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Understanding the causes and consequences of, and devising countermeasures to, global warming is a profoundly complex problem. Even
when researchers narrow down the focus to a publishable investigation, their analysis often contains enough interacting components to re-
quire a network visualization. Networks are thus both necessary and natural elements of climate science. Furthermore, networks form a mathe-
matical foundation for a multitude of computational and analytical techniques. We are only beginning to see the benefits of this connection
between the sciences of climate change and networks. In this review, we cover use-cases of networks in the climate-change literature—what
they represent, how they are analyzed, and what insights they bring. We also discuss network data, tools, and problems yet to be explored.

Introduction

Stating the obvious, studying climate change is challenging
because it is so complicated. Not only are climatological
factors coupled into a complex causal web, but humanity’s
response to this challenge also depends on a multitude of
entangled processes [23, 26, 69, 84]. Looking closer at any
component of this network of causes and consequences,
there are yet more networks: The photochemical reaction
network of the atmosphere determines the concentration
of greenhouse gasses [21]. The in- and outflows to this
system are affected by the bio-, geo-, and technospheres’
chemical networks [56]. The human contribution of green-
house gases depends on the opinion dynamics of climate
action propagating over a web of people [29, 35], and the
global economy, which is, of course, a network [86]. (See
Fig.1)

From the above observations, it is fair to call the sci-
ence of climate change a network science. However, it is
not the only such: From power grids to the neural system;
from the narrative structure of novels to subway systems;
from friendship contacts to money-flows in banks; all
these systems can be understood as networks [67]. The
function of these systems is, to some extent, determined
by the way they are connected [67]. Thus, a first step to un-
derstanding them is representing them as graphs—mathe-
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Fig. 1. Overview of topics related to climate changed that have been
studied by networks. Most topics in the science of climate change are
causally coupled. Still, in the discourse, some have more the flavor of causes,
some are more consequences.

matical objects consisting of nodes pairwise connected by
edges. To extract meaningful information about a system
from a graph is a rapidly developing, interdisciplinary field
[3, 6, 67]. Once you can extract a network representing a
complex system, you can choose from an abundance of
methods to analyze it. In this review, we will survey appli-
cations of network theory to the science of climate change
and discuss the future of integrating network modeling
into climate research.

On the one hand, as we will argue, network theoreti-
cal methods have entered the study of climate change late
and are yet to be employed to their full potential. On the
other hand, today’s network science carries the legacy of
1970’s systems theory [69], which is also an antecedent of
much of today’s climate modeling [32]. The similarities are
easy to see, starting from the emphasis on an integrative,
holistic view. The main difference is perhaps that network
theory stresses how things are connected. In Fig. 24, we
show a diagram of the components and interdependencies
of a state-of-art climate model (adapted from Ref. [53]). In
Fig. 2B, we plot the same diagram by a force-directed algo-
rithm [52] to highlight its network structure. This network
will be a standing example of our paper.

In the remainder of this review, we start with an ex-
pose of the tools and techniques of networks science and
the questions they are designed to answer that pertain to
climate change. Then we will review how these tools have
been used in the science of climate change, organized by
topics roughly sorted from causal to consequential (even if
we recognize that is not strictly meaningful, ¢f. Fig. 1). We
aim to cover all issues directly related to the causes and
consequences of climate change. The area just outside of
our scope includes network science of sustainability [82].

Topics and tools of network science

The language of networks can describe the large-scale
structure of vastly different systems throughout the natu-
ral, social, and formal sciences. With a network represen-
tation of a system of interest at hand, there is a multitude
of analysis methods available [3, 6, 67]. This section will
overview these methods, organized around four typical
questions network science can help to answer.
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Identifying important nodes and edges

Once we have represented a system as a network, one ap-
proach is to zoom into individual nodes and edges and in-
vestigate their function. Often one would seek a ranking
of the nodes or edges in order of importance. These would
then be a priority list of what nodes to protect (in, e.g., an
ecological network [1]) or influence (in, e.g., a network of
stakeholders in greenhouse-gas-emitting industries [10, 61,
82]).

The meaning of importance ultimately depends on
several factors: what the network represents, what dy-
namics are coupled by the network, how one would like
to influence the system, and what kind of interventions
are at hand. However, even though there are innumerable
answers to these questions, the measures typically fall into
a few different categories: centrality, vitality, and control-
lability measures.

As the name suggests, centrality measures regard the
network as a geometric object and use distances and imag-
inary flows to rank the nodes. One prominent example
is PageRank—the approach to ranking webpages that be-
came the starting point for Google [72]. Assume a walker
jumps from node to node across the network. With a prob-
ability a (traditionally a—the “attenuation factor”—is set
to 0.85), the walker follows a random link out from the
node where it is. Otherwise, the walker goes to any node
of the network at random. The PageRank of node i is then
proportional to how often the walker visits i. PageRank
has been applied to directed networks far beyond web pag-
es, such as identifying keystone species in foodwebs [1].
Fig. 3A shows the PageRank values of the network in Fig. 2.

Another common approach to centralities is to look
at the shortest paths between pairs of nodes in the net-
work. The betweenness centrality of node i is essentially
the count of shortest paths between all pairs of nodes that
pass through i. Several works related to climate change
have used this measure to rank nodes [27, 28, 35, 55, 76].

To illustrate the kind of reasoning that goes into the
development of new centrality measures, let us modify

betweenness to suit better the purpose of climate models
such as the one shown in Fig. 2. Such models have always
emphasized cycles [32]—closed paths, rather than shortest
paths between distinct node pairs. So, rather than count-
ing the latter, we can consider all the simple cycles of the
graph—cycles where a node appears at most once. Fig. 3B
shows the counts of simplest cycles passing through the
nodes and edges of our climate-model dependency graph.

Both PageRank and our cycle betweenness rank node 20
(fossil fuel use) highest, but some other nodes are ranked
remarkably differently. Node 15 (fossil fuel reserves) has a
high PageRank but low cycle betweenness, whereas the sit-
uation is reversed for node 16 (mitigation and adaptation).
This shows that one needs to be careful when choosing
a centrality measure that is readily interpretable in one’s
investigation. Better still would be to evaluate centrali-
ties before picking one—i.e., to pick the measure with the
highest predictive or explanatory power regarding some
observed or simulated outcome.

Mesoscopic structures (modules, motifs, clusters, or
communities)

If we zoom out from the node- and edge-centric perspec-
tive of importance measures, we come to mesoscopic
structures. At this scale, network methods typically con-
cern finding subgraphs that could represent functionally
or conceptually clear subsystems.

Methods to discover network motifs are a common me-
soscopic analysis tool (see Refs. [51, 55, 62] for applications
to climate change). Motifs are statistically overrepresented
subgraphs compared to the average of a null model [2]. Typ-
ically one interprets motifs analogously to components of
electronic circuitry. For example, the three-node subgraph
of nodes 1 and 2 pointing to 3 and 2 pointing to 3 could
function as a logical AND-gate [65]. To keep the calculation
fast and the result interpretable, motif analysis is often re-
stricted to subgraphs of just a few nodes.

A crucial step when identifying motifs is to choose a
relevant null model. To make the motifs meaningful, it
should sample all graphs with the same basic constraints
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Fig. 3. Some applications of network-science methods to the network in Fig. 2. Panel A shows the PageRank values of the nodes by color. Panel B shows
counts of simple cycles by size for both nodes and edges. Panel ¢ illustrates a motif analysis. We show all isomorphically distinct three-node subgraphs and
their Z-score with respect to a degree-preserving null model. A large Z-score means that the subgraph is overrepresented in the original graph. Panel D uses the
community detection algorithm InfoMap [78] to split the network into well-defined clusters. The code and data is available at github.com/pholme/ncc/.

as the original graph. The most common null model are
graphs with the same number of nodes and edges and the
same degree profile (i.e.,, the same number of nodes with
in-degree k, and out-degree k) as in the original graph.
Since our example graph represents a circulation model
constructed to be strongly connected (there is a path from
every node to every other node), we add the constraint
of strong connectivity to our null model. We display the
result for three-node subgraphs in Fig. 3¢. The most over-
represented subgraph consists of two mutually dependent
nodes that both influence a third node. Even though there
is only one such subgraph—16 (mitigation and adaptation)
and 17 (climate impacts) influence each other while both
pointing at 18 (GDP)—such a configuration is so rare in
the null model that the motif is highly unlikely to appear
by chance. Straight feedforward paths like 3 (atmospheric
CO, concentrations) pointing to 4 (instantaneous radiative
forcing) pointing to 5 (effective radiative forcing) are so
common in the null model that it comes out as an anti-mo-
tif (a subgraph suppressed by the network-forming forces).
Presumably, this could be because the middle node could
be merged with either of the end nodes when building a
climate model.

Another mesoscopic methodology in network science
is to detect communities [73, 74, 87]—loosely defined as
subgraphs with an intricate inner circuitry and relatively
few in- and output terminals. There is a vast number of
methods for this purpose. The probably most common
one, the Louvain method [12], heuristically optimizes the
Newman-Girvan modularity [68]—a measure of partitions
of graphs that increase if many links are within the parti-
tions rather than between them. In Fig. 3D, we show the
result of another approach, InfoMap [78], building on an
information-theoretic idea that algorithms could use rele-
vant communities to compress the description of random

walks on the network. From the network structure alone,
this method recreates the anthropogenic component of
the original graph as one community (IV), whereas it splits
the rest of the network into three communities.

Mechanisms driving the network evolution

Real-world networks are rarely completely random. In-
stead, they have regularities, network structure, that can
tell us something about the system’s evolution. We have
already mentioned one such observation and explana-
tion— that the suppression of feed-forward chains in our
example network might come from typical considerations
of model building.

A common approach is to look at quantities at a net-
work-wide level—thus completing our zooming out from
node-centric analysis via mesoscopic structures to global
properties. The most common such inquiry is the study
of the probability distribution of degree [55, 87, 88, 93, 98,
99]. Such are often is heavy-tailed in empirical networks
[46], and there are several mechanisms proposed generat-
ing such structures. Fat-tailed degree distributions are only
one example of an interesting global network measures;
see Refs. [3, 6, 67] for more examples.

Finally, we note there are methods of going straight
to inferring the growth mechanisms of networks without
trying to reproduce a known network structure [71]. Such
methods are yet unused in the climate change literature.

How network structure affects the system dynamics

Another common research question in network science is
to relate the structure of a network to some dynamics oc-
curring on the network (like opinion dynamics—to take
an example from the climate change literature [51]). Social
networks typically have an overabundance of triangles [54]
which tend to slow down the spreading of opinions or in-
formation than spearing on a random network of a similar



]

size. Assume A spreads climate-denial sentiments to B and
C. Then, if B was connected to another node, D, the spread-
ing would have been more efficient since D would not nec-
essarily have the same opinion as B.

Finding a method that suits your project

How network methods enter a research project depends
both on the available data and research questions. Often
one is faced with a choice between using simpler or more
complex network representations. Suppose one decides to
include information about directionality, weights of nodes
or edges, how these vary in time, etc. Then the predictive
and explanatory power should, in principle, increase, but
the number of available methods that can handle the com-
plexity of the data would be much fewer. Often, however,
it is reasonably straightforward to extend a concept to suit
your needs—like our cycle betweenness (Fig. 3B) or the
specialized null-model when calculating motifs (Fig. 3¢).
Finally, network methods do not exclude other approach-
es)—regression analysis, differential-equation modeling,
machine learning, etc. One would often use network meth-
ods to complement, or as a complement to, other methods.

Causes: flows of matter, energy, and opinions

A simple explanation of the causes of global warming
does not need more than a sentence—gases injected by
humans into the atmosphere shield the thermal radiation
into space, raising the Earth’s mean temperature. However,
going just one level deeper, we are hit by a wall of com-
plexity, as alluded to above. In this section, we will take a
network view of these explanations.

Global circulation models

We start our discussion of concrete networks with large-
scale climate models that inform the Intergovernmen-
tal Panel on Climate Change (IPCC) and decision-makers
worldwide. These are primarily simulation models made
with prediction and scenario testing in mind. They are
built around a dynamic simulation of fluid motion across
a physical model of the Earth [32]. This fluid simulation
is coupled with other physical feedback mechanisms and
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sometimes social components (Fig. 2). These couplings are
causal—changing a variable in one end of a link can change
the state of the node at the other end. The causation could
happen through meteorological flows (of matter, energy, or
some other thermodynamic entity), economic couplings,
or political influence.

Some design principle of general circulation models
are:

- Increasing accuracy by adding missing components and
increasing spatial and temporal resolution.
- Increasing computational performance and eliminating
computational bottlenecks [102].
- Increasing extensibility and facilitating validation by
standardizing the components of the models.
Simplifying these models has never been an explicit ob-
jective, meaning that they have, after over 60 years in the
making, reached a degree of complexity beyond what a
single research group or even a single organization could
handle [55]. This also means that they represent, relatively
completely, our mechanistic understanding of climate pro-
cesses. Furthermore, since these models are meticulously
validated [36], they constitute proofs of concept that few
other theories, in all of science, can match [48].

Critics may say that general circulation models are so
complicated that they no longer represent a scientific ex-
planation [23]. Understanding the models (and thus cli-
mate) calls for a network analysis, which closes the loop to
the systems diagrams of yesteryear [69].

Chemical reaction systems

The primary cycles of atmospheric greenhouse gasses are
part of much larger chemical reaction systems [21]. To un-
derstand the organization of these larger systems, one can
use network approaches [87, 88].

Fig. 4 shows a chemical reaction network of the Earth’s
atmosphere. Note that this network is integrated with the
chemical processes of the oceans and land. When it comes
to CO, capture, these other global chemistries could aid
the biosphere [56]. It would be interesting to construct a
database with all reactions outside the biosphere on our
planet. Nevertheless, network methods add many analysis

Fig. 4. Network structure

of Earth's atmospheric
reaction system. Panel A
shows a minimal reaction
system comprising of two
reactions. Panel B illustrates a
A lepresentation with two types
of reaction nodes (photo-
chemical and non-photo-
chemical). Panel ¢ shows the
most common projection to

a simple graph (a substrate-
product projection [47]). Pan-
el D displays a higher-order
network representation [8]
where the molecular species
involved in one reaction form
a hyperedge. Panel £ shows
the atmospheric reaction
network of Earth (data from
Ref. [88]) in a representation
similar to panel B.

A Without specified products

Molecular species



Fig. 5. Teleconnections in the Earth's climate. The figure is adapted from
Figs. 1and 7 of Ref. [45], and slightly simplified. Panels A and B show regions
where the ground temperatures are highly correlated. The dots marking

the most representative grid point. Panels ¢ and D show Granger causality
links between these regions. Le., an arrow from region i to j means that the
temperatures at i are correlated to those at j if they are shifted forward in
time. We omit regions without arrows.

tools. They have been used successfully in biochemistry
[16] and proteomics [96], to finding drug targets [4].

There are several established ways of analyzing chem-
ical reaction systems. These can incorporate more chemi-
cal constraints than a pure network-science approach. For
instance, flux-mode analysis [70] is a technique assuming
both an underlying reaction network and additional re-
strictions from mass conservation, but not reaction kinet-
ics.

It is worth mentioning that chemical reactions lend
themselves well to higher-order network representations
[8]—one of the hottest topics at the moment in network
science. In such abstractions, more than two nodes can
interact at one time. For chemical reactions, we can, e.g.,
use this to encode the restriction that molecules of two
different species need to meet at a point in space and time
for a reaction to occur. These directions are, at the time of
writing, largely unexplored.

Climatic teleconnections

The presence of long-distance correlations in weather
patterns has been known since the 19th century [41]—the
emblematic example being the El Nifio Southern Oscilla-
tion (ENSO) that connects weather in the equatorial Pacific
Ocean. Rather than studying the full correlation patterns,
one can reduce them to a network [91]. A cell in such a
network typically represents a region of relatively cohesive
weather patterns. Different cells are linked if the condition
in one cell predicts the weather (technically authors use
pressure [98, 99], temperature [33, 42, 106], rainfall [14], or
sea currents [24]) in the other [98]. Since we can expect
the weather dependency patterns to change because of
global warming, understanding the dynamics of climate
networks could inform climate models and improve our
forecasting of climate change [34].
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Once we have established the links of such a climate
network, we can describe the dynamics of a climatic epi-
sode [43]. For example, Gozolchiani et al. characterized the
El Nifio phase of ENSO by the El Nifio basin [42], at the
onset, losing its influence on the rest of the networks. Af-
ter some months, the situation reverses, so a large part of
the weather network becomes influenced by the El Nifio
basin.

In Fig. 5, we show an example of a network of Granger
causality of weather patterns from Hlinka et al. [45]. Sev-
eral papers on this topic focused on how to derive mean-
ingful networks of weather dependencies [27, 28, 30, 31, 37,
45, 79, 80, 91], others showed that climate networks reflect
well-known features of synoptic scale meteorology [89,
101, 106], or that climate network can help in predicting
extreme events [13, 14, 63].

Fan et al. [33], took the weather dependency network
modeling one step further and considered a network of El
Nifio events, linked by their similarity. Steinhaeuser et al.
[92] also presented a relatively unusual climate network
study in that it builds on multilayer networks [11].

Managing common-pool resources

Some game-theoretic studies of the exploitation of natural
resources, and thus climate change, represented the un-
derlying social network structures by a network. Typically,
such studies assumed a common-pool resource [22, 93, 94]
for actors to manage.

Refs. [22, 93, 94] all proposed models of human action
coevolving with a network that were simple enough to be
treated analytically. Ref. [93, 94], emphasized the dynam-
ically complicated phase portrait of their set-up. The au-
thors also observed hysteresis and noticed that it got more
severe for networks with fat-tailed degree distributions
[22]. Ref. [75] took a machine learning approach to manag-
ing a common-pool resource within a network of actors.

Consequences: impact on nature and society

Now we turn to studies focusing primarily on the con-
sequences of climate change. Such consequences are, of
course, coupled back to the causative factors, and all cited
studies duly regard themselves as contributing to our un-
derstanding of a minor part of this grand cycle.

Impact on ecological network structure

Traditionally, ecologists have used networks to study spe-
cies interactions such as predation or mutualism (e.g. pol-
lination). Network representations of ecological systems
have helped assess the potential impacts of climate change
on community assembly and its stability [66], both in mod-
eled [81] and empirical mutualistic networks [7], as well as
foodwebs [39]. We can expect climate change to affect the
niche and geographical range of species distributions and,
with them, the strength of species relationships. Network
science has been useful to predict the probability of sec-
ondary extinctions given climate disturbance [7] or the
effect of warming in fitness depression in host-associated
microbiomes [44]. Climate change can cause a shift from
bottom-up to top-down regulation of herbivorous commu-
nities in Arctic foodwebs [57], which implies tracking the
change over time of link strength in ecological networks.
Furthermore, Gilman et al. [40] used a very detailed model
of ecosystem response to climate change and found that
ecosystems with more links were more robust to global
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warming. Schleuning et al. [85] studied pollination and
seed-dispersal networks with over 700 species. In a hybrid
approach—with climatic niche-breadth estimates coupled
to simulations—they concluded that ecological networks
are more sensitive to plant than to animal extinction un-
der climate change.

Tipping points in ecological networks

Networks have also been used to analyze tipping points
in ecological systems, their interactions with climate, and
potential cascading effects.

Ecosystems at large scales can also undergo pervasive
and abrupt changes if they transgress tipping points. We
can expect climate change to increase the rate of such crit-
ical transitions [15]. For example, the shift from rain forest
to savannas has been estimated from remote sensing data
to have a tipping point at around 1500 mm of precipita-
tion [100] or reduction of more than 40% of area. Climate
change projections for marine ecosystems predict unprec-
edented abrupt changes in global oceans [9]. The climate
system has at least 15 of these tipping elements identified
[59, 60], and the list readily grows to over 30 types of criti-
cal transitions if we include local and regional ecosystems
[76]. While climate-related processes (e.g., temperature
increase, changes in precipitation, or drought) are one of
the main causes of tipping behavior in ecosystems, it is
seldom the only one. A network study that exploited the
bipartite structure of drivers and regime shifts showed that
climate-related variables often interact with food produc-
tion (e.g., agriculture, fishing), changes in nutrients flow,
and urbanization [77].

Some systems with tipping points have connectivity
features where networks can enrich the analysis and shed
light on new perspectives. For example, shifts from rain-
forests to savannas are mediated by moisture recycling
feedbacks, i.e., rain transport dynamics from one place to
another. Networks have been used to make such connec-
tions explicit in space and time. For example to assess how
tipping in a region of the Amazon can affect the likelihood
of tipping in another area [55].

Tipping points have also been hypothesized to be in-
terconnected across different climate [60] and ecological
systems [49, 90]. The network literature already offers
some tools that might be adequate to address potentially
cascading tipping effects. For example, an increase in con-
nectivity and a decrease in modularity can amplify tipping
cascades [18, 19]. Ref. [55] showed that some network mo-
tifs can destabilize interconnected tipping elements, and
high clustering (many triangles) exacerbates the systemic
vulnerability to tipping. Feedforward loops can decrease
the coupling strength necessary to initiate cascades, a
finding applied in models of the Amazon rainforest [105]
and some climate tipping points [104]. Yet, these models
assume a small number of systems and a known coupling
mechanism. The analysis of high-order motifs on causal
networks, such as feedback cycles, has enabled the explo-
ration of alternative mechanisms that couple tipping ele-
ments [76].

We still lack empirical evidence of cascading tipping
points [83]. Combining network-based causal inference
methods with climate simulations or Earth system obser-
vations are likely fruitful avenues for future research.
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Impact on socio-ecological systems

Predicting anthropogenic responses is perhaps the most
challenging task of climate science. It is maybe not hope-
less—sometimes humans behave very predictably. And
mitigating climate change is maybe not hopeless either—
sometimes humans collectively solve their problems with
exceptional efficiency.

Models of human response to climate change are very
diverse, but many focus on feedback effects, from the cli-
mate to human behavior. For example, Peter et al. [73] stud-
ied how a warmer climate would affect biofuel production.
They construct a complex Bayesian model of South Afri-
can agriculture, including around a hundred variables (like
“soybean water use”) and their dependencies. Yletyinen et
al. [107] used a simulation of ecological decision-makers
to argue that oversimplifying social interactions be grave-
ly misleading about environmental outcomes. A yet more
complex simulation platform, including networked human
decision-makers and ecosystems alike, was presented by
Donges et al. [25]. We note that the authors call the model
simple, and given all components they seek to include, it
is a fair description. Still, compared to, e.g., the networked
game-theoretical models discussed above, it is not.

Several studies concern the impact of global warming
on the management of limited resources. Prager and Pfeif-
er [74] took a network approach to understand rainwater
management among Ethiopian smallholders and its resil-
ience to climate change. The authors constructed a multi-
layer network representation with separate nodes for peo-
ple and plots. Links in the plot-plot networks represented
water flow from one field to another. The social network of
smallholders reflected the fields in that downstream farm-
ers would depend on their upstream neighbors. Several
studies used similar social-network approaches to under-
stand the resilience of governance of shared resources, but
less directly related to climate change. For example, Jansen
et al. [50] used a network approach to analyzing irrigation
in Darwin, Australia, and Lubell, Robins, and Wang [62] em-
ployed exponential-random graph models to understand
water management in the Bay Area, California.

A vastly different type of social impact are population
displacements in response to global warming. Catteano
[20] pointed at the role of exiting social networks in the
demographic changes from people seeking environmental
refuge likely ahead of us—a paper without explicit network
analysis but hinting at the need for such. Researchers have
also studied the climate-change impacts of networked in-
frastructures like roads [38] and power grids [64]. However,
so far, without explicitly quantifying the implications in
terms of network structure.

Climate-change related opinion dynamics

Climate action is a consequence of opinion dynamics,
both in the networks of stakeholders and politicians and
among the general public. This type of social dynamics is
a reasonably mature topic in other contexts [58], but some
papers specifically address climate change.

Broadbent and Vaughter investigated how the IPCC
enters the information flow of policy networks in New
Zealand and Japan. Farrell [35] used official statements,
press releases, and news articles to study the organization
of studies climate denialists and other contrarians to cli-
mate action. It also employed topical modeling techniques
from natural language processing to conclude that top cor-
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porate actors are the drivers of this movement. Refs. [5],
103] studied the network of information sharing among
policy actors. Using motif analysis as discussed above, they
found evidence of echo chambers that effectively align
the information that reaches the actors. Brulle studied [17]
the network of money flow among organizations of the
climate change counter-movement. Refs. [51, 103] studied
the network of information sharing among policy actors.
Using network-motif analysis, they found evidence of echo
chambers that effectively align the information that reach-
es the actors. Barnes et al. [5] argued, with network data
from a multiethnic fishing conflict, that more communica-
tion could mitigate some environmental crises.

Discussion

For over a decade, climate scientists have employed net-
work methods—from governance studies via ecological
tipping points to the web of climatic teleconnections. To
network scientists from other backgrounds, this seems
obvious. The second of the Essential principles of climate
literacy by the U.S. Global Change Research Program states
that “climate is regulated by complex interactions among
components of the Earth system.” [97] This almost directly
portraying the Earth system as a complex network, so we
need complex network methods to understand it.

To a mainstream climate-change or Earth-system scien-
tist [84], network science will feel like the familiar stranger
you see on your commute every morning. All these fields
share a great deal of intellectual ancestry. All recognize the
failure of reductionist science to account for emergent
phenomena like global warming and the human response
to it. They also differ from machine-learning applications
in that they rely on mechanistic arguments more than
learning from examples. The latter is, of course, challeng-
ing when it comes to dealing with the current (and only
known) anthropogenic global warming. On the other hand,
we need data science too, as it is arguably a powerful tool
for several questions related to climate change [95].

To summarize, network science has found its way into
the toolbox of an increasing number of climate scientists.
We envision that network approaches eventually become
a network in itself, methodologically connecting different
areas of the science of climate change.
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