2024M762633), the Humanities and
Social Sciences Research Planning Fund
of the Ministry of Education (No.
24XJC630006), and Shaanxi Province
Postdoctoral Research Fund (No.
2025BSHSDZZ134). A.Sz. was supported
by the National Research, Development
and Innovation Office (Grant No.
K142948). The funders had no role in
study design, data collection and analysis,
decision to publish, or preparation of the
manuscript.

Competing interests: The authors have
declared that no competing interests exist.

However, the “tragedy of the commons”, a state of universal free-riding with maxi-
mum risk and cooperation costs is always attainable in our model. Critical factors
for escaping this dilemma include the initial cooperation rate, cooperation cost,
and risk value.

Introduction

The interaction between humans and their surrounding environment constitutes a
complex system, in which changes in one profoundly affect the other [1–5]. Cur-
rent human activities such as urbanization, agricultural expansion, and indus-
trial production not only change the structure and function of natural ecosystems
but also have significant impacts on biodiversity, climate change, and land cover
[6–12]. In turn, these environmental changes also shape human lifestyles, health
conditions, and socio-economic development. For example, extreme weather events
caused by climate change and the reduction of natural resources have begun to
affect global food security and water security, further exacerbating social inequal-
ity and migration issues [13–16]. Therefore, understanding the interaction mecha-
nism between humans and the environment is crucial for formulating sustainable
development strategies and addressing the challenges posed by environmental
change [17–21].

The dynamic interplay between human behavior and the environment can be
conceptualized as a complex coupled game model, in which the feedback-evolving
game has recently attracted significant research attention. This pioneering frame-
work of coevolutionary game theory was proposed by Weitz et al. [22] who con-
sidered that individuals’ strategy choices and behaviors are not only influenced by
their own and opponent’s strategies but also by direct or indirect feedback from
their changing environment. Along this line, feedback-evolving game models have
led to a rich body of literature, including classic public goods games, collective-risk
social dilemma games, as well as studies on common-pool resources and adaptive
incentives [23–28]. Among these, the collective-risk social dilemma with feedback
mechanisms is particularly relevant, as it captures the critical feedback between
behavioral decisions and environmental fragility in addressing global challenges like
climate change and epidemic control [29,30].

To understand outcomes in such dilemmas, it is essential to examine the roles of
risk perception and cooperation in individual and collective decision-making. Evo-
lutionary game theory serves as a robust analytical framework for examining these
interconnected systems [31–35]. Previous research has acknowledged that the level
of collective risk significantly shapes individual choices, with higher risk generally
promoting cooperation to avert collective failure [36,37].

However, the majority of earlier research treats both risk and the cost of cooper-
ation as static parameters. This approach overlooks a key reality: risk is not static
but is subject to dynamic shaping by human behavior [30]. It has been demonstrated
that highly cooperative societies often mitigate collective risks more effectively. This
phenomenon can be observed in various contexts, including the reduction of
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carbon emissions to mitigate global climate change and the enhancement of vaccination rates to curb the transmission of
diseases [38,39]. This bidirectional feedback between individual decisions and collective risk has attracted attention from
both empirical and theoretical sides. Furthermore, the cost of cooperation is rarely fixed. It is often context-dependent,
influenced by both the prevailing risk and the level of cooperation within a group. For example, in a highly cooperative
group, the per-capita burden of contribution can be lower. Conversely, a minority of cooperators in a defecting group may
face disproportionately high costs, further deterring cooperation [29]. To give an illustration from climate change, substan-
tial global collaboration enables the development and implementation of pertinent technologies, thereby reducing the indi-
vidual nations’ emission reduction costs. Conversely, insufficient cooperation among nations results in the imposition of
greater economic and environmental burdens on individual countries [40,41]. Behavioral experiments also indicate that
individuals are willing to bear higher costs when facing greater collective risks [42].

Despite the growing emphasis on such feedback mechanisms, existing research has yet to fully elucidate the com-
plex co-evolutionary relationship between human decision-making, the costs of cooperation, and collective risks. Here, we
develop a model that explicitly couples the dynamics of these three variables, as schematically summarized in Fig 1. Our
analysis reveals that the tragedy of the commons state, characterized by full defection, maximal risk, and maximal cooper-
ation cost, persists as a stable evolutionary outcome. However, the system also exhibits bistable and tristable evolutionary
outcomes, which provide conditions for escaping the aforementioned undesired destination. Our theoretical predictions
are further supported by numerical simulations.

Materials and methods

We randomly select N individuals from an infinite population to participate in a collective-risk social dilemma game, where
each individual’s initial endowment is b [36,43,44]. Participants have two options: to cooperate by contributing c to a com-
mon pool, or to defect without contributing. Each participant retains their residual endowment if the number of cooperators
in the group reaches the threshold M. Otherwise, participants lose their entire endowment with probability r that character-
izes the risk level of collective failure [36,37,43]. Let NC denote the number of cooperators and N − NC denote the number
of defectors. The payoffs for cooperators and defectors are as follows:

PC(NC) = b𝜒(NC −M) + (1 − r)b [1 − 𝜒(NC −M)] − c , (1)

PD(NC) = b𝜒(NC −M) + (1 − r)b [1 − 𝜒(NC −M)] , (2)

where 𝜒(𝜉) is the step function defined as 𝜒(𝜉) = 0 when 𝜉 < 0 and 𝜒(𝜉) = 1 when 𝜉 ≥ 0.
Let x denote the fraction of cooperators within the population. The time evolution of cooperation is described by the

replicator equation [32]:

ẋ = x(1 − x) (fC − fD) , (3)

where fC and fD denote the average fitness of cooperators and defectors, respectively. Here, NC denotes the number of
cooperators among the other N – 1 group members, so that NC +1 accounts for the focal cooperator itself. These fitness
values are calculated as follows:

fC =
N−1

∑
NC=0

(N − 1
NC

)xNC(1 − x)N−1−NCPC(NC + 1), (4)

fD =
N−1

∑
NC=0

(N − 1
NC

)xNC(1 − x)N−1−NCPD(NC), (5)
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where (N−1

NC
) denotes the binomial coefficient representing the number of ways to choose NC cooperators from the remain-

ing N–1 participants.
By combining Eqs (1)-(5), we derive an equation that describes how the fraction of cooperators evolves over time:

ẋ = x(1 − x) [(N − 1
M − 1

)xM−1(1 − x)N−Mrb − c] . (6)

To go beyond and generalize previous studies [40,45–48], we consider a bidirectional feedback relationship among the
individual cooperation cost c, the risk level r and the cooperation level x. Motivated by this interplay, we devise a multi-
feedback game model as follows:

⎧⎪
⎨⎪
⎩

𝜀1ẋ = x(1 − x) [(N−1

M−1
)xM−1(1 − x)N−Mrb − c] ,

𝜀2 ̇r = U1(x, r) ,
ċ = U2(x, r, c),

(7)

where 𝜀1 and 𝜀2 represent the relative speeds of strategy and risk updates, respectively [22]. For simplicity, we set
𝜀1 = 𝜀2 = 1. In the S1 File, however, we systematically explore the effects of their variations on the evolutionary outcomes
( Figs A and G in S1 File). The functions U1(x, r) and U2(x, r, c) represent the interactions between strategy, risk, and indi-
vidual contributions. We assume that an increase in the fraction of defectors elevates the collective risk level and the
expected cooperation cost, whereas a higher fraction of cooperators reduces both risk and cooperation cost. In addition,
higher collective risk is assumed to increase the cooperation cost, while higher cooperation cost discourages cooperation
(see Fig 1). For simplicity, we assume that these effects are linear, expressed as:

U1(x, r) = r(1 − r) [𝜇1(1 − x) − 𝜇2x] , (8)

U2(x, r, c) = (𝛼 − c)(c − 𝛽) [𝜃1(1 − x) − 𝜃2x + 𝜃3r − 𝜃4(1 − r)] , (9)

where 𝜇1, 𝜇2, 𝜃1, 𝜃2, 𝜃3, and 𝜃4 act as linear coefficients, all of which are positive numbers. Additionally, 𝛼 and 𝛽 define the
upper and lower bounds for the cost c, respectively, with 𝛼 > 𝛽 > 0.

By combining Eqs (7), (8), and (9), we obtain the following multi-feedback dynamical system:

⎧⎪
⎨⎪
⎩

ẋ = x(1 − x) [(N−1

M−1
)xM−1(1 − x)N−Mrb − c] ,

̇r = r(1 − r) [𝜇1(1 − x) − 𝜇2x] ,
ċ = (𝛼 − c)(c − 𝛽) [𝜃1(1 − x) − 𝜃2x + 𝜃3r − 𝜃4(1 − r)] .

(10)

In order to assess the effectiveness of cooperation in collective social-risk dilemmas, we further define the success rate
of cooperation in the collective-risk social dilemma. For a fixed threshold M, if the fraction of cooperators in the population
stabilizes at p, the success rate is given by

PCS = 1 −
M−1

∑
k=0

(N
k
)pk(1 − p)N−k.

To further characterize the system, we theoretically analyze all the equilibrium points of this coupled system and
present the stability conditions in the S1 File. Additionally, we provide a variant of our model in which the cooperation cost
also affects the risk level (Fig C in S1 File).
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Fig 1. Coevolution of cooperation level, cooperation cost, and risk. An overview of their subtle interactions is shown in panel a. The blue line illus-
trates the dynamic interplay between cooperation cost and collective risk, highlighting their bidirectional influence within the system. The red curve with
arrows illustrates the bidirectional coupling between group states and collective risk. The black bidirectional arrows indicate the reciprocal interaction
between group states and cooperation cost. The feedback relationship between group states and collective risk is shown in panel b: an increase in
risk promotes cooperative behavior, and the resulting higher level of cooperation reduces risk. However, this reduction may subsequently encourage
defection, leading to an increase in risk again. Panel c shows that high risk increases the cooperation cost, whereas lower risk allows the cooperation
cost to decrease. Panel d illustrates that high cooperation cost makes defection more attractive, which may result in an even higher cooperation cost.
Conversely, low cooperation cost makes cooperation more accessible, and the resulting increase in cooperation level further reduces the cooperation
cost.

https://doi.org/10.1371/journal.pcbi.1013512.g001

Results

The feedback-evolving game model presented in Eq (10) admits multiple equilibrium solutions (see S1 File for the label-
ing convention of equilibrium points). In particular, we identify eight corner equilibria, namely (0,0, 𝛼), (0,0, 𝛽), (0,1, 𝛼),
(0,1, 𝛽), (1,0, 𝛼), (1,0, 𝛽), (1,1, 𝛼), and (1,1, 𝛽). Furthermore, if b (N−M

N−1
)
N−M

(M−1

N−1
)
M−1

(N−1

M−1
) > 𝛼 holds, the system pos-

sesses two edge equilibrium points (x1t,1, 𝛼) and (x2t,1, 𝛼) where x1t and x2t represent the two distinct roots of the equa-
tion b(N−1

M−1
)xM−1(1− x)N−M = 𝛼 and satisfy x1t < x2t. Similar conditions determine the existence of the edge equilibrium

points (x1b,1, 𝛽) and (x2b,1, 𝛽) if b (
N−M

N−1
)
N−M

(M−1

N−1
)
M−1

(N−1

M−1
) > 𝛽 is satisfied, with x1b and x2b being the two distinct roots of

b(N−1

M−1
)xM−1(1 − x)N−M = 𝛽 and x1b < x2b. Moreover, when 0 < Br < 1, the system has a surface equilibrium point (x∗,Br, 𝛽),

where x∗ = 𝜇1
𝜇1+𝜇2

and Br =
𝛽

b(N−1
M−1)x∗M−1(1−x∗)N−M

. When 𝜃3 < 𝜃2 and 𝛽 < Rc < 𝛼, the system has a surface equilibrium point

(Rx,1,Rc), where Rx =
𝜃1+𝜃3
𝜃1+𝜃2

and Rc = b(N−1

M−1
)Rx

M−1 (1 − Rx)
N−M. Moreover, when 0 < Tr < 1, the system has a surface

equilibrium point (x∗,Tr, 𝛼), where Tr =
𝛼

b(N−1
M−1)x∗M−1(1−x∗)N−M

. When 0 < r * < 1 and 𝛽 < c∗ < 𝛼, the system admits an interior

equilibrium point (x∗, r∗, c∗), where r∗ = 𝜃2𝜇1−𝜃1𝜇2+𝜃4(𝜇1+𝜇2)
(𝜃3+𝜃4)(𝜇1+𝜇2)

and c∗ = (N−1

M−1
)x∗M−1(1 − x∗)N−Mr∗b.
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All equilibrium points of system (10) and their corresponding stability conditions are summarized in Table 1. The
detailed derivation of these equilibria and a full stability analysis are provided in the S1 File. The auxiliary variables T1, T5,
B1, and B5 are defined as follows:

T1 = 𝛼(M − Nx∗ − x∗) + 𝛼(2x∗ − 1),
T5 = (𝛽 − 𝛼) [𝜃1(1 − x∗) − 𝜃2x∗ + 𝜃3Tr − 𝜃4(1 − Tr)] ,
B1 = 𝛽(M − Nx∗ − x∗) + 𝛽(2x∗ − 1),
B5 = (𝛼 − 𝛽) [𝜃1(1 − x∗) − 𝜃2x∗ + 𝜃3Br − 𝜃4(1 − Br)] .

For corner equilibria, only the equilibrium point (0,1, 𝛼) is stable, whereas all other corner equilibria are unstable.
Numerical evidence supports these findings. This is illustrated in Fig 2a and 2b, where black dots indicate stable equilib-
ria and red dots denote unstable equilibria. This outcome corresponds to a worst-case scenario in which defectors prevail
under maximal risk, leaving all participants without any payoff.

The detrimental situation becomes avoidable once the edge equilibria (x1t,1, 𝛼) and (x2t,1, 𝛼) exist. The edge equilib-

rium (x2t,1, 𝛼) is stable if x2t <min { 𝜇1
𝜇1+𝜇2

, 𝜃1+𝜃3
𝜃1+𝜃2

}. The supporting numerical results are presented in Fig 2c, 2d and 2e.

These plots demonstrate that, due to bistability, the system converges to different equilibrium points depending on the ini-
tial conditions. Notably, the equilibrium point (0,1, 𝛼) represents a potential tragedy of the commons. Although selecting
an appropriate initial condition can stabilize the system at (x2t,1, 𝛼), thereby achieving coexistence between cooperators
and defectors, the underlying risk remains at r = 1. This implies that if the collective threshold M is not met, the group will
inevitably fail and lose their endowments, even when a majority of individuals contribute the maximum cost 𝛼. In addition,
we find that the basin of attraction for this stable edge equilibrium point is larger than that of the stable corner equilibrium
point (Fig B in S1 File).

Similarly, when the edge equilibrium points (x1b,1, 𝛽) and (x2b,1, 𝛽) exist, the equilibrium (x2b,1, 𝛽) is stable if
𝜃1+𝜃3
𝜃1+𝜃2

<
x2b <

𝜇1
𝜇1+𝜇2

. The validation of these findings is illustrated through numerical calculations in Fig 2f, 2g and 2h. Ultimately,

the system exhibits bistable outcomes: depending on the initial conditions, trajectories converge either to the corner equi-
librium (0,1, 𝛼) or to the edge equilibrium (x2b,1, 𝛽). The former represents the worst-case scenario (full defection, maxi-
mal cost, and maximal risk). The latter, in contrast, depicts a state of stable coexistence. In this state, despite the persis-
tent high risk (r = 1), cooperators succeed in meeting the collective target M and only bear the minimum cooperation cost
𝛽. This outcome provides a possible escape route from the tragedy of the commons, as achieving the threshold allows
cooperators to retain their endowments despite the ever-present risk of failure. Furthermore, it is shown that the basin of

Table 1. Stability conditions for all equilibrium points of system (10).

Equilibrium (x,r,c) Stability condition
(0,1, 𝛼) Stable
(0,0, 𝛼), (0,0, 𝛽), (0,1, 𝛽), Unstable
(1,0, 𝛼), (1,0, 𝛽), (1,1, 𝛼), (1,1, 𝛽)
(x1t,1, 𝛼) Unstable

(x2t,1, 𝛼) Stable if x2t <min{ 𝜇1
𝜇1+𝜇2

, 𝜃1+𝜃3
𝜃1+𝜃2

}
(x1b,1, 𝛽) Unstable

(x2b,1, 𝛽) Stable if
𝜃1+𝜃3
𝜃1+𝜃2

< x2b <
𝜇1

𝜇1+𝜇2
(Rx,1,Rc) Unstable
(x∗,Tr, 𝛼) Stable if T1 < 0 and T5 < 0
(x∗,Br, 𝛽) Stable if B1 < 0 and B5 < 0
(x*,r*,c*) Unstable

https://doi.org/10.1371/journal.pcbi.1013512.t001
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Fig 2. Replicator dynamics with stable corner and edge equilibrium points. Panels a, c, f, and i show the phase flow in the x–r–c phase space,
illustrating four distinct evolutionary outcomes. Red points represent unstable equilibrium points, while black points indicate stable equilibrium points.
Panels b, d, e, g, h, j, and k present the time evolution of the coevolving variables. Parameters are 𝜇1 = 0.25, 𝜃2 = 0.5, 𝜃3 = 0.6 in panels a and b;
𝜇1 = 2.5, 𝜃2 = 0.7, 𝜃3 = 0.6 in panels c, d, and e; 𝜇1 = 2.5, 𝜃2 = 0.7, 𝜃3 = 0.15 in panels f, g, and h; 𝜇1 = 2.5, 𝜃2 = 0.5, 𝜃3 = 0.3 in panels i, j, and k.
The remaining parameters N= 8, M= 5, 𝜇2 = 0.3, 𝜃1 = 0.5, 𝜃4 = 0.6, b= 2, 𝛽 = 0.1, and 𝛼 = 0.3 are fixed across all panels.

https://doi.org/10.1371/journal.pcbi.1013512.g002

attraction for the stable edge equilibrium point is larger than that of the corner equilibrium point (Fig B in S1 File). Com-
pared to the scenario shown in Fig 2c, where cooperators bear the cost 𝛼, the majority of cooperators here contribute only
the minimum cost 𝛽.

Notably, both edge equilibrium points (x2t,1, 𝛼) and (x2b,1, 𝛽) are stable when x2t <
𝜃1+𝜃3
𝜃1+𝜃2

< x2b <
𝜇1

𝜇1+𝜇2
. This theoretical

result is further supported by numerical calculations. Depending on the initial conditions, the system may converge to the
corner equilibrium (0,1, 𝛼) or to one of the edge equilibria (x2b,1, 𝛽) and (x2t,1, 𝛼). This tristability is shown in Fig 2i. The
observed system behavior highlights the role of initial conditions in determining whether the tragedy of the commons can
be avoided (see Fig 2j and 2k).

We next examine the stability of surface equilibria in the phase space. The surface equilibrium (Rx,1,Rc) is unstable.
Another surface equilibrium is (x∗,Tr, 𝛼), where the cost of cooperation is at its maximum (c = 𝛼) and the risk satisfies
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r = Tr ∈ (0,1). This state is stable if T1 < 0 and T5 < 0. Finally, the equilibrium (x∗,Br, 𝛽) lies on the c = 𝛽 surface, with the
risk satisfying r = Br ∈ (0,1). This state is stable when B1 < 0 and B5 < 0.

Based on the above equilibrium analysis, we now present numerical examples to illustrate three representative multi-
stable evolutionary outcomes. As depicted in Fig 3a, 3b and 3c, the system exhibits bistability between the surface equi-
librium (x∗,Br, 𝛽) and the corner equilibrium (0,1, 𝛼). This indicates that, depending on the initial state, the population
may converge either to the tragedy of the commons or to a mixed state where cooperators coexist with defectors at risk
level Br. A tristable regime is illustrated in Fig 3d, 3e and 3f, where three stable equilibria coexist: the surface equilibrium
(x∗,Br, 𝛽), the corner equilibrium (0,1, 𝛼), and the edge equilibrium (x2t,1, 𝛼). In this case, cooperation can be sustained
in two distinct ways: either at the minimum cost 𝛽 at the surface equilibrium or at the maximum cost 𝛼 at the edge equi-
librium with r = 1. Fig 3g, 3h and 3i illustrate another example of tristability. In this regime, the corner equilibrium (0,1, 𝛼)
and the two surface equilibria (x∗,Br, 𝛽) and (x∗,Tr, 𝛼) are all stable. Here, two alternative mixed states are possible: one

Fig 3. Bistable and tristable equilibria in coevolutionary dynamics. Panels a, d, and g show the phase flow in x – r – c phase space when the
system exhibits bistability and tristability, respectively. Panels b, c, e, f, h, and i show the time evolution of the coevolving variables. Parameters are
𝜇1 = 0.7, 𝜃3 = 0.2 in panels a, b, and c; 𝜇1 = 1.4, 𝜃3 = 0.8 in panels d, e, and f; 𝜇1 = 0.9, 𝜃3 = 0.8 in panels g, h, and i. The remaining parameters
N= 8, M= 5, 𝜇2 = 0.3, 𝜃1 = 0.5, 𝜃2 = 0.5, 𝜃4 = 0.6, b= 2, 𝛽 = 0.1, and 𝛼 = 0.3 are fixed across all panels.

https://doi.org/10.1371/journal.pcbi.1013512.g003
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with low cost 𝛽 and another with high cost 𝛼, associated with risk levels Br and Tr, respectively. We note that the interior
equilibrium point, if it exists, is unstable.

We next examine the effect of varying the collective threshold M on cooperative outcomes at the two edge equilibria
(x2t,1, 𝛼) and (x2b,1, 𝛽). For the former equilibrium, our results are summarized in Fig 4a, which shows the dependence
of the fraction of cooperators on the threshold M. We find that the fraction of cooperators increases monotonically with
M. Similar results are obtained when the system stabilizes at the other edge equilibrium (x2b,1, 𝛽), as shown in Fig 4b.
For the first equilibrium, Fig 4c shows how, as M increases, the size of the basin of attraction and the success rate of col-
lective action vary. The corresponding plot for the equilibrium (x2b,1, 𝛽) is shown in Fig 4d. Both panels show that the
basin of attraction gradually shrinks, whereas the success rate of collective action increases slightly as the threshold M
is raised. These results indicate that raising the collective threshold can enhance the level of cooperation under stable
conditions and promote the success of collective action.

Fig 4. Impact of the threshold M on the stability and success rate of collective action at two edge equilibrium points. Panels a and b show the
fraction of cooperators (bars) corresponding to the stable edge equilibrium points (x2t,1, 𝛼) and (x2b,1, 𝛽), respectively. Panels c and d show the basin
of attraction (bars) and the success rate of cooperation (lines) corresponding to the stable edge equilibrium points (x2t,1, 𝛼) and (x2b,1, 𝛽), respec-
tively. Parameters are 𝜃2 = 0.7, 𝜃3 = 0.6, 𝜃4 = 0.6 in panels a and c; 𝜃2 = 2, 𝜃3 = 0.15, 𝜃4 = 0.6 in panels b and d. The remaining parameters N= 8,
𝜇1 = 2.5, 𝜇2 = 0.3, 𝜃1 = 0.5, b= 2, 𝛽 = 0.1, and 𝛼 = 0.3 are fixed across all panels.

https://doi.org/10.1371/journal.pcbi.1013512.g004
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Discussion

Human behavior and ecosystems are intertwined through complex and profound interactions in modern societies [2,4,49].
Recent theoretical research has focused on feedback mechanisms in collective-risk dilemmas, highlighting bidirectional
coupling between individual decisions and collective risk, as well as between decisions and the cost of cooperation. How-
ever, a more complex tripartite feedback among cooperation levels, collective risk, and the cost of cooperation remains
underexplored in the existing literature [29,30]. In this work, we develop a feedback-evolving game model to capture these
coupled dynamics. Specifically, we assume that an increase in the fraction of cooperators reduces both collective risk and
the cost of cooperation, whereas an increase in collective risk raises the cost of cooperation.

Our findings indicate that the tragedy of the commons equilibrium (0,1, 𝛼), characterized by full defection, maximal
risk, and maximal cooperation cost, is always stable, implying a persistent risk of collective failure. However, the system
also exhibits multistability. The system can also stabilize at edge equilibria such as (x1b,1, 𝛽) or (x1t,1, 𝛼), where cooper-
ators coexist with defectors under high risk while paying either minimal or maximal cooperation costs. Furthermore, sur-
face equilibria like (x∗,Tr, 𝛼) and (x∗,Br, 𝛽) represent states where cooperation is maintained at constant high or low cost,
with an intermediate stationary risk level. Critically, the final equilibrium depends on the initial conditions. This sensitivity
to initial conditions implies that early-stage interventions affecting cooperation levels or the cost of cooperation may play
a decisive role in driving the system toward more desired cooperative outcomes.

Our base model (Model 1) incorporates feedback from cooperation to risk, but does not include feedback from cooper-
ation cost to risk. To explore this additional coupling, we introduce an extended model (Model 2) in the S1 File. In Model
2, an increase in cooperation or cooperation cost reduces risk, while an increase in defection or risk elevates this cost
(Fig C in S1 File). By analyzing the modified replicator system, we have identified several novel dynamics. These include
the monostable state (0,0, 𝛼), which depicts the disappearance of cooperation as the highest cooperation cost is required
in a risk-free scenario (Fig D in S1 File). We also observe oscillatory dynamics of risk and cooperation cost while the pop-
ulation remains in a full defection state (Fig F in S1 File). Furthermore, the system can exhibit tristable equilibrium points
(Fig F in S1 File). From a policy perspective, these results suggest that temporarily lowering the cost of cooperation, for
example through subsidies or incentive mechanisms introduced by third-party institutions, may help the population move
away from unfavorable states and reach cooperative equilibria, even if such interventions are not permanent.

Finally, we note that our study has certain limitations. As a first approach, we assumed a linear feedback relationship
between cooperation level, cooperation cost, and collective risk, while the feedback relationships between population
behaviors and the social environment could be more subtle [22,36,50,51]. Furthermore, our analysis relies on the infi-
nite well-mixed population assumption, which neglects stochastic factors. Future research could extend our framework
by incorporating nonlinear functional forms and exploring coevolutionary dynamics in finite or structured populations.

Supporting information

S1 File. This file contains eight figures and one table, presenting theoretical analyses and robustness investi-
gations of two distinct feedback game models. Figs A and B illustrate the robustness results of Model 1. Figures C
through H display the theoretical and numerical results of Model 2. Table A summarizes the stability conditions of the
equilibrium points in Model 2.
(PDF)
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