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CENTRAL QUESTION ANSWER

How do system scales shape cooperation in
social-ecological public goods problems?

We introduce a framework that captures how three system scales
determine regimes of containment, mitigation, and failure to control in
social-ecological public goods problems.
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Abstract
Climate change is a global emergency, as was the COVID-19
pandemic. But our collective response to COVID-19 was much
stronger than our response to climate change, to date. Why is
that the case? We hypothesize that one reason for the contrasting
response in these two systems is their differing scales: not just
spatial localization and temporal scale but also personal efficacy,
which quantifies how much an intervention directly benefits the
individual who adopts it. We introduce a framework that captures
regimes of containment, mitigation, and failure to control in social-
ecological public goods problems. As parameters governing these
three scales are varied, it is possible to shift from a COVID-like
system to a climate-like system. The framework replicates both
inaction in the case of climate change mitigation, as well as the
faster response that we exhibited to COVID-19. The model also ex-
hibits abrupt transitions between regimes and oscillatory dynamics.
Our cross-system comparison also suggests actionable ways that
cooperation can be improved in large-scale public goods problems,
like climate change. More broadly, we argue that considering
scale and incorporating human-environment feedbacks are not just
interesting special cases within non-cooperative game theory, but
rather should be the starting point for the study of altruism and
human cooperation.

Introduction
Background
The Intergovernmental Panel for Climate Change (IPCC)
called for rapid, unprecedented social change to address the
climate emergency [1, 2]. However, progress has been inade-

quate, despite the risk to lives and economies. In contrast, the
COVID-19 pandemic–also a global emergency–stimulated
rapid, unprecedented social change in a very short period
of time [3–5], even to the extent of reducing global green-
house gas (GHG) emissions by 14% during shutdowns [6].
This difference in humanity’s collective response calls for an
explanation [7].

To address this, we present a model that treats climate
change and infectious diseases as public goods problems,
where everyone in a population benefits from a good that must
be maintained by voluntary contributions from individual
members. Specifically, both a stable climate and a disease-
free state are ‘nonexcludable’ (everyone benefits from a stable
climate or a disease-free state) and ‘nonrivalrous’ (one person
benefiting from a stable climate or the absence of disease does
not prevent someone else from also benefiting) [8, 9]. Hence,
a stable climate and a disease-free state are public goods.
We note that our definition of non-excludability does not
imply that all individuals benefit equally. In real-world public
goods problems, benefits may be heterogeneous across groups
or individuals depending on geography and socio-economic
status [10].

In the case of climate change, some mitigation measures
(actions taken to reduce a shared threat, such as greenhouse
gas emissions or the spread of a pathogen) require individuals
to adopt behavior with a real or perceived cost, such as in-
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stalling photovoltaic panels on their roof, or walking instead
of driving a car [1, 11]. However, climate change mitigation
benefits everyone (not just the mitigator) and hence there is a
temptation to ‘free-ride’ by enjoying a stable climate without
adopting costly mitigation measures [12–14]. Similarly, herd
immunity against an infectious disease benefits everyone, but
the reluctance of some individuals to follow public health
measures that involve a real or perceived cost (such as mask
use or correct use of antibiotics) can lead to resurgence of the
infection, thus harming everyone [9, 15–17]. Even though
mitigating climate change or an epidemic is best for the group
as a whole, non-cooperating might be beneficial at the individ-
ual level, so that free-riding harms the public good [18, 19].
Other examples of public goods problems include air quality,
water quality, and biodiversity [20]. Everyone benefits from
clean air or water, but individuals and industries may pollute
without bearing the full cost of the negative impacts [21].

However, other factors can help prevent free-riding and
change the game from a Prisoner’s Dilemma to a Coordi-
nation game, where coordination can allow all players to
choose mitigation. This can occur if a penalty is applied to
non-mitigation, such as through injunctive social norms [22]
or other forms of punishment [23], if decisions occur across
multiple hierarchical levels [24] or can unfold through time
instead of being instantaneous [23], or if the players think
that a dangerous tipping point might occur [25], among other
possible mechanisms.

The role of scales
While both climate change and infectious disease control are
public goods problems, they are dissimilar in many respects,
such as spatial localization. The greenhouse effect involves a
well-mixed system (the atmosphere) where emissions from
a single tailpipe are dispersed planet-wide after a relatively
short period of time, whereas diseases transmitted from per-
son to person spread locally. Although infectious diseases
can become globally disseminated, they are not global scale
in the same sense as climate change, because they can only
spread through local (person-to-person) transmission. An
epidemic begins when infection control in the initial stages
are a failure, due either to properties of the pathogen, lack
of knowledge, or lack of adherence to control measures (the
latter of which is our particular focus). If the contacts of
Patient Zero act quickly to contain an outbreak, then the epi-
demic is prevented and the larger population is spared costly
mitigation measures. Action by a few individuals can thus
prevent exponentially higher morbidity and mortality, and the
requirement to adopt costly measures, for those further down
the transmission chain. However, if some contacts fail to act
and become infected, they may in turn pass the infection to
their own set of contacts. As a result, the infection percolates
through the entire population and eventually jumps to other
populations. This effect has been termed the ‘race to trace’ in
the context of ring vaccination for smallpox [26]. In contrast
to the smallpox endgame, we lost the ‘race to trace’ during
COVID-19 due to behavioral and pathogen features, causing
us to resort to mass mitigation.

Climate change and infectious diseases also have very dif-
ferent temporal scales. Epidemics caused by acute respiratory

viruses pass through a population in a matter of weeks [27,
28], while the impacts of greenhouse gas emissions are mani-
fested over generations [29–32]. Contending with the human
tendency to discount outcomes far in the future is a continuing
challenge for climate change mitigation, especially given that
the decay rate of greenhouse gases is so much slower than the
decay rate of a viral infection in a population.

Finally, there is a difference in the personal efficacy of
climate change mitigation versus infectious disease control.
If a single individual chooses to adopt a climate mitigation
measure, the direct benefit to the individual of the resulting
reduction in GHG emissions is extremely small and close to
zero, thus the personal efficacy–a measure of direct individual
benefit–is low. However, an individual adopting a pandemic
mitigation measure receives a relatively larger direct benefit
through protection from infection, since the personal (clinical)
efficacy of masks and vaccines are significantly higher. The
differing personal efficacy between climate change mitigation
and pandemic mitigation may have implications for which
interventions are adopted.

In the same vein, it is worth pointing out that in both sys-
tems, the benefit of the mitigator’s behavior might be different
for the mitigator and the others in the population, according
to environmental, health and economic vulnerability. In the
climate case, individuals in low-income countries are more
impacted by climate change, and thus more benefited by cli-
mate change mitigation. In the disease case, an intervention
faces a double barrier in order to protect others in the popu-
lation: it has to be effective both in protecting the mitigator,
and also protective in terms of the mitigator not passing on
the infection to their contacts. For instance, some vaccines
prevent disease in the vaccinated individual but do not block
transmission, whereas masking protects the masker and also
prevents onward transmission. However, a masker who gets
infected might reduce their morbidity while also passing on
the virus to a more vulnerable contact [33].

Scale also plays an essential role in many other ecological
systems [34]. Mechanisms may operate at very different
scales from the patterns they generate. Dynamics at smaller
ecological scales may appear highly stochastic, but this can
average out to coherent patterns at larger spatial scales [35].
In a similar vein, mechanisms that govern interactions at
smaller scales may create emergent patterns at the larger scale
of the population ensemble that are difficult or impossible to
infer just by knowing the mechanisms [36], such as occurs in
animal behaviour [37]. The property of emergence suggests
that human behaviour (whether individual or institutional)
in ecological and social-ecological systems may not always
generate the appropriate response at the appropriate scale
[38–40]. We will also observe this effect in the model studied
in this paper. Here, using COVID-19 and climate change as
motivating examples, we address the central question: ‘How
do spatial localization, temporal scale, and personal efficacy
shape cooperation in coupled social-ecological public goods
problems?’ We develop a general conceptual and modeling
framework showing how these three scales help explain differ-
ences among systems, with specific reference to population
uptake of mitigation measures against infectious diseases and
climate change, and we suggest pathways for improving coop-
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eration. Comparing pandemic and climate systems can help
address why mitigating the pandemic was partly successful
even if the race to trace was lost, whereas mitigating climate
change remains a challenge [1, 2, 41–43].

Results
Theoretical Framework
Although both climate change and pandemics are comprised
of multiple and very different systems, by ‘climate change’
we mean a rise in the mean global atmospheric temperature
anomaly through anthropogenic release of greenhouse gases,
and by ‘COVID-19’ we mean the seeding of an acute res-
piratory virus transmitted from person to person in a fully
susceptible population, such as for COVID-19 or pandemic
influenza, for instance. We hypothesize that variation across
three basic scales explains some of the differences in popula-
tion responses to COVID-19 versus the climate crisis (Figure
1).

• Spatial localization: How widely is a change in individ-
ual behavior felt in the natural system? How widely do
changes in the natural system impact individuals?

• Temporal scale: How long does it take for individual
behavior change to be felt in the natural system? How
quickly do changes in the natural system impact individ-
uals? In other words, how long do populations wait to
experience the feedback of their collective decisions?

• Personal efficacy: How much direct benefit accrues to
the individual adopting mitigation measures?

Our approach is to develop a network-based framework to
help us understand how individual behavior in public goods
problems depend on these three scales. We test these hy-
potheses in silico [44] through a simplified network consisting
of nodes and links. We begin by noting that our approach
has limitations. Our model does not analyze the problem at
the level of specific social, psychological, and institutional
factors (such as trust in institutions and government mandates)
known to play a role in these systems and which also deter-
mine population responses to COVID-19 and climate change.
Integrating these factors into the framework and exploring
how they relate to explanations at the level of our three scales
is beyond the scope of our paper. In the Discussion, however,
we contextualize our framework in the literature on these
factors, and suggest ways in which these two different explana-
tory levels complement one another. Because the framework
is more general than either motivating example, we begin
with two neutral model archetypes: ‘local, fast, self-effective’
(LOFASE) and ‘slow, non-protective, global’ (SNOGLOW).
To retain the connection to our motivating question while
acknowledging the use of a simplified model, we map these
archetypes onto our two model systems, and refer to them
from here on as ‘COVID-like’ and ‘climate-like’, respectively.
These are meant to represent idealized systems, as opposed
to being highly realistic descriptors of severe acute respira-
tory syndrome coronavirus 2 (SARS-CoV-2) dynamics, or
the global temperature anomaly caused by greenhouse gas
emissions.

We consider a small-world network of 𝑁 individuals
(nodes), where individuals have an average of 𝑄 neighbors

(links). We use 𝑄 to represent spatial localization: when 𝑄 is
small relative to 𝑁 , interactions and their consequences are
localized, whereas when 𝑄 ≈ 𝑁 − 1 they are not. Individuals
choose whether or not to adopt mitigation behavior. This
behavior impacts the abundance of a natural agent that spreads
through network links. A mitigator takes steps to reduce the
prevalence of the natural agent, whereas a non-mitigator does
not take those steps. This binary classification is a simplifying
assumption, since in reality individuals can adopt mitigation
measures to varying degrees. The natural agent decays at
some rate per unit time (𝛿). Individuals decide whether to
adopt mitigation measures based on a utility function that is
determined, in part, by the personal efficacy (𝜀), representing
how effective the behavior is in directly protecting the indi-
vidual. Other parameters also play a role: the rate of spread
of the natural agent through links is governed by transmission
parameter (𝑅). Adopting control measures imposes a cost
on the mitigator (𝑐𝑀 ), and a person impacted by infection or
climate change also suffers a cost (𝑐𝐼 ). There is an average
duration of time that individuals spend in the impacted state
(𝐷). Nodes that are exposed to the natural agent suffer impact
to their well-being with a specified probability (𝛽). The model
is specified in Section , and details of the simulation are in
the Supplementary Appendix.

The natural agent has a different interpretation in each
system. In the climate-like system it represents atmospheric
greenhouse gases (GHG), and its presence at a node means
that the individual is exposed to elevated GHG concentra-
tions. In the COVID-like system it represents a communi-
cable pathogen, and its presence at a node means that the
individual carries that pathogen. The processes acting on
the natural agent also have a different interpretation in each
system. Generation corresponds to GHG emissions in the
climate-like system, and to case importation in the COVID-
like system. Transmission corresponds to atmospheric mixing
and to person-to-person transmission, respectively. Decay
corresponds to carbon sequestration or absorption and to
recovery from infection, respectively.

Each of the three scales–spatial localization, time and
personal efficacy–is governed by a model parameter: neigh-
borhood size 𝑄 (for spatial localization), decay rate 𝛿 (for
time) and personal efficacy 𝜀. These parameters differ by
orders of magnitude between the two systems. Greenhouse
gas emissions caused by a single person spread globally, so
spatial localization is absent and the relevant network is fully
connected, where every person is connected to every other
person (𝑄 = 𝑁 − 1). In contrast, diseases that are transmitted
from person to person spread to a relatively small number of
neighbors (𝑄 ≪ 𝑁). For climate change, the decay rate 𝛿

is low, since greenhouse gases persist for a long time in the
atmosphere, but for acute respiratory infections that resolve
in days or weeks, 𝛿 is high. Finally, the incremental benefit to
a single individual mitigator due to reducing GHG emissions
is very small because the resulting incremental change in
worldwide GHG emissions is tiny, hence 𝜀 ≈ 1

𝑁
≈ 0. Infec-

tious disease interventions can provide a significant benefit
to the individual mitigator who adopts them, regardless of
whether they are effective in protecting others or how large
the population size is, hence 0 ≪ 𝜀 < 1.
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Figure 1: Schematic representation of the spatial localization, temporal and personal efficacy scales in COVID-19 and climate
change. The two systems differ significantly with respect to each of these scales.

Model specification
Each node 𝑖 has a behavioral state 𝐵𝑖 ∈ {𝑀, 𝑁} (mitigator or
non-mitigator), a state of well-being 𝐻𝑖 ∈ {𝑊, 𝐼} (well or im-
pacted), and an agent status 𝐴𝑖 ∈ {1, 0} (natural agent present
or absent). The network and the simulation are described in
the Supplementary Appendix.

Behavioral transitions

The utility for node 𝑖 by choosing non-mitigating behavior is
given by

𝑒𝑖,𝑁 = −𝑝𝑁
𝑖 𝑐𝐼𝐷 (1)

whereas the utility for mitigating is

𝑒𝑖,𝑀 = −𝑝𝑀
𝑖 𝑐𝐼𝐷 − 𝑐𝑀 (2)

where 𝑐𝑀 is the cost of being a mitigator, 𝑐𝐼 is the cost of
being impacted, 𝐷 is the duration of the impact, 𝑝𝑀

𝑖
is the

probability of being impacted if node 𝑖 is a mitigator, and 𝑝𝑁
𝑖

is the probability of being impacted if node 𝑖 is a non-mitigator.
The probabilities 𝑝𝑀

𝑖
and 𝑝𝑁

𝑖
are given by:

𝑝𝑀
𝑖 = 𝛽(1 − 𝜀) (1 − 𝑒−𝑅𝐴𝑟𝑖𝑠𝑘

𝑖 ) (3)

𝑝𝑁
𝑖 = 𝛽(1 − 𝑒−𝑅𝐴𝑟𝑖𝑠𝑘

𝑖 ) (4)

where 0 < 𝛽 < 1 controls the probability of impact (analo-
gous to morbidity risk), 0 ≤ 𝜀 ≤ 1 is the personal efficacy

of mitigation, 𝑅 controls how rapidly the natural agent is
transmitted through the network, and 𝐴𝑟𝑖𝑠𝑘

𝑖
= 1

𝑘𝑖

∑︁
𝑗∈N𝑖

𝐴 𝑗

represents the proportion of the 𝑘𝑖 neighbours of node 𝑖 (the
set N𝑖) that carry the natural agent (agent status ‘1’). This
represents the local risk to node 𝑖. Note how 𝜀 reduces the
risk of being impacted due to local prevalence 𝐴𝑟𝑖𝑠𝑘

𝑖
, but

mitigators must also pay a cost 𝑐𝑀 for that protection.
In each timestep, with a probability 0 < 𝜎 ≤ 1, a node de-

cides whether to change its behavior. A node that is currently
not mitigating will switch to mitigation if

𝑒𝑖,𝑀 ≥ 𝑒𝑖,𝑁

while a node that is mitigating will switch to non-mitigation if

𝑒𝑖,𝑁 ≥ 𝑒𝑖,𝑀

Physical transitions

If the natural agent is present at a node, it decays with proba-
bility 𝛿 per timestep, changing the node’s agent status from
‘1’ to ‘0’. In each timestep, a non-mitigator that currently has
agent status ‘0’ changes to agent status ‘1’ with a generation
probability 𝑝𝑔𝑒𝑛, indicating the natural agent is now present.
This corresponds to individual behavior that is responsible
for greenhouse gas emissions in the climate-like system, or to
case importation in the COVID-like system. The natural agent
can also be transmitted to other nodes, depending on whether
participating nodes are mitigators, who attempt to protect
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themselves from spread according to the personal efficacy 𝜀.
In particular, if a node’s current status is ‘0’, it will receive
the natural agent from its neighbours with probabilities

𝑝
𝑖𝑛 𝑓 ,𝑀

𝑖
= (1 − 𝜀) (1 − 𝑒−𝑅𝐴𝑟𝑖𝑠𝑘

𝑖 ) (5)

if they are a mitigator, and

𝑝
𝑖𝑛 𝑓 ,𝑁

𝑖
= (1 − 𝑒−𝑅𝐴𝑟𝑖𝑠𝑘

𝑖 ) (6)

if they are a non-mitigator. We note that agent status is
imperfectly analogous to the infection state in compartmental
epidemic models [45], whereas the impacted state corresponds
to a state of disease/morbidity caused by an infection.

Well-being transitions

A currently ‘well’ node with the natural agent (new or existing)
becomes impacted with probability 𝛽, and an impacted node
recovers with probability 1/𝐷 per timestep, where 𝐷 is the
average duration in the impacted state.

Decision threshold

Equations 1–4 imply a simple threshold for the behavioral
decision. A node prefers mitigation (𝑒𝑖,𝑀 ≥ 𝑒𝑖,𝑁 ) when

𝛽𝜀𝑐𝐼𝐷 (1 − 𝑒−𝑅𝐴𝑟𝑖𝑠𝑘
𝑖 ) ≥ 𝑐𝑀 , (7)

that is, when the expected reduction in the cost of being im-
pacted is at least the cost of mitigation. Because the left-hand
side increases with the local risk, a node mitigates when 𝐴𝑟𝑖𝑠𝑘

𝑖

reaches the critical value

𝐴∗ = − 1
𝑅

ln
(︃
1 − 𝑐𝑀

𝛽𝜀𝑐𝐼𝐷

)︃
, (8)

and if 𝑐𝑀 > 𝛽𝜀𝑐𝐼𝐷 (1 − 𝑒−𝑅), mitigation never pays, what-
ever the local risk. A node with 𝑘𝑖 neighbors can only have
𝐴𝑟𝑖𝑠𝑘
𝑖

∈ {0, 1/𝑘𝑖 , 2/𝑘𝑖 , . . . , 1}, so the number of neighbors
carrying the natural agent that is needed to trigger mitigation
is ⌈𝑘𝑖𝐴∗⌉. For example, with the COVID-like values in Ta-
ble 1 of the Supplementary Appendix (𝛽 = 0.2, 𝜀 = 0.95,
𝑐𝐼 = 1000, 𝐷 = 5, 𝑅 = 5), a single neighbor carrying the nat-
ural agent, out of four, triggers mitigation whenever 𝑐𝑀 ≤ 678,
which quantifies the sense in which one affected neighbor is
a ‘clear and present threat’. The same expression accounts
for the stepwise transitions as the cost of mitigation increases,
which occur near 𝑐𝑀 = 600, 678, 770 and 872, where a node
with five, four, three or two neighbors, respectively, first needs
more than one affected neighbor before it mitigates; for the ef-
fect of 𝑄, which lowers the risk contributed by each neighbor
(1/𝑘𝑖); and for the effect of 𝜀, below which mitigation never
pays.

Containment, mitigation and non-control
This framework captures regimes of containment, mitigation,
and non-control, for both study systems. For the COVID-like
system, with a relatively low neighborhood size 𝑄, fast decay
rate 𝛿, and high personal efficacy 𝜀, the mitigation regime
is easier to obtain, and it occurs even when the cost of mit-
igation (𝑐𝑀 ) is relatively high (Figure 2, top). However, in
the case of the climate-like system, achieving the mitigation
regime is more challenging. The population is completely
connected (𝑄 ≈ 𝑁 − 1) and hence spatial localization does
not occur–the population is homogeneously mixing. Personal
efficacy 𝜀 is likewise very small, so the number of individuals
who choose not to mitigate grows rapidly. Climate change
can only be prevented if the cost of mitigation 𝑐𝑀 is very
small (Figure 2, bottom); otherwise, the system enters the
non-control regime. Should the cost of mitigation become
negative, such as when renewable sources of energy cost less
than carbon-based sources, then containment is achievable.

Closer study of the framework suggests why these dif-
ferences occur, and also reveals a third dynamical regime
of containment. Consider a hypothetical scenario where a
small number of non-mitigators are distributed throughout
the population, and they are emitting the natural agent at
some rate. How do their neighbors react? In the contain-
ment regime, a sufficient proportion of neighbors immediately
choose mitigation, thus blocking further spread of the natural
agent. The mitigation regime, in contrast, can arise through
two distinct mechanisms. In the first (partial adoption), many
neighbors choose to mitigate, but some others do not, thus
allowing the spread of the natural agent into new areas of
the network and causing percolation of both natural agent
and partial mitigation throughout the network. In the second
(imperfect efficacy), the neighbors do choose to mitigate, but
the personal efficacy is not high enough to prevent the natural
agent from continuing to spread through them. Finally, in
the third non-control regime, almost no neighbors choose
mitigation, and the natural agent spreads widely, impacting
all individuals in the network.

We define these regimes operationally, using the percentage
of nodes that are mitigators and the percentage of nodes at
which the natural agent is present, each measured at the end
of a simulation (in Figures 2–4, as the average over the final
70% of time steps). A simulation is in the mitigation regime
if more than 30% of nodes are mitigators; in the containment
regime if at most 30% of nodes are mitigators and the natural
agent is present at no more than 30% of nodes; and in the
non-control regime if at most 30% of nodes are mitigators
and the natural agent is present at more than 30% of nodes.
These definitions might differ from those used in public health
practice, because the natural history of the system depends
so strongly on 𝑄, 𝛿 and 𝜀, but they qualitatively capture the
differences between these regimes. Every simulation falls
into exactly one of the three regimes by construction; the
substantive results are where the boundaries between the
regimes lie in parameter space, and how they move as 𝑄, 𝛿
and 𝜀 vary (Figure 4 and Supplementary Figures 1–10).
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Figure 2: Containment, mitigation, and non-control regimes for COVID-like and climate-like systems. The cost of mitigation
has to be significantly lower for the climate change system, in order to facilitate the uptake of mitigating behavior. Parameters are
in the Supplementary Appendix: Table 1. Agent denotes the percentage of nodes at which the natural agent is present. Each point
on a curve is one simulation; curves show the mean over the final 70% of time steps, and shaded regions denote one standard
deviation over the same window.

This intuition is borne out in simulation results of the agent-
based network model. In the case of the COVID-like system,
when mitigation measures are not too costly, the neighbors of
any initial non-mitigator nodes are more likely to adopt miti-
gation, since that single non-mitigator neighbor is a clear and
present threat representing a considerable share of a node’s
total number of contacts, and the personal efficacy is high
enough to motivate a choice to mitigate. Thus, all neighbors
of the non-mitigator adopt mitigation, and the natural agent is
contained (Figure 3, top left). The prevalence of the natural
agent is nevertheless nonzero in this regime because of case
importation: the natural agent can still be introduced into the
network at non-mitigator nodes, but the population responds
by preventing its further transmission through containment.
As the natural agent is repeatedly reintroduced, a persistent
nonzero level of the natural agent remains in the population
at all times, without widespread transmission. Simulations
in this regime show that the population responds quickly
to surges in the natural agent prevalence, acting to contain
the natural agent and causing it to decline once again. The
result is cycles of epidemic outbreaks [46] and behavioral
responses [47], similar to those seen in many infectious dis-

ease systems (Figure 3, top left). This regime covers a broad
portion of the 𝑐𝑀 parameter space, on account of the strong
negative feedback loop that containment represents. However,
if the mitigation cost is somewhat larger, a few neighbors
will choose not to mitigate. This allows percolation of the
natural agent through the network, and a suboptimal outcome
of both higher levels of natural agent and higher levels of
mitigation (Figure 3, top middle). Thus, increasing the mitiga-
tion cost can increase the number of mitigators. This occurs
because the rising cost makes the rings of mitigators around
a non-mitigator ‘leaky’: the natural agent can occasionally
leak through a ring, spurring another round of containment
in the adjacent part of the network. The population loses
the ‘race to trace’ [26], and the paradoxical (and suboptimal)
outcome is that both mitigation behavior and natural agent
prevalence are more widespread. The transition between these
two dynamical regimes is abrupt, on account of the fact that
the negative feedback loop of containment can be overcome
by the positive feedback loop of natural agent propagation,
once the cost of mitigation becomes too high. In fact, the
model simulation shows several such transitions as 𝑐𝑀 is
increased, reflecting the additional role played by the network
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geometry: a node’s local risk can only take a discrete set of
values determined by its number of neighbors, so the cost at
which a node adopts mitigation changes in steps (Figure 3,
middle). If the mitigation cost is very large, no neighbors will
choose to mitigate, and the non-control regime is obtained,
with few mitigators and a high number of impacted nodes
(Figure 3, top right).

For the climate-like system, a containment regime does not
occur at our baseline parameter values, although a mitigation
regime is possible at a sufficiently low cost of mitigation
(Figure 3, middle). There is a very small regime of cycles in
behavior, although the temporal evolution of the natural agent
is too slow for the cycles to be very pronounced in the natural

agent prevalence time series (Figure 3, bottom left). For
higher values of the mitigation cost, mitigation fails altogether
and the natural agent spreads without hindrance (Figure 3,
bottom right). In both systems, the success of mitigation
depends on the time scale of mitigating behavior being at least
as fast as the timescale of natural agent spread. When the
natural agent spreads as fast as mitigating behavior evolves, a
tight feedback loop is possible. If the spread of the natural
agent is much slower than the uptake of mitigation, then
behavior always adapts quickly enough to keep the natural
agent under control. But slow behavioral change allows the
natural agent to spread faster than the population can adapt
its behavior.

Climate-like 
system 

COVID-like 
system

Containment Mitigation Non-control

cycles

cycles

Non-controlMitigation

Figure 3: Temporal dynamics. The COVID-like system exhibits a broad regime of containment, and cycles in both behavior and
natural agent prevalence. The climate-like system only allows for a narrow regime of mitigation where pronounced cycles are
possible for behavior but not natural agent prevalence. Parameters are in the Supplementary Appendix: Table 1. Agent denotes
the percentage of nodes at which the natural agent is present. Each point on a curve is one simulation; curves show the mean over
the final 70% of time steps, and shaded regions denote one standard deviation over the same window.

It is possible to move the system between regimes by vary-
ing only the three scaling parameters for the neighborhood
size 𝑄, decay rate 𝛿, and personal efficacy 𝜀, while all other
parameters are held constant (Figure 4). As the neighborhood
size increases, the system moves from the containment regime
in a localized network to the mitigation regime (Figure 4a).
There are two competing effects on the fraction of mitigators.

First, because each non-mitigator has more neighbors, more
individuals need to participate to maintain the protective ring
around it, and thus, if mitigation is favorable, more individ-
uals choose mitigation. Second, as the neighborhood size
increases, the neighbors of non-mitigators are less incen-
tivized to adopt mitigation on account of the diminishing
direct impact to them individually. If this incentive is suf-
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ficiently weakened, the natural agent can leak through the
imperfect rings of protection, stimulating a further round of
partial containment in the adjacent part of the network. This
yields the mitigation regime, where there is some control and
a high prevalence of mitigators. If mitigation is sufficiently
unattractive, the non-control regime is obtained instead, where
the natural agent spreads widely and there are few mitigators;
this does not occur over the range of 𝑄 in Figure 4a, but it
does occur when mitigation is less attractive, such as at lower
values of 𝑅, 𝑐𝐼 , 𝛽 or 𝐷 (Supplementary Figure 2). When the
personal efficacy (𝜀) is very high, containment is possible on
account of the intervention being attractive to individuals, and
effective as a means to prevent natural agent spread (Figure
4b). However, for lower values of 𝜀 representing an imperfect
intervention, the natural agent is able to percolate through
imperfect rings of mitigator neighbors. As a result, both
mitigation behavior and natural agent prevalence are higher

[48]. However, when 𝜀 is very small, mitigation becomes too
unattractive to justify the cost, and the population abandons
it altogether. Finally, at high values of the decay rate, it is
relatively easy to contain the natural agent, but at lower values
of the decay rate, the natural agent persists for long periods
of time and this makes it difficult to contain, necessitating
more widespread mitigation (Figure 4c). Transitions in the
timescale parameter 𝛿 result in a more gradual switch between
the systems. In the case of climate change, these regimes
correspond to the expected initial failure to take up climate
change mitigation on account of low 𝜀, followed by partial
adoption of mitigation as the impacts grow over time (Figure
4b, 𝜀 ≈ 0.05). If the decay rate 𝛿 is small, eventually there
are enough greenhouse gases to force more of the population
to choose mitigation, although by this time the natural agent
and its impacts are already widespread (Figure 4c, 𝛿 ≈ 0.01).

a)

b)

c)

Figure 4: Effect of varying the three primary scaling parameters on dynamical regime, for (a) neighborhood size 𝑄, (b) personal
efficacy 𝜀, and (c) decay rate 𝛿. In each panel only the indicated parameter is varied, and all other parameters are held constant at
𝑄 = 5, 𝜀 = 0.95, 𝛿 = 0.2, 𝑅 = 5, 𝐷 = 5, 𝜎 = 1, 𝑐𝐼 = 1000, 𝛽 = 0.2, 𝑝𝑔𝑒𝑛 = 0.02 and 𝑁 = 300, with 𝑐𝑀 = 450 in panel (a) and
𝑐𝑀 = 50 in panels (b) and (c). As 𝑄 increases, the regime changes from containment to mitigation (a); as 𝜀 increases, it changes
from non-control to mitigation to containment (b); and as 𝛿 increases, it changes from mitigation to containment (c). The step
structure of subpanel (a) arises because the network generator in the NetworkX package gives a mean degree of 2⌊𝑄/2⌋, so that
an odd value of 𝑄 produces the same network as 𝑄 − 1 (see Supplementary Appendix). Agent denotes the percentage of nodes at
which the natural agent is present. Each point on a curve is one simulation; curves show the mean over the final 70% of time
steps, and shaded regions denote one standard deviation over the same window.

Bauch et al. – 8 – Systems Ecology. 2026;1:005



As a sensitivity analysis, we repeated these sweeps of 𝜀, 𝑄
and 𝛿 at four values of each of the parameters 𝑅, 𝑐𝐼 , 𝛽 and
𝐷, using 50 independent runs for each point, each with its
own network realization and initial conditions, so that the
results are not artifacts of a particular stochastic realization
(Supplementary Figures 1–3). Varying 𝜀 produces all three
regimes in most cases, in the order non-control, mitigation and
containment as 𝜀 increases. Varying 𝛿 produces mitigation at
low 𝛿 and containment at high 𝛿 in half of the cases, while in
cases where mitigation is less attractive the system ends in
non-control at high 𝛿 or remains in non-control throughout;
with a low rate of spread (𝑅 = 1), the system passes from
mitigation through non-control to containment as 𝛿 increases.
Varying 𝑄 usually produces containment at small 𝑄, followed
by mitigation at larger 𝑄 when mitigation is attractive or by
non-control when it is not, such as at low values of 𝑅, 𝑐𝐼 , 𝛽
or 𝐷; at 𝑅 = 2, the system passes from containment through
non-control to mitigation as 𝑄 increases. We also repeated
these sweeps on random regular networks (Supplementary
Figures 4–6) and scale-free networks (Supplementary Figures
7–9), and obtained qualitatively similar results.

For the climate-like system, the neighborhood size and
the personal efficacy both follow from the population size
(𝑄 ≈ 𝑁 − 1 and 𝜀 ≈ 1/𝑁), and so they move together when
𝑁 is large. However, they are conceptually independent: 𝑄
describes how localized the spread of the natural agent is,
whereas 𝜀 describes how well mitigation protects the mitigator.
To separate their effects, we varied 𝑄 and 𝜀 jointly, holding
the other parameters at the values used in Figure 4a (Sup-
plementary Figure 10). The containment regime occupies
a small region of this plane at small 𝑄 and high 𝜀, which
corresponds to the COVID-like system. The non-control
regime occupies the whole region of low 𝜀, at all values of
𝑄, and this region includes the climate-like corner of large
𝑄 and low 𝜀. The boundary between the mitigation and
non-control regimes lies at 𝜀 ≈ 0.45 and does not depend on
𝑄, because below 𝜀 = 𝑐𝑀/(𝛽𝑐𝐼𝐷 (1 − 𝑒−𝑅)) ≈ 0.45 mitiga-
tion does not pay even for an individual whose neighbors all
carry the natural agent (Equation 7). The rest of the plane,
including small 𝑄 with intermediate 𝜀 and large 𝑄 with high
𝜀, is in the mitigation regime and corresponds to neither
motivating system. At these parameter values, therefore, low
personal efficacy is sufficient by itself to prevent mitigation,
whereas containment additionally requires a small neighbor-
hood size. This qualifies the role of spatial localization in
our framework: at these parameter values, spatial localization
determines whether the natural agent can be contained, but
personal efficacy determines whether it can be mitigated at
all, so the contrast between the COVID-like and climate-like
systems reflects both scales acting together rather than spatial
localization alone.

Finally, we also tested the sweeps in Figure 4 for robustness
to the initial fractions of mitigators and of nodes carrying the
natural agent, to the population size 𝑁 , and to the rewiring
probability of the small-world network, which controls its
clustering (Supplementary Figures 11–13). We found that
these factors did not qualitatively change the results, either.
We note that Figures 2–4 each show a single simulation per
point, averaged over the final 70% of time steps. Our sensitiv-

ity analyses, which use 50 independent realizations per point,
give the same regimes as Figure 4, and the system appears
to be ergodic, so these time averages are representative of
averages over independent realizations.

Discussion
The effects of spatial and temporal scales on ecological sys-
tems has long been a topic of study [34]. However, the impact
of these scales on public goods problems is less studied [49–
52] and comparative analysis of specific system types is rare.
Here we proposed an explanation for the widely differing
reaction to the emergencies of COVID-19 and climate change,
in terms of not only spatial localization and temporal scale,
but also personal efficacy, which quantifies the direct benefit
of a behavior to the individual adopting it. The concept
of personal efficacy emerges naturally once public goods
problems are moved into a human-environment framework,
where we are forced to consider how actions affect a natural
system, which in turn affects the human population again, in
a two-way feedback loop [53–57].

Personal efficacy and benefit asymmetry are related but
distinct concepts. Personal efficacy 𝜀 measures how much
mitigation reduces the mitigator’s own risk of acquiring the
natural agent and being impacted (Equations 3–6). Benefit
asymmetry concerns how the benefits of an individual’s action
are distributed between that individual and others. In our
model, the benefit to others depends not only on 𝜀 but also on
how much natural agent a mitigator prevents from being gen-
erated and passed on, and thus on 𝑝𝑔𝑒𝑛, 𝑅, 𝛿 and the network
structure. The same value of 𝜀 could therefore correspond to
different degrees of benefit asymmetry under different system
conditions. For this reason we treat 𝜀 strictly as personal
efficacy, and we regard it as only a partial proxy for benefit
asymmetry. The distinction parallels the economics of impure
public goods, in which a single action jointly produces private
and public benefits [58, 59], and the divergence between
individual self interest and the population social optimum in
vaccination [60].

A further distinction can be drawn between benefit asym-
metry and what might be called a control scale: the extent
to which one individual’s action can measurably influence
the collective state. Benefit asymmetry asks who receives the
benefits of an action, whereas the control scale asks whether
the action makes a detectable difference at all. In a localized
network, a single individual accounts for a substantial share
of each neighbor’s local risk, whereas in a fully connected
network of size 𝑁 their share is of order 1/𝑁 . Individually
negligible contributions are central to the literature on rational
participation in collective action. A member of a large group
can withhold a contribution without noticeably reducing the
supply of a public good [61], and the probability that a single
vote decides a national election is incrementally tiny [62]. In
experimental social dilemmas, perceived efficacy and cooper-
ation are higher in small groups than in large ones, even when
members’ objective influence is the same [63], and philoso-
phers have debated whether an individual’s contribution to a
collective harm, such as their emissions, makes any difference
[64, 65]. Experiments on collective-risk social dilemmas also
show that groups are more likely to avert simulated dangerous
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climate change when the risk of loss is high [66]. Our model
does not include a separate control scale, because individuals
respond only to their own local risk and do not estimate their
influence on the population as a whole. Adding one would be
a natural extension of our framework.

Our modelling framework is closely tied to questions of
altruism and cooperation in human populations. The study of
why humans cooperate and how cooperation can be sustained
is a question of enduring scholarly interest [67–69]. We think
that both system scale and natural system feedbacks are indis-
pensable to the study of human cooperation. With respect to
the role of scale, it has been previously noted how humans
continue to cooperate in large populations even in one-shot
interactions [68, 70], and despite the fact that our coopera-
tive tendencies evolved in small hunter-gatherer groups [51].
Whether human cooperation can be sustained in a globalized
society–and for how long–is an existential question that can
be answered by explicitly addressing the role of scale. With
respect to the role of resource dynamics and natural system
feedbacks, we note that most of the theory of cooperation has
been developed for fixed payoff matrices where the decisions
of players do not impact the payoff they receive [71]. This
is a good first approximation. However, most of the things
that humans compete for in the real world are of limited
availability and can be depleted, which is why they are a
source of competition in the first place. Thus, we argue that
studying cooperation in coupled human-environment systems
[54, 55], and especially the role of scale in these systems [72,
73], is not merely a special case of non-cooperative game
theory [74], but rather should be its starting point and primary
framework.

Our framework necessarily makes simplifying assumptions
that could affect its predictions. For instance, we assume that
individuals have perfect knowledge of their impact risk, and
that decisions are based solely on parameters such as utilities,
mitigation costs and cost of impact. We also intentionally
modelled the natural system dynamics in similar ways for
COVID-19 and climate change, aside from differences in the
parameter values used.

Some of our conclusions depend on this common dynam-
ical structure more than others. The finding that uptake of
mitigation is governed by the balance between its cost and
the reduction in personal risk (Equations 1–4) follows from
the utility function, and does not depend on whether the
natural agent is a pathogen or atmospheric carbon. However,
containment depends on a natural agent that spreads between
discrete nodes and can be blocked by rings of mitigators. This
is a natural description of person-to-person transmission, but
only an idealized description of atmospheric carbon, which is
well mixed and for which warming depends on cumulative
emissions [75], whereas the binary agent status of a node
cannot accumulate. We therefore regard the contrast between
the two systems as qualitative: it shows how 𝑄, 𝛿 and 𝜀 shape
the regimes of a common model, rather than predicting cost
thresholds for either real system.

We have referred to the changes between regimes simply as
transitions, and to the cycles in Figure 3 as oscillatory dynam-
ics, because abrupt changes do not by themselves establish a
tipping point, and oscillations do not by themselves establish

a stable limit cycle, for example. The network modelling liter-
ature suggests several phenomena that these transitions might
represent. Threshold decision rules on random networks can
generate global cascades, with a continuous transition at one
boundary of the region where cascades occur and a discontin-
uous transition at the other [76]. Adaptive feedback between
node states and network structure can produce oscillations,
hysteresis and first-order transitions [77], and on scale-free
networks the epidemic threshold can be absent altogether [78].
The threshold-like decision rule in our model and the discrete
values taken by local risk are compatible with a cascade
mechanism, but identifying which phenomenon operates here
would require further evidence, such as tests for hysteresis
and alternative attractors or a bifurcation analysis.

The framework provides a high-level ‘zoomed-out’ perspec-
tive intended to generate insights about how the three scales
of the environmental system–the decay rate of the natural
agent (𝛿), the personal efficacy of the intervention (𝜀), and the
neighbourhood size through which the effects of the natural
agent are felt (𝑄)–affect human-environment dynamics. This
contrasts with the more common approach–from the human
side of the human-environment system–that explores the role
of factors relating to psychology, altruism, social effects in-
cluding social learning and norms, institutional arrangements,
political authority, governance capacity, and communication
dynamics. We did not include these in order to focus on a
simple baseline model of the impact of environmental scales
on decision-making. Some of these human-side factors find
echoes in our framework, while others fall explicitly outside
of the framework and would require adapting it.

For example, in a heterogeneous population, different indi-
viduals or groups may have different levels of benefit asym-
metry. In the case of climate change, those who contribute the
most greenhouse gas emissions are typically not the ones who
will benefit the most from climate change mitigation. Thus,
even within the same population, greenhouse gas (GHG) emit-
ters would have an even lower value for their personal efficacy
than those who are vulnerable to climate change. Unless
altruism is present, this situation will suppress mitigation
[79]. This contrast and its cause of climate inaction has been
highlighted in the environmental psychology literature on
climate justice [80, 81]. This effect is also present in the case
of pandemics but is less strong. Masking provides significant
benefits to self, which imposes a clear nonzero minimum for
personal efficacy. Moreover, because infection is transmitted
from person-to-person, a connected subpopulation (e.g. an
urban neighbourhood) with a higher prevalence of vulnerable
individuals can generate benefits for itself by masking and
thus reducing local transmission of the pathogen. Hence, the
benefit asymmetry is more consistent across subpopulations
in the case of pandemics. In the language of our framework,
because the personal efficacy of mitigation measures are
higher for infectious diseases, their adoption is less reliant
on altruistic motivations than for climate change mitigation
and thus should be less subject to such barriers [82, 83].
Our framework could be expanded to consider the impact of
population heterogeneity in vulnerability.

Future work could further expand on benefit asymme-
try. Here, we simply equated personal efficacy with clinical
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efficacy and changed the interpretation of the parameter. How-
ever, perhaps the (clinical) efficacy of an intervention could be
re-framed in the context of whether the intervention’s uptake
relies upon altruistic motives, versus simply relying upon
directly personal benefit to the mitigator. Accordingly, fu-
ture epidemiological studies could estimate not only clinical
(personal) efficacy of an intervention, but also the ‘social
efficacy’–how well an intervention protects others, especially
for transmissible conditions like infectious diseases or obesity
[84]. Modelling studies could study how decision-making
is affected by both types of efficacy according to their ben-
efit asymmetry. This could allow using the framework to
understand when and how other-regarding preferences can
be a motivator for mitigation, such as when considering the
multi-generational impacts of climate change [50, 85], or the
desire to protect immediate family and vulnerable members
of the community through contact precautions, during the
COVID-19 pandemic [86].

Our temporal scale parameter 𝛿 concerns the rate of decay
of the natural agent and we find that a slow temporal timescale
can result in inadequate control efforts (Figure 4c). On the hu-
man side, social and psychological factors generate temporal
discounting of future outcomes, which has a similarly delete-
rious impact on health and sustainability outcomes. Acting
today for the benefit of future generations can be difficult. We
do not assume that individuals look forward in time in our
framework, but the framework could be extended to add a
fourth scale for temporal discounting. In the same way, our
framework focussed on the effect of spatial localization in
environmental processes on human-environment dynamics,
but the spatial and social scales of human systems are also
relevant [87]). If individuals differ along axes of both time
and social distance (more socially distinct from oneself [88]),
it can be exponentially more challenging to motivate action
[89–91]. In ethics and psychology, it has been recognized
how many social challenges require acting over large social
scales by requiring people to give resources to others who are
socially distant, dissimilar, or difficult to see as part of the
self [92, 93] and this can prevent altruistic actions [88, 91,
94–97]. In the same vein, game theoretical models on ‘vis-
cosity’ have identified the role of spatial locality in promoting
altruism and cooperation (through providing benefits to likely
kin) [98]. Our framework could be extended through a fifth
scale for social distance, which would also benefit from the
extensive literature on complex network structure [99, 100]
and especially the role of social processes on networks [101].

Our framework is a model of individuals and ignores gov-
ernments and institutions. The importance of interactions
between governmental and environmental scales it clear. For
example, the lack of institutional arrangements and political
authority that can effectively enforce climate change mitiga-
tion stems partly from the fact that human political authority
is stronger at national and sub-national levels, which are suit-
able for controlling a locally transmitting infectious disease,
but not a globally dispersed greenhouse gas. The concept
of scale, and interactions across scales, has previously been
studied in the context of environmental governance [102,
103]. Still, until relatively recently, it has been argued that
scale-related issues are often overlooked, despite being key

in addressing climate adaptation [104]. However, this organi-
zational complexity of human systems has been identified as
being crucial for public goods problems (and common pool
resource problems, which are a related class of problems)
[105]. For instance, better resource management happens
under combined community and governmental efforts [106,
107]. In addition to sustainability, common pool resource
management focuses on multiple factors, such as government
and community interactions along with cultural, economic,
and ecological factors, by looking at the interaction between
human and environmental systems [108, 109]. In a similar
vein, the NIMBY effect (Not In My Back Yard) exemplifies
a conflict between global benefits and local costs similar
(though not identical) to that of climate change, that could be
studied with our framework.

Our framework identified the cost of mitigation as one
of the main determinants of mitigating behavior, for both
COVID-like and climate-like systems. However, the popula-
tion may adopt control measures at a higher cost for COVID-
like systems than for climate-like systems. This reflects how
individuals during the first wave of COVID-19 were willing
to adopt not only contact precautions like handwashing, mask
wearing and social distancing, but also more costly measures
such as school and workplace closures. In contrast, control
or even mitigation against climate change requires a very low
cost to control or mitigate, on account of the large neigh-
borhood size, slow decay rate, and low personal efficacy. If
this low cost can be achieved, then the switch to mitigation
behavior is quick. This switch might be accelerated by a
change from net costs for renewable energy to net savings
relative to carbon-based energy sources, for example [110].

This framework also suggests possible strategies to acceler-
ate the uptake of climate change mitigation. For instance, the
framework suggests that framing a problem as local instead
of global (smaller 𝑄) could help support uptake. For climate
change, this could occur through emphasizing co-benefits of
reduced greenhouse gas emissions, such as air pollution reduc-
tion [111]. Approaching climate change as a local problem
can also leverage faster behavioral change by considering the
local and shorter-term impacts (high 𝛿) of extreme weather
events like heatwaves, floods, and droughts.

In conclusion, comparing public goods problems with
very different spatial localization, temporal scales, and per-
sonal efficacy may not only explain differences in population
behavior, but also suggest ways in which more sustainable
behaviors could be encouraged. If pandemics and climate
change exemplify coupled human-environment systems, then
a fuller understanding must consider the role of not just social
but also environmental scales and processes in population
decision-making. Our work contributes to bridging the gap
between social science approaches to scales and mathematical
modelling of scale effects in human-environment systems.
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