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Multilayer network science: theory, methods, and applications
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Multilaver network science has emerged as a central framework for analvsing interconnected and
interdependent complex svstems. Its relevance has grown substantially with the increasing avail-
ability of rich, hetercseneous data, which makes it possible to uncover and exploit the inberently
multilayered organisation of many real-world networks. [n this review, we summarise recent develop-
ments in the field. On the theoretical and methodaological front. we outline core concepts and survey
advances in community detection, dynamical processes, temporal networks, highor-ovder interac-
tions, and machine-learning-based approaches. On the application side, we discuss progress across
diverse domaing, including interdependent infrastructures, spreading dyvnamics, computational social
science, economic and lnancial systems, ecological and elimate networks, science-of-science stod-
ies, network medicine. and network neuroscience. We conclude with a forward-looking perspective,
emphasizing the need for standardised datasets and software, deeper integration of temporal and
higher-order structures, and a transition toward genuinely predictive models of complex systens.

L INTRODUCTION

During the last 25 vears, network science has estab-
lished itsell as a powerful and seamlessly integrated e
search discipline [1-12]. At varance with other, more
niched disciplines, it bas allowed us to enrich and to
synergize with other branches of science: from sociology
anid economics to biology, chemistry, and physics. This
has been possible because of the data revolution and in-
creased computational power that took place in the twi-
light of the 20th century. Nowadays, applications of net-
wiork science tools pervade all fields of seience bt maost

santodiiu edu

importantly, the discipline has changed the way we think
about interactivns in natoral and homan-made complex
svsbonns,

The momentum for the development of network sci-
emoe came with the discovery that seemingly diverse net-
worles bave universal properties that pervade many nat-
ural and artificial systems. Since 1908, ignited by the
works of Watts and Strogate and Barabasi and Albert
[13, 14]. swstems as diverse as electric power grids, food
chaing, brain networks, protein networks, transcriptional
networks, and social networks have been ecast into the
mathematical language of networks, We are now faumil-
tur with jargon that includes centrality, homogeneons and
heterogeneous svstems, communities, stractural and dy-
namie phase transitions, weak and strong links, ete.



Yet. as the beld matured, it became mereasingly clear
that most real systems cannot be faithiully represented
as Individual networks, Many natural, social, and tech-
nological systems are mstead composed of several types
of interactions, giving rise to multilaver or interdepen-
dent structures [15-21]. The conceptual roots of this
idea trace back to the sociological notion of mualtiples-
itv, where individuals were known to maintain several
tyvpes of social ties stmulbaneowsly within the same popu-
lation [22]. These early multi-relational studies aotie-
ipated many of the ideas later formalized in petwork
seienee.  Then, with the rise of large-seale digital data
around M, empirical analyses began to demonstrate
that distinct layers of interaction can exhibit marked]y
ditferent structural and dyvnamical patterns, underscor-
ing the need for explicit maltilayer representations [23].

A major turning point came with the study of -
terdependent. networks. where nodes in one laver de-
pend on nodes in another layer for funetionality [24, 25).
This frmmework revealed that conpling multiple networks
can fundamentally alter systemic behaviour, prodocing
abrmpt percolation transitions and cascading failores,
phenomena not observed in isolabed networks, Follow-
ing these foundational insights, the feld rapidly matured
from focusing primarily on caseades and robustness to
developing a comprehensive mathematical formalism and
exploning a wide array of dyvoamic processes. Researchers
wirked to create a unified language and a robust math-
ematical framework to deseribe the diverse architectures
of mmltilayer systems [15-17]. enabling the extenston of
classical concepts of network science to the multiayver
context, such as centrality measures, among others, This
theoretical consolidation sparked extensive research on
dynamics across layers, including diffusion, synchronisa-
tion, epidemic spreading, and evolutionary games, e
wvealing that interlayer coupling can either enhance or
inhibit dynamical processes depending on stroactural cor-
relations.

In the Eallowing vears. multilayer methodologies spreard
rapidly across disciplines. As we will discuss in the fol-
lowing sections, applications now span social, biological,
and techuological systems,  Paralle]l advances in com-
manity detection and mference have made it possible
to extract meaningful mescscale organisation from high-
dimensional, heterogencons data. More recent develop-
ments integrate temporal, categoreal, and hierarchical
aspects within multilayer frameworks and conpect them
to higher-order network representations such as hyper-
sraphs. Todayv, the multilaver paradigm stands as one
of the most powerful generalizations in network sclence,
bridsing theoretical, computational, and empirical ap-
proaches to the study of interconnected comples systems.

As such, multilaver network seience has become a ma-
ture field. In this paper, we provide a high-level overview
of progress o this area. We divide the content into two
broad parts. In the first, about theory and methods, after
a brief introduction of the main concepts, we will review
the mam technigues to detect communities in multilayver

networks, show how dypamice processes unfold on these
peculiar networks, sununarize progress in the analysis,
masdelling. and dynamics of temporal networks, explain
how higher-order structures can be used to stady moul-
tilaver networks and how the latter can be projected in
vector spaces via neural embeddings. The second part
presents the applications of maltilayer network seience to
diverse domains and topics. These include: interdepen-
dent systems, spreading provesses, computational social
seienee, economic and financial systems, infrastowtare
anid ecological networks, svience of sclence, climate sci-
ence, network medicine, and network neuroscience. At
the end, we highlight corrent challenges and promising
future research directions.

II. THEORY AND METHODS
A, Fundamental Concepts
i Definitions and Formalisms

A pebwork, or graph, is a mathematical structure used
to moddel pairwise relations between objects. It consists
of a set of noedes [or vertices) and a set of fnks (oo
edges) that connect pairs of nodes. These connections
are encoded o the adicency matrie A, where the ele-
ment iy = | il there 15 a link between nodes « and 5, and
iy, = 0 otherwise.

A mulfaloyer nefwork generalizes this concept Lo repre-
sent systems that integrate multiple subsystems or types
of connectivity., Formally, 11 is a set of networks, with
each network representing a loger of the system. The
lavers can represent different times, contexts, or types of
interaction. Importantly, there can be links within those
layers, representing snfraloyer connections. bul also links
connecting uodes aeross layers, interloyer connections.

A prominent example of a mualtilayver svstem is the
conpling of a power grid and the mternet, One laver
represents the power grid, with nodes as power stations
and substations, while links represent transmassion loes.
ilMustrating the distribution of electrical power.  AMean-

while, the other laver represents the internet. with nodes
as data centres, routing hube, and servers, linked by data
transmission pathevavs, This setup highlights the inter-
dependency between lavers:  the internet needs power
to function, while modern power grids vely on internet-
based commuinication for their operation. something that
van be encoded in the interlayer links, This moultilaver
petwork model 15 essential for studyving casceading Fail-
ures ancd the overall resilience of interconnected systems
(21, 24].

A mudtipler nefwork 15 a specific and widely used tvpe
of multilaver network where nodes represent the same
entity on every layer, and interlaver links only counect a
node Lo itself across different layvers. Each laver then rep-
resents a different type of relationship among the nodes.
Fowr imstance, a social network can be modelled as a mul-



tiplex network where lavers represent different platforms
or sovtal eontexts [15, 17].

To analvse multiplex networks, we need to seneralize
the adjacency matrix. Two primary formalisms are ased.
First, we have the tensor formalism, in which the separa-
tiom of lywers can be maintained explicithy,. A multiplex

network can then be represented by an adjecency tensor

M of order 4 with elements aef He TR, .’I.f""* :L']eri::n’r.:-;
the weight of the J.[Ill.-l.h-ﬂ-‘l.‘l!’ ]ka Ietween ]J:Hit:‘n 1 and
in laver o, while JU A with o # 3 represents the inter-
laver connections. dll'}uh 15 a more general and Hexible
representation, though it requires methods from tensor
algebra for analysis [26].

Secomd, we have the formalism based on the supra-
adjacercy matric, which represents the entire multilayer
systetn as a single, larger network. For a multiplex net-
work with N podes and L lavers. the supra-adjacency ma-
trix A s a ML x NL block matrix. The diagonal blocks
are the mdjacency matrices of each layer o, A”. repre-
senting intralaver connections, The off-diagonal blocks
encode the mnterlaver connections, which can be repre-
sented by the wentity matrix I in the of block if lever o
and 4 are connected, and 0 otheradse [15]. An exaumple
of supra-adjacency matrix of a multiplex networke is

AMYM 1 p .
I A% 1 ..
=] ¢ 1 AW .. (L)

This corresponds to a particular case i which only adja-
cent lavers are connected. The adwmntage of this second
formmlation 15 that it i= istoeitive and allows the direct
application of many single-layer network analysis tools
tor the larger supra-netwock,

Following thess representations, we can also deline
the corresponding Leplecian matrices. For a HiILHIE-'-]&‘r'l‘]'
graph. the Loapincion mafnr is defined as L = D - A,
where ID is the diagonal matrix of node degrees. Simi-
larly. the supra-Laplacian matric © can be constructed
frome the supra-adjacency matrix 4 [15, 27]. While the
supra-adjaceney matrix tells us which connections exast
and how they are organized. the supra-Laplacian goes a
step further; it captures how processes take place along
those connections. It extencds the analyvsis from merely
identifving the links to anderstanding how different el-
ements within the oetwork influence each other. This
transition from the statio strocture of conpections to the
dyvnatmic interplay of inHuences is pivotal for understand-
ing the overall bebaviour of multiplex networks, setting
the stage for a deeper exploration of the network’s prop-
erties through its elgenvalues [25].

2 Htructural Metrics

Onee s maltilayer network 15 defined. we need a toolkit
of metrics to guantify its strocture. "While many met-

rics are geperalizations fom the ones in single-layer net-
works [29], the most insightful ones are those that cap-
ture the unigue features arising from the moulti-laversd
structure (see Section TTA 4).

Starting with node-level metrics, the most basic mes-
sure of a node’s mmportance s s degree, &, defined as
the number of connections it has, In mltilaver networks,
a mimle 1 may have a different nomber of connections in
each layer o, vielding the per-layer degree £ The moult-
degree of a node 35 then the sum of its degrees across all
layvers. The degree 15 also a simple measure of the cendral-
ity of n node, in that it expresses its ioportanee in the
network, Over the last two decades, the Bst of central-
ity mensures has considerably expanded, and each one
of these metrics 1= delined according to some rules that
It their range of validity and interpretability. Aulti-
laver networks are well-egquipped with an extensive list
of centrality measures, many of them being seneraliza-
tions of the corresponding delinitions in single-layer net-
works,  Some of them arve purely topological, such as
the eigenvector, the Katz, and the betweenness centrali-
ties [26, 30-32]. Others are defined by means of dynamn-
ical processes. Notable examples inclnde Pagellank [33]
or a centrality related to the random walk ocenpation
probability [34], among others.

A Spectral properties

To characterise the network as o whole, spectral prop-
erties of the system’s matrx representations have been
witlely used. The erenvalues of the Laplacian mateix of
a network offer a wealth of information, which can be
utilized to understand various dynamic properties of the
network [35. 36]. The algebrote connechoity or Fredler
value [37]. given by the second-smallest eigenvalue {Az)
of the supra-Laplacian matrix, is a key metrie. A larger
Ao indieates a more cobesive and robust petwork that s
harder to bresk apart. Comversely, a small A; can in-
dicate potential points of valeerability or fragmentation
within the network, Higher elgemvalues {Ag, Ay, oo} of-
fer m=ights into more complex network structures and
dynamics[28]. For instance, they can be used to detect
cormununmity stracture within 1 Bection
IIB1).

Beyvond structural insight. As plays a fundamental
role in dynamical processes such as diffusion, consensus,
and especially synchronisation. In networks where each
node represents a Kouramoto phase oscillator, Ay deter-
mines the timescale for conversence to the synchronised
state [36]. Small values of Ay are associated with bobtle-
nedks or weakly connected components that can delay fall
synchronisation. This spectral ramework naturally ex-
tewds Lo malipler nelworks, where each node is present
in mdtiple layers. Fignre 1 shows the theoretical pre-
dictions for Az of a two-laver network in the asvimptotic
regimes: Ay = 200 for OF, < 1, and the superposition of
both layers for [y, 2= 1. 0, being the interlaver conpling.
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FIG. 1. Comparison between the second smallest eigenval-
ues Ay of the different Laplacian matrices as a function of
the interlayer coupling ;. Reprinted fipure with permission
from (27 @2013 by the American Physical Society.

The plot also includes the eigenvalues of the individoal
layers and the corresponding supra-Laplacian eigenvalue.

Actually, through the bebaviour of As as a lnction
of the mmterlaver connectivity, we can directly identifyv
when multiplex networks will behave effectively as if each
laver were an independent network, or instead when mnl-
tiplexity kicks in with its emerging effects on the dy-
namics. This has been shown in s simplified model of a
two-layered network where the interlayer connections are
welghted ey a homogeneous parameter p in [39], bt the
arguments are general for networks with a larger oum-
ber of lavers. The algebraic connectivity of the sapra-
Laplacian £ reads Ay(£) = 2p for p < p* and is upper-
bounded such that A{C) < A(L4 4 £g)/2 for p = p°,
the eritieal point being p* = Aa{ L4+ Cg)/f4. As it can be
puessed graphically, buat proved mathematically, the lirst
derivative of Ax(£) is discontinuons. This emerges as a
result of the crossing of two distinet groups of eigenval-
wes. Actually, these crossing events appear for the other
eigenpairs of the graph Laplacian, with the exception of
the smallest and largest eigenvalues. Conseguently, this
results in discontinuities n the first derivatives of the
eorresponding eigenvalues [39].

The stability of the syvnchronised state in these sys
tems can be analysed using the Master Stability Fune-
tiom {MSF)} [oomalism [40], which allows us to reduce the
problem to s spectral one. The syochronisability of a
network can be assessed by the eigenratio

_Aw

Hi T (2)

where Ay i the largest eigenvalue of the Laplacian ma-
triz. A smaller eigenratio @ implies greater syneheo-
nisability, since it indicates a wider range of coupling
strengthe for which the syochronized solution remains
stable.

In [25]. analytical approximations for the elgenratio
2 were provided in two limiting regimes:  weak inter-
lapver conpling (0, <7 1} and strong interlayver coupling
(D, 2 1). These approximations offer explicit insight
into how the topology and interlayer coupling mfluence
the dynamics. The predictions were shown to agree well
with numerical results in s wide range of coupling wal-
ues, as lustrated in Figure 2. The point at which the
twor analytical regimes intersect provides an estimate of
the optimal conpling strength for synchronisation pertor-
IALCE,
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FIG. 2. Eigenratio £ = Ax fAg as a function of the interlayer
coupling strength £, Cireles represent exact numerical ve-
sults. while the solid lines show the analvtical approxdimations
valid in the weak- and strong-coupling limits, Adapted figure
with permission from [28]. ©)2013 by the American Physical
Society.

These results suppaort the use of spectral indicators.
particalarly Ay and the eigenvatio B, as powerful tools
for connecting stracture and dynamics in multilaver net-
wiarls.

4. Multdayer metrics

Some metrics and concepts do not have counterparts
in standard single-laver networks, The characterisation
of mmltilayer networks through these new metrics has un-
veiled an array of phenomena hitherto unobserved on
single-layered systems, Lthus manifesting the singulanty
and useludness of the multilayer description. For in-
stanee. the porticipotion coefficient measures how evenly
a node's links are spread across the different layers. A
node with hiph multi-degres bat low participation coeth-
cient is a hub - a highly connected node - in only one or
a few layers, while a node with high participation coef-
firient 15 genuinely active across the entive system. This
distinetion 15 crucial for understanding s node’s role 1o
processes bhat span multiple Loeers [17].

Another network-level metric with no single-laver
eepiivalent s the mutuolly lergest comnected component



(ML), This is the largest group of nodes where every
node can reach every other node through paths exist-
ing within each and every laver [24]. The size of the
MLOC is a powerful indicator of a system’s integrated
resilience [41]. In many multilayer systems, reducing net-
work connectivity (e, by removing nodes or links) can
canse Lhe MLOC to collapse abraptly in a diseontinmous
phase transition, contrasting sharply with the smoother,
contineons transitions typically seen o single-layer net-
warks [39, 42|

A fundamental question in multilaver network science
is: “What new information does the layered structors
provide compared to a simple, asgregated network? To
answer this, we need metries that quantify the relation-
ships between lavers, One approach s to measure layer
similarity or redundaney. This can be done by calewlat-
ing the interlaver mutual information or other correlation
measures between the adjacency matrices of diferent lay-
ers. I layers are highly similar, the system is redundant,
and an aggresated view might suffice. If they are diverse,
thie I]11l!1.-i.|H_1."l‘-l' ri*[nn'm:utatic-m is essential, as different lay-
ers capture distinet relational patterns [30, 43, 44).

Furthermore, mualtilayer networks introduce new types
of structural correlations. Bevond intralayer patterns like
degree assortativity (whether high-degree nodes connect
o other high-degree nodes [45. 46]). we can measure in-
terlaver corvelations. For example, are nodes with a hash
degree in one laver also likely to have a high degree in an-
other? The presence or absence of such correlations sig-
nificantly impacts the behavionr of dynamical processes,
from spreading to synchronisation. and bas been a major
fens of research [17, 47-53].

B. Structure and Dynamics
1. Commanity detection

How shall we define commumities in multilaver net-
wiorks! The answer is context-dependent. In a petwork
of customers layered by prodoct categories, a commm-
nity might be a groap of people with consistently sim-
ilar purchasing habits across multiple layers (a cross-
market semment]. In a bomedical costext, coupling a
gene co-expression network with a protein-protein inter-
action network, a community conld reveal growups of genes
that are co-expressed and whose encoded proteins physi-
cally interact. The search for such meaningful groups in
multilayer networks has become a vibrant research area,
with several reviews already charting the landscape [54
56). Here, we sumimarize the main stratesies and high-
light kev challenges and future directions.

Community detection s mostly performed on multi-
plex networks, where the smne node exists across all lay-
ers, This framework 15 also dicectly applicable to Lempo-
ral (multi-slice) networks, treating each time snapshot
as & layer (see Section ITC L) Methodologically, ap-
proaches to find multilayer communities can be groaped

<

into three main strategies: Hattening, laver-by-laver, amd
multilayer.

The hrst strategy, Hattening, collapses the multilaver
network into a single aggregated graph containing all
nodes and links Fom all lavers [57. 58] Ay traditional
algorithm working on single-layer networks can then be
applied. While computationally efficient, this approach
diseards all information about the distinet Lavers and
their relationships.

Laver-by-layer algorithms fivst detect communities on
each laver independently and then aggrepate the resnlts.
These are further divided into three elasses: frequent sub-
praph mining [3%. 60], feature integration [61, 62], and
partition integration [63, 64]. Frequenl subgraph min-
ing is based on the idea that the nodes of o multilayver
comummuunity are sssipned to the same gronp in different
fayers. Thus, it relies on identifying gronps of nodes that
are consistently clustered together across many lavers.
Feature integration relies on the principle that comm-
mities are made of nodes that are similar to each other,
sumething typically measured by looking at the eigen-
vectors of the lavers., Communities are found by group-
ing nodes according to their features via, epg. k-means
clustering |65, 66]. Partition integration directly comn-
bines the divisions found on the individual layvers. For

instance. one could derive & consensas partition, which
i= the division that is closest to all the mput ooes, oo
average [67].

Lastly, we have genuinely multilayver methods. These
alporithms operate an the complete multilaver structare
withowt prior agsregation.  Furthermore, they do not
cluster single nodes but state nodes (or node-laver to-
ples, e, a specific node on a specific laver). This allows
for deher community definitions (Fig, 3):

o [ntralaver comumunities group state nodes on the
same layver.

o Cross-layer commmunities can group state nodes
frome different layers,

o Pillar communities are a constrained type where if o
node belongs to a commounity, all of its connterparts
in other lavers also belong Lo the same comimunaty.

Many of these methods are a direct extension of single-
laver algorithms to the multilayer case. Modulanty neasx-
imization was generalized by defining a multilayer oull
maedel based o random walks, with intralinks and inter-
links playing different roles [65]. Local exploration meth-
ods, like seed set expansion [69], label propagation [T0]
or the cligue percolation method [T1], as well a5 random
walk-based algorithms such as Infomap [72] and Walk-
trap [73]. have also been adapted. Furthermore, statisti-
cal nference methods, primartly based on the stochastic
block model (SBM), offer a principled framework to de-
tect commnnities, infer relationships between layvers, and
even test whether an observed single-layer network is bet-
ter explained as an aggregation of hidden layers [T4, T3]
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FIG. 3. Multilayer communities. The continuons (red) contours indicate communities. {a) Intralaver communities group state
noddes on the same layer. (b} Members of cross-laver communities can be on both the same and different lavers. [¢) Pillar
communities group all the counterparts of the nodes in other layers in the same community.

Despite this progress, significant challenges remain.
First, a persistent tssue i the rigorons assessient of sta-
tistical significance. Without i, one cannot distingunish
meaningful commmnities from patterns arising by chanee.
Sovond, the increasing availability of node and edge meta-
data is often used only for validating results, o procediurs
known to be unreliable [T6, 77]. Instewd, this information
contld be directly integrated into the detection process
to fnd more acenrate and relevant commmpities, a task
for which S5BM-based approaches are partioulacly well-
snited [T3. 79]. Finally, the vast majority of methods are
designed for multiplex networks. There is & clear need for
algorithmes that can bandle more general mltilayver net-
works {often called heterogeneous networks in computer
seience ) with different node sets and relationships in each
layer. a promising direction for fature research [S0].

2 Dynamics and Processes

The multiplex network framework allows for a wide
variety of dynamical behaviours that go beyond simple
extensions of sivgle-layer dynamacs. Unlike solated net-
works, where cach node interacts through a single et of
connections, multiplex networks allow each node to par-
ticipate in multiple interaction lavers, each possibly go-
ermed by different dynamics, reles, or time scales, This
structure enables novel emersent behaviours that are fun-
damentally rooted in the interplay between dynamics on
and across lavers.

In somue fields, particularly compuoter science, 1t s com-
mon to distingnish beteeen ectors (the underlying real-
world entities) and nedes {their representations within

specific layers) [A1-83. While this specific tenninology
may be less explicit in other domains, the underlying
principle of defining processes at the level of the entity,
rather than solely at the laver-speciic node, s widely
relevant, This framework allows dynamics to be driven
b the actor, integrating states rom all its correspond-
ing nodes simultaneously. or by specibic laver-level copies.
Consequentlv. it enables complex activation roles: an ac-
tor might change state only if a threshold of its nodes are
active {reinforeement ), or conversely, activity in a single
node might deive the entire actor {contagion).

In what follows, we review severa]l representative
classes of dynamical processes that have been studied in
the context of multiplex networks, emphasizing those in
which the wultilaver structure 1= essential to the observed
phenamena. The discipline-specitic applications of these
processes will be presented later in Section 101

A paradigmatic case in which multiplexity  alters
the behaviour of a well-understood process s that of
reaction-diffusion systems.  In multiplex networks, re-
action and diffusion terms can be assigned to different
lavers or conpled across them.  For instance. in [Bd],
activator and inhibitor species are plaoesd on separate
lavers, where each species diffuses only within its own
laeer bt reacts across lavers,  Remarkably, the pres-
emee of interlayer coupling allows for Turing-like pattern
formation even when both species have identical mobil-
ity rates—something impossible in single-layer networks.
This form of topology-drven instability, further explored
in [85], highlights how multiplexity can give rise to het-
erogeneons and robust spatial patterns under conditions
where the dynsmmies of isolated layers remain homoge-
ME S,



In mulbiplex svstems, one well-stadied example of in-
teracting dynamics 5 the coupling between epidemic
spreading awd awareness diffusion [86]. In this model,
the disease propagates through physical contact on one
layer. while information about the disease [awareness)
spreads via virtnal communpication on a separate Iayver.
The two processes mtoally inhibit each other, giving
rise to a point at which the presence of awareness fun-
damentally alters both the epidemic threshold and the
eventual prevalence,

Multiplex networks also provide a natural setting for
studving feedback between processes on diferent layers,
In [87], & model is introduced in which neural synehro-
nisation on ope laver modilates resonree allocation on
another, and viee versa. This mntual feedback leads to
the spontanecus emergence of explosive synchronisation
and highly heterogeneous resonree distributions.

Multiplex networks often feature layers with didler-
ent topologies or dynamics, leading to hybrid systems.
In [88], a medular nearal network i modelled with
electrical synapses within communities and  chemical
synapses across them, cach type represented as a differ-
ent layer. The interplay bebween these types of couplings
sives rise to clhamera-like states, where coberent and in-
coherent activity coexist across modules.  Such hybaid
multiplex models ave relevant to nnderstanding how local
synchrony coexists with global disorder in brain dypam-
s,

A similar approach is taken in [89], where a two-layer
Furamoto mode]l 13 decived from phy=iologically moti-
wated eouations for cortical dyoamies. The model cap-
tares transitions bebween resting and background brain
activity, successlully reproducing cmpirical features that
wire inaccessible to simpler models. Again, multiplexity
allows for distinet coupling schemes across layers (e,
electrical vs chemical, or fast vs slow processes) that
shape the global phase diagram.

Apother work examaned how two lavers oot directly
connected can svochronise through the mediation of a
eentral relay layer [90]. Results showed that synchro-
nisation thresholds are redoced in the mualtiples setting
and that low-degres nodes play a crueial role, while bubs
can be “demmiltiplexed” without disrupting global coher-
ence. More recently, a three-layer multiplex of non-linear
oscillators, in which a central dove layver unidirection-
ally couples to two response lavers, has been investi-
sated [91]. Such directional coupling induces synchro-
niser] oscillations in the response lavers, even with am-
pliieation relative to the drive, and varving interlayer
strength or introduacing thne-scale mismatches enables
control over synchrondsation patterns, amplitudes, and
dyvnamical regimes such as guasi-periodicity and general-
zed syvnchronisation.

These exsmples collectively illustrate that olbiplex
networks enable a new class of dynamical processes: sys-
tems whers differemt tyvpes of dyvnamaces oot only coex-
ist but mteract. often throngh oross-layer mechanisms,
This interplay can give rise to topology-induced insta-
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bilities, extended metastable states, abrupt phase tran-
sitions, novel critical points, and even the coexistence of
order and disorder.

Such behaviours are not mere quantitabive variations
of single-laver dynamics but emerge qualitatively doe to
the multiplex architecture. Iinportantly, these phenom-
ena are often robust to parameter variations and are ob-
served across different domains, from oearoscience amd
epidemiclogy to socal svstems. In Section TIL we will
revisit soine of these dynamical mechamsms in the con-
text of concrete applications, where domain-specific con-
straints and empirical data can further shape the inter-
action between stoucture and dynamies.

. Advanced Frameworks
1. Tempoeral Netuworks

Complex svstems, from social groups to interacting
neurons, are indamentally dynamae. While classic net-
work science often represents these systems with static
graphs. this 15 an agpregation that loses all temporal in-
formation. such as the sequence, duration, or conenrrency
of mteractions. The recent availability of time-resolved
data and computational power has propelled the stady
of temporal networks, revealing phenomenn invisible in
a static view [32, 93] A temporal network can be repre-
sented ns aosequence of static snapshots, which naturally
fits the multilaver network [ramework where each laver
15 a snapshot in time. Besides, it s also possible to have
networks that are temporal and moltilayver at the same
time, in which case the temporal correlations between
lavers can significantly affect the dynamics of processes
unfolding oo multilayer networks [04].

While early theoretical models added temporality by
iynamically changing links, particularly in an adaptive
fashion [95], the strong expansion of the field has heen
mostly data-driven [02, 93]. The availability of high-
resolution temporal data, such as the face-to-face contact
petwork i a museam exhibition depicted in Figure 4 and
collected by the SocioPatterns collaboration using wear-
able sensors [96], provided o strong empirieal foundation
for the feld. This data made it clear that static rep-

resentations not only hide temporal details but can be
misleading, as the properties of o networked system can
vary dramatically from one moment Lo the next [97, B3]

This data-centric view 15 what led rescarchers to anal-
v temmporal networks as o series of snapshots. This ap-
proach revealed that while aggregated properties might
converge to the static ones [101], Iocal measures like a
node'’s centrality could Huctuate significantly, with nodes
shifting from central to peripheral roles over time [102,
L3, However, a troe paradigim shift cecurred when the
focus moved Brom Huctouating static properties to inher-
ently temporal concepts. Hesearchers recognized that in-
formation Hows along temporal paths, which are a set of
time-respeeting sequences of interactions [104, 105]. A
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FIG. 4. Temporal networks of face-to-face interactions of people on different. davs of musenm visits. In each day, time evolution
ie represented as a colour code. The data has been recorded by detecting physical proximity using wearable sensors developed
by the SocioPatterns collaboration [#, 100]. Heprinted figure with permission from the SocioPattorns collaboration.

path Ehat exists in an agegregated statie network may be
impossible ina temporal one if the nteractions do not oc-
eur in the correct chronological order [L0G]. This insight
spurred the redefinition of classical centrality measures
fisr the temporal domain [107] and led to the discovery of
niew phenomena, such as the burstiness of human inter-
actions, whers events are clustered in time cather than
oeenrring randomly [108, 100]

But not all temporal interactions are equally infor-
mative. Patterns may appear briefly, recur, or vanish
entirelv.  Motifs that are evident in aggregated static
views of the petwork may never exist i real time due
Lo mmproper chronologieal alignment [105]. To deal with
thiz complexity, researchers have developed vartons tech-
niques for fllering and pattern detection. At the loeal
scale, temmporal backbones highlisght node pairs whose -
teraction frequencies sizniheantly exceed what would be
expected nnder a temporal oull model [110]. Temporal
motifs dentify frequently recurricg, time-ordered. salb-
graphs [111], while temporal cores generalize the static
core decomposition to uneosver dense snbstructures active
over defined time windews [L12]. Similarly. the temporal
rich-club coethoient measores whether highly connected
nodes in the agpresate network tend to form simaltane-
ons, persistent connections [113].

In parallel. signifcant effort has gone to wdentifving
the relevant timescales that govern the evolution of tem-
poral networks.  Early technigues relied on comparing
snceessive time windows [L14], but this vverlooked Jong-
range correlations. hMore sophisticated methods compute
pairwise distances or similarties between network snap-
shots [115], enabling the clustering of recurring states and
the wlentification of their trapsitions. Other approaches
apply anto-correlation metrics, or Fourier transtorms to
extract temmporal correlations and recurvent ioteraction
patterns at difforent time scales [116, 117]

Representing temporal networks in a stmple form for
analvsis has also been oo priority. Two lossless, statice-
like representations bave emerged as especially uselul.
The supra-adjacency represeatation encodes node-time
pairs af nodes o a multilayer strocture, linking them
according to the observed internctions [118, 119, The
event sraph. in contrast, treats intersctioons themeselves

as movdes, linking temporally adjacent events involving
shared participants [120]. This latter Tamework s es-
pecially well-suited to model processes constrained by
timing., such as epidemic spreading or transit dynam-
s [121]. Another line of work uses praph embedding
technigques to map high-dimensional temporal networks
into low-dimensional vector spaces [122, 123]. These vin-
beddings preserve stractural or temporal similarities and
support tasks such as link prediction or influence sets
[124-126]. Embeddings also facilitate data compression
and learning-based applications, as diseussed further in
Section [T 3.

Models of temporal networks have been developed
to generate realistic synthetic networks or to establish
null benchmarks, Mechanistic models aimnm to repro-
duce olseryved foatures or test hypotheses about dy-
pamics [127], while randomized models offer a con-
trolled way to destroy correlations and assess their sig-
nificance [128], These models range from memoryless
activity-driven frumeworks [120, 130] Lo non-Markovian
extensions capturing burstiness and memory effects [131].
Additionad approaches inclnde stochastic block models.
priovity guens models, models based on Hawkes or other
dynamical processes. ad memory network models,

The temporal networks framework also adds another
laver of complexity to dynamical processes unfolding on
them, since one needs to take ioto account the coupling
between the characteristic timeseale of the dynamic pro-
cess and the temporal network’™s one. In epidemiology,
the coupling between interactions and disease progres-
sion profoundly affects spreading onteomes with bmpor-
tant consequences for desipning effective public health
interventions [118, 132-135]. In social systems, temporal
networks are nsed bo model the spread of mformation,
behavionrs, and innovations, often through threshold
mechanisms distinet froum disease transmission [136, 137)].
Tewmporal opinion dynamdes have been explored to un-
derstand consensus s polarization [138, 139], while
syvnchronisation phenomens in biology and engineering
are medelled as conpled oscillators interacting over tame-
varving links [140]. Applications in transportation in-
clude traffic optimisation and infrastructure design [141].

Luoking forwand, a central challenge is identifving the



mintmal yet sufficient temporal stroctures necessary for
specific applications.  For example, while the temporal
paths in A physical proximity network may code the wayvs
an epidemic would spread between the people, several in-
teractions may not fall oo these paths and thus appear
completely irrelevant from the aspect of a spreading pro-
cess. Thas, since many interactions may not influence a
provess, reducing networks toeffective backbones conld
lewad tor smaller and faster computations, as well as -
proving data sharng in A privacy-preserving way,

2 Higher-order interactions

CGroup nteractions are widespread in real-world sys-
tems, ranging from social dywanics [142-148], such as
group chats, to chemical reactions involving multiple re-
actants [L44, 149, 150]. In these contexts, the traditional
network science framework, which considers only pair-
wise interactions, is often insutheient to capture the com-
plex dependencies between multiple interacting entities,
Higher-order models provide a rdcher framework for aceu-
ratelv representing these svetems and avolding mislead-
ing predictions [144, 147, 151, 152]. For example, con-
tagion processes that model the population as a graph
will present a second-order phase transition [153, 154].
However, contagion models in higher-order networks of-
ten exhibit discontinuous transdtions [142, 143, 145
147, 152,  Similarly. in pairwise contagion models,
one expects a single stable solution, while wultistabil-
ity 1 possible in contagion models in bisher-order net-
works [147, 148, 153]. Interestingly, these new phenom-
eme are not restricted to contagion processes: they have
also been observed in synchronisation processes [155] aund
evolutionary games [156]. These examples demonstrate
how neplecting the higher-ovder nature of a process can
alter the outeome of 2 model, potentially leading to -
correct predictions.

Mathematically, higher-order interactions are nsually
modelled using hypersraphs or simplicial complexes [151,
15T, 158]. Hypergraphs allow edges (hyperedges) to con-
nect any mumber of nodes, whereas simplicial complesoes
reuire that all subsets of a hyperedge be present. The
best chowse of representation often depends on the dy-
namics being studied. A disenssion about this topic can
b found in [158].

Compared to pairwise networks, the stractural and
sprctral analysis of higher-order systems is still indevel-
opment.  While concepts such as adjacency and Lapla-
cinns are well-defined in networks, their hypergraph
counterparts are more complex and often combine strae-
taral and dyoamical parameters [1589-161].  This com-
plicates the analytical study of processes such as diffu-
sion and sypchronisation. and different definitions meay
yield different outeomes depending on the context. 3im-
ilarly. most inference methods in the hterature deal with
inferring pairwise relationships. Detecting hgher-order
structures reguives new methods [162, 163].
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FIG. 5. Schematic reprezentation of different networked sye-
tems. The bottom row depicts syatems with pairwise interac-

tions, while the top row contains group interactions incloding
more than two nodes. As with classical pairwise models, it
% possible to associate a type to each interaction, extending
the ramework of multilaver networks to multilaver hyper-
graphs. Adapted figure with permission from [152]. @©2024
by Springer Mature.

Revent work has begun to explore multilayer exten-
sions of higher-order svstems (Fig. 5). such as toadice per-
colation processes and interdependent dynamics across
lavers [164, 165]. In the context of spreading processes, a
two-layer approach considering the concurrent spread of
information and disesse was studied in [166, 167]. Fur-
thermore, the diffusion of resources coupled with epi-
demic spreading was examined o [168]. These stnd-
s demonstrate how combining multifayver and higher-
order striucturves can lead o novel. emergent behaviours,
such as oscillatory or chaotie dynamics. Another promis-
ing research direction is studying temporal hypergraphs.
which extend these representations to time-varying set-
tings,  This framework caplures interactions involving
pronps of podes that oecur over finite durations. Exam-
ples nelude stmultaneous face-to-face contacts [169, 170]
and group-level dynamics in soeial settings [171]. Ten-
pora] hypergraphs provide a natural language to describe
and model these evolving group structures. opening new
avennes for analvsing their evolution and how they inla-
ence dynamical processes.

4 Machine learning

Ciraph representation learning. or graph embedding,
aims to map nodes into 8 geometric space such that stooue-
tural properties are preserved [122, 123]0 This task is es-
sential for applying machine learning techniques to rela-



tional data and has been widely wsed foe link prediction,
node classification, routing, and visualisation, In the past
few vears, traditional embsedding methods have been ex-
tended to deal with heterogeneons graphs and knowledge
sraphs, where nodes or edges carry additional eategori-
cal, numerical or textual information [172]. Multiplex
networks can be seen as a specific type of heterogeneous
araph and have prompted the development of dedicated
embedding technigues,

A pood maltiplex embedding method should efectively
capture both intralaver and interlayer stroctores. Multi-
plex network embeddings can be divided into two major
classes: ot embeddings, which project all replicas of a
node acrass layers to a single point in 4 lew-dimensional
Euclidean space, and srdividual embeddings, where each
laver has ks own representation of the node. Jomt em-
beddings can be obtained by merging individuoal embed-
dings. The general approach followed by most omltiplex
embedding technigues consists of three phases: sampling,
training. and oplimisation.

Samplieg. While embedding, we want pairs of nodes
that are close to each other in the network to also have
simalar embeddings.  These are called “positive node
pairs” and can be found using several strategies. Tech-
nigques such as DeepWalk [173] and nodeZvec [174] sim-
ulate random walks to define contexts, akin to ward em-
beddings i natural language processing [175]. These ap-
proaches have been extended to multiplex networks by
allowing walls to transition between lavers with some
probability [1T6]. Other methods define proximity us-
ing K-nearest neighbors or neighborhood-based criteria,
as In GraphSAGE [177]). To reduce compitational cost,
negative sampling is used to approximate objective fune-
tioms, drawing randon “negative pairs” assmmed o be
dissimilar [123].

Troining. In this phase. multiplex embedding meth-
ods learn representations using shallow neural networles,
although more advanced architectures have been pro-
posed.  In shallow peural networks, the training pro-
cess 15 specified by the structural organisation of the
learning alporithm. which can be laverwise or collec-
tive learning (Fig. 6, top and bottom rows respectively).
Layerwise learning separately trains node embeddings
for each layer and combioes them wsing weights, often
learne] vin attention mechanisms [l'rf'i, 17!']]. Collective
lenrning directly learns unified representations by lever-
aging multiplex sampling and skipgram-style optimisa-
tions [176, 180]. While shallow networks are eomanon,
they face important limitations, such as the inability to
generalize to unseen nodes or share parameters between
nodes (sinee the encoder optimises a unigue embedding
vector for cach node).  To alleviate these limitations,
more sophisticated learning architectires, like graph neo-
ral networks, have been proposed.

Crptmsation. Embeddings ave adjusted to minimize
loss functions that reward procimity between positive
pairs amd penalize proximity beteeon negative ones,
Some methods also include node attobuotes to improve

1

representation quality [181, 182]. These optimised em-
beddings can then be used in downstream tasks such as:

o Link prediction: predicting missing or future links
within a layer (laver-wise). across layers (interlaver)
or in an agzregated view of the wmultilayer [LTG,

179181, 153].

o Mode elassiheation: predicting labels for unlabetled
nodes based on koown node attrbutes or partial

lalsel data [180].

o Commmnity detection: discovering modular strae-
tures across lavers by learning weights that reflect
each layer's contribution [184, 185].

In addition to Euclidean embeddings, hyperbolic em-
beddings provide a geometry better suited to hierarchical
and navigable networks [186]. Thess approaches can po-
tentially improve performance in tasks ke greedy rout-
ing, where shortest paths are found nsing only local in-
formation. Recent work wsing layerwise hyperbolic em-
beddings suggests that interlayver geometric correlations
mmprove ronting performancee [187]. Future work conbd
explore hyperbolic multiplex embeddings more svstem-
atically.

Lastly, synthetic multiplex models [188] can D nsed
tor systematically vary laver-spectiic properties and inter-
laver correlations, providing testbeds for evaluating em-
bedding performance under controlled conditions. These
merdels support the study of how properties like modu-
larity and commuanity alipnment across layvers affect em-
bedding quality and task performance.

L. APPLICATIONS

Network science has long served as a unifving language
aeross disciplines, offering a Hexible framework for maod-
elling complex systems, With the rise of multilaver net-
work theory, this versatility has only expanded. 2ulti-
fayer networks allow researchers to capture the rich, in-
tereonnected structure of systems where multiple types
of interactions, temporal dyvnamics, or fusetional interde-
pendencies coexist. As a vesalt, their applications span a
diverse array of domains—Irom infrastroctare apd biol-
oy to eeonomies and the soctal sclences—demonstrating
both the theoretical depth and real-world tmpact of the
multilaver perspective.

A, Interdependent systems

The mmportance of multilaver interdependent networks
was Hrst recogmized by engpineers and later formalized
through the interdependent percolation model  inbro-
dueed in [24]. In addition to standand intralayer lnks,
these svstems feature dependency links that connect
novdes across lavers, such that the inctionality of & node
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FIG. 6. General approach to multiplex embedding. Given a multiplex network, the first step involves identifving node pairs
that are supposed to have similar (positive samples) and dissimilar {negative samples) representations. Mext, the learning
framewnork is used to train the node representations based on the sampled data. The node representations can be learnt for
the entire multiplex {(bottom right) or for individual layers (top right). Individual embeddings may be fused together to obtain

joint embeddings.

in one network depends on the uoctionality of & node in
another. This strocture can lead to cascading failures as a
breakdown in one layer propagates to others, potentially
cansing large-scale system collapse. Unlike standard per-
cilation. where failure progresses gradually. interdepen-
dent petworks can experience abrapt, catastrophic tran-
sitions. Notably, networks with heterosenecus desres
distributions, typically robust against random Failures,
bevome vulnerable in the presence of dependency linles,
highlighting important design and resilience considera-
tions,

Insights into these phenomena have been obtained
through both analytical aml pumerieal studies [42, 1584,
a0}, In nterdependent random networks, the percola-
tion transition is of a hybeid nature: Qb bs discontinu-
ons but also exhibits critical phenomena, sach as the
presence of eritical exponents [191]. In plain percola-
tion, there are two eguivalent theoretical descriptions,
one based on eluster statistios and the other on the order
parameter [192], Yet, these approaches split in the inter-
dependent case, leading to bwo sets of critical exponents
related by sealing relations [193, 194]. In a recent paper,
an interesting relationship between the hybreid transition
in cascading processes and the spincdal one was shown,
lesding to the identilication of universality classes [195)].

One of the most exciting recent developments is the e
perimental realization of interdependent percolation in
conpled superconducting multilaver systems [196].  In
this setup, two layers of disordered superconductors are
separated by an insulating laver but become effectively
conpled through Joule heat. This way, when one super-

conducting grain transitions to a nonmal state, it gener-
ates heat that canses other grains in the adjacent laver
tor transition as welll The resulting feedback loop drives
a non-local dependency coupling and confirms the the-
oretical prediction of an alwupt transition. These ex-
perimental observations not only validate the theory but
also open the door to innovative technological applica-
tions based on interdependent dynamics.

B. Spreading processes

In the context of diffusion and spreading dywamics,
miltilayver networks offer a powerful framework to stady
how coupled processes may interact, leading to the un-
covering of hidden dependencies, feedback loops, and
emergent phenomena [154]. This approach is partienlarly
valuable when different types of imteractions or dynam-
ival processes influence each other in ways that are not
evident in single-layer representations.

The range of svstems that benetit from this approach is
broad. For example, the nutual influence between pub-
e opinion and disease spread can be medelied by lay-
ering the dynamics of information diffusion with those
of epidemic propagation. Such an approach reveals in-
sights into behavioural responses and feedback mecha-
nisms that would otherwise be obscured [36, 197-100].
Multilayer networks also naturally cepresent systems in-
volving mmltiple domains with interdependent  effects,
such as the bidirectional impact between pandemics and
oeonomic activity (Fig. T) [200]. Or systems with a single



provess but with different spreading properties depend-
ing on the type of interaction [201].

Another compelling example involves the interplay be-
tween discases with distinet transmassion mechanisms,
Tuberculosis (TH), transmitted via airborne particles,
and HIV. spread through sexual contact. represent in-
dependent but coexisting threats within a population.
Using & multilayer framework, one can explore how in-
terventions or belmvioural changes in one disease ler
afect the dynamies of the other [202-205]. This holistic
moddelling approach auds i designing integrated pablic
health strategics.

In essence, multilayer networks provide o powerful
framework bo address the mtricate interdependencies be-
tween different spreading processes, opening oew  av-
emes for understanding,  forecasting, and  controelling
these complex phenomena,

. Computational social science

Social systems are inherently characterised by multiple
trpes of relationships that coexist and internct across di-
verse contexts, timescales, and communication channels,
I ecomputational soctal sctence, multilaver networks have
bewvome a key ramework for analvsing how behaviowrs,
attitudes, and information propagate through these in-
terconnected pathways, This approach enables the study
of complex dynamics such as the interplay between on-
lime and offline ties [206], cross-platforn relationship evo-
lution [207]. awd behaviours emersing from interscting
relationship types [208].

In political communication. distinel interaction types
[support. comments, likes) form separate layers of & oml-
tiplex network, cach reflecting nnigue dimensions of po-
lartzation and temporal evolution [208]. For example, o
parlimmentary Twitter {now X} networks, echo chambers
ditfer avross lavers: following networks are highly polar-
tzed, while mention networks allow more cross-ideological
eomumnication [200]). Cross-platform studies nd consis-
tent drivers of polarization, such as homophily and se
lective exposure, even when patterns vary between plat-
Formes [200]. Ina study of French Twitter users. the mnlti-
dimensional character of polanzation was revealed by un-
folding the interaction between the laver of professional
politicians and that of ordinay users [211].

Temporal multilaver networks reveal that social ml-
tiplexity itsell is dyvoamic.  Relationship types acti-
vate In different contests, and temporsl correlations
between lavers modify how influence and information
spread [207]). Humean activity™s bumsty nature can cre-
ate both real and spurious correlations [94]. In signed
networks [212], research has explored how structural bal-
ance and polarization evolve, including dynamical egui-
librinm where macro-level patterns persist despite micro-
level changes [213, 214].

In the semantic domain, multilaver networks help un-
cover how commnnities strocture diseonrse aronnd com-
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plex iganes, Modelling words, themes, and temporal evo-
Iution as distinet layers reveals patterns of resilience and
viulnerability in discussions, such as those [ollowing disas-
ters [215]). Temporal text networks [216] and mnaltimodal
network models [217] Rarther support analvsis of commm-
mication across media and plat forms.

Multilayer approaches have also enriched opinion dy-
namics, where single-laver models often oversimplify ow
irdeas forme and spread. This approach provides a power-
ful framework for exploring how phenomena in one do-
main can iHuence behaviour in another. For example, a
merdel using a communication layer for sharing opinions
and an influence laver for observing actions, revealed a
range of complex real-world outeones [218]0 These in-
clided rapid, widespread parvadigm shifts, the establish-
ment of nnpopildar porms where innovation adoption [ails
despite positive sentiment, and persistent community re-
sistance to change.

As discussed in the previons section, the interaction
between different processes i a kev area of study for mul-
tilayer network research. A recent work [219] nvestigated
a two-laversd network, where agents held opinions on dif-
ferent issues in each layer. While each laver individually
tewded toward consensus, Lhe interactions between lavers
could stabilize a mixed state where hoth opinions coex-
istedd for a long period. This was most pronougced in
sparse, positively correlated networks, which Eacilitated
the formation of cross-layer opinion gronps.

The adaptive voter model [220] has been extended to
mnltilaver networks to stwdy how evolving connections
affect collective opinion.  While multiplexity (the fac-
tion of common nodes across lavers ) can prevent complete
fragmentation, it can also give fdase to a new “shattered”
Fragmentation phase [221]. This phase is characterised
by large consensus groups of opposite opinions coexisting
with isolated podes. A similar shattered fragmentation
transition in the multiplex adaptive voter model with a
potion of triadie closare has been used to describe the
empirical distribution of cluster sizes Inan online game
[222].

Furthermore, 8 central question in this modelling
paradigm i5 the extent to which such comples multi-
laver systems can be simiplified., especially whether the
dynamics on & mualtilayer network could be reduced to
an equivalent single-layer representation. It turns out
that comventional agpregation procedures fail to capture
kev non-limear effects. such as the prodonged hifetime of
multiplex states al low interlaver connectivity [221]. This
work sugeests that there are indamental. non-reducible
differences between multilaver dyonamics and their single-
laer approcdimations, highlishting the necessity of explic-
itly modelling thess intricate, interconnected structares
to fally nmderstand complex social phenomena.

Altogether, the integration of multilayer networks into
computational social science enables more realistic, mi-
ancid models of haman bebaviour.  As interactions in-
creasingly span digital and phvsical spaces, these tools
are essential for understanding polarization, soeial cobe-
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Schematic representation of an epidemic-economic model.

The figure illustrates the interplay between two very

different dynamics. An economic component, which represents the flow of goods and services among industries and to final
consumers through an input-output network, and an epidemic component, tracking pathosen exposure in various settings such
as warkplaces, eommunity fconsumption venues, schools, and households via a multilaver contact network, Agents within the
system exhibit diverse socio-economic characteristics {see the accompanying box). The tight integration of the economic and
epidemic maodules is evident: the epidemic module influences economic outcomes by reducing consumption due to infection
concerns. while the economic module affects epidemic transmission by modifving workplace and commmity interactions through

industry-specific employment Huctuations, Reprinted figure with permission from [200]. @©12024 by Springer Nature.

slon, and collective action in a complex, conpected world.

D. Economic and Anancial systems

Economics and fnance are inhevently based on net-
worked systems. They describe interactions among di-
verse actors, including individuals, fivms, governments,
and institutions, that trade. collaborate, invest in, or
oversee one another. Markets can be seen s platforms
that promote the constant evolution and reshaping of
extsting networks among different actors. For instance,
financial markets facilitate the creation and deletion of
links between imvestors and Hrms, while the labour mar-
ket connects workers with emplovers, New technologieal
platforms can also rapidly reshape existing networks, as
in the case of Uber transforming urban transportation
labonr markets. In all these cases, economic and Hoan-
cinl systems heavily rely on information Howing between

entities belonging to diferent networks, such as price sig-
nals, market trends, political news, and policy decisions.

Based on this premise, it is oot surprising that multi-
plex and mwltilayer networks may oceapy a central posi-
tion in the analysis and understanding of econompic and
financial systems. While challenges such as data access
and svstem complexity bave limited the full adoption
of these approaches, notable studies already highlight
their potential. Choe example is the use of @ muoltiplex
plobal financial petwork, in which nodes represent coun-
trics, edges encode cross-conntry Anancial assets of var-
ions types, and layers represent asset tvpes. The num-
ber of systemically important conntries almost donbles
when the heterogeneity of fnancial exposures is consid-
ered (Le. when using a multiplex network). compared to
results from an associated aggregate global Anancial net-
work (Le. a single-laver network), long regarded as the
standard model for such investigations [223].

Another study constructed & multiplex network of fi-



nancial institutions, with lavers corresponding to differ-
ent classes of derivative contracts (e, interest rate,
credit. foreign exchange), revealing how liquidity shocks
propagate aeross markets [224]. A linked multiplex net-
work incorporating ownership, sharved board members,
R&D partnerships, and stock correlations among com-
panies in the UK and Germany uncovered a higher
lewvel of corporate interconnecteduess than previously re-
ported [225].

Additional insights have come from analysing the mul-
tilayer structure of international trade, where nodes rep-
resent countries, layers correspond to industries, and
links connect buyers and sellers. A multilaver nested-
ness metric captured structural organisation more effec-
tively than traditional bipartite models [226]. Shnilarly,
the integration of ownershap, innovation collaborations,
and board interlocks has shed light on the formation of
inndnation clusters and their influence on market coneen-
tration [227].

Svetemie risk, a core concern in Anancial stability, is
deeply rooted in network interdependencies,  Multilager
molels have advanced our understanding of how inter-
eonnections amplify or mitigate risk [228, 229]. Studies
of global supply chains have also benefited from nml-
tilayer perspectives, identifving fragile sectors such as
pharmacenticals, food, and services as eritical nodes in
system-wide vulnerability [230]. Lastly, the ervptocoar-
rency ecosvsten—comprising thousands of token layers
linkexd bv wsers, exchanges, and dark mackets—presents
a complex but largely unexploved multilavered networle.

Altogether, these examples nuderscore the promise of
mulkilayer network analysis in uneovering hidden interde-
pendencies, enhancing systemic nsk models, and inform-
ing economic policy in oan increasingly interconnected
wirkl.

E. Infrastructure networks

Infrastructure svstems. such as power grids. Lrans-
portation petworks, and communication systems, are im-
portant examples where multilayer networks provide in-
sights into nterdependencies and weakpesses.  Among
these, power grids recelved siznitficant attention i the
early days of the tield. particalarly after it was shown that
interdependencies can malke networks more fragile [24]
[see also Section ITTAL) This work was motivated by the
20003 blackont in Italv, where failures in power stations
led to disruptions in communication networks, which in
turn cansed further failures in the power geid itsell. Sul-
seopuent studies confirmed these Andings and ionvestizated
how varions types of interconnections infuence robust-
ness [42].

This research line has sinee diversified, exploring net-
wark fragility from varlons angles [41, 231, TFor ex-
ample, =ome studies haove examined cascading failures
using load-sharing dypamies [232, 233, while others
have focused on desipning inherently more robust net-
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works [234, 235]. There has also been growing inberest
in identilying early warning signs of collapse, a challenge
relevant not only to infrastrocture, bot also to ology,
economics, and ecology [231].

More recently. researchers have poted that traditional
interdependent network models often assume " hand fail-
ures.” where the collapse of & node in one laver immedi-
ately canses fallure in a dependent node. Yet, such fail-
ures are rare in practice. Instead. attention has shafted
towand modelling interdependencies during recovery pro-
cesses, where one network relies on resourees from an-
other to regaln functionality [236].

Transportation systems, much like power grids, have
been extensively stadied through the lens of moultilaver
networks [237]. Early work masdelled the European air
transportation network to assess the impact of Hight can-
cellations on network perfivmance [238]. Urban mobility
networks further highlight the complexity of multilayver
infrastructure in metropolitan aress. Cities rely oo mualt-
moscdal transportation—streets, subwavs, buses—that to-
gether form the backboue of mobility (Fig. 8) [239, 240].
Studies have shown that poor syochronisation between
mrdes can lead to significant mmeficencies, including de-
lays and reduced aceessibility [241, 242]. Moreover, navi-
gating these systems can challenge human cognitive lim-
its, making trip planoing difbonlt o kashly intercon-
nected nrban envivonments [243)].

From a dynamical standpoint, several researchers
have explornsd congestion in o omultilayer transportation
systems [244, 245] Notably,  increasing spesd  in
one laver—sach as subways —can sometimes  produce
connter-mtuitive effects. like congestion at terminal sta-
tions dae to imbalanced How dynamics [246]. Expanding
the seope beyond transportation modes. arban mobility
was Analysed by categorizing daily activities (ep. vis-
iting tourst attractions or sports vemes) into distinet
ayers, offering o multidimensional representation of -
ban systems [247].

In sumupary, multilayver network analysis has deepened
o understancding of infrastrocture systems, brom cas-
cading fallures in power grids to mobility challenges in
urban transport.  These mh]ﬂ]ﬂ:—- help identify vidnera-
bilities. design more resilient systems, and optimise per-
formance, witimately enhancing the functionality and ro-
bustness of essential infrastructure in modern society.

F. Ecological networks

Traditionally, ecological networks have been repre-
sented ps single-laver networks, focusing on single types
of interactions, such as predator-prev or plant-pollinator
interactions [248]. Similarly, althongh biological commm-
mities are intrinstcally dynamic, with species and inter-
actions changing over time, temporal dyvoamics have of-
ten been analveed using independent snapshot networks.
Thus. erological systems provide a perfect example of
where multilayer networks can play g erucial role by al-
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TRAM

The network is organized into three layers,

each representing a different mode of transportation: the top layer (cvan nodes) corresponeds to the tram system. the middle
layer {orange nodes) to the metro system, and the bottom layer (dark blue nodes) to the bus system. Vertical links connect
stops of different modes located within a 150-meter radius, illnstrating intermodal connections. Adapted fgure with permission

from [19]. @2019 by Anmnal Reviews.

lowing ns to simultaneously capture different Lypes of
]'ﬂll!"i'r]hl':' interactions [249] o Leu:l}:[:lru'l and spatial di-
IeTElons, prm-uimf_, a more complote view of ecosystem

(e '.-il1L{i_‘g." l:::iml a fve-vear dataset on bird-seed dis-
persal interactions to analyse species tarnover and persis-
tence, identifving a stable core of species that consistent]y
supported network structure over time [2532]. Similar in-
sights have emerged from studies of plant-pollinator net-
wiorks that tracked the spatial and temporal persistence
of species and interactions [253], and from work empha-
slging the advantages of multilayer approaches over tra-
ditional habitat diseretisation methods [254].

The common binary classiication of species as matual-
ists or antaponists has also been challenged wsing multi-
layer frameworks. In one example, seed viability from
faecal samples of wild-trapped mamonals showed  that
some species acted as both antagonists and motnalists for
the same plant species. depending on context—revealing
a much richer set of interactions than standard mod-
els capture [255]. Multilayer analvsis of fugivory and
nectarvory interactions has hother revealed non-olwious

ritles of corununity assembly [256], while guantilying link
strength in petworks of pollinators and seed dispersers
uneoversd that onlv a subset of individuals traly con-
nects both ecological funetions [257].

Animal social networks alse benehit from multilaver
analysis, as interactions often span multiple social con-
texts. A study of baboons with layers representing
grovming and association interactions demonstrated that
an individual’s centrality ranking can vary dramati-
cally depending on which layver or aggregation is con-
sidered [251]. This underlines the importance of select-
ing relevant interactions when drawing ecological or be-
havioural inferences.

Bevently, a slobal multilayer modelling Framework
spanning six ecological functions —paollination, herhbivory,
spid dispersal, decomposition, notrient uptake, and fun-
gal pathogenicity—enabled the identification of keystone
species, defined by thelr eritical role tn mainlaining
ecosystem function regandless of abundance [258].

Beyvond species interactions, multilaver networks have
been applied to phyvsical ecological systems. For instance,
river deltas have been modelled as multilayver transport



networks [250], and ecosystem restoration has been stud-
wed by tracking structural and ioctional changes inomal-
tlayer networks over time [260]. Comparing evolving net-
work states to reference conditions helps assess recovery
trajectories.

Despite the promise of multilaver networks in ecol-
oy, challenges remain.  These include the dificalty of
eollecting Hne-grained interaction data [261]. the com-
plexity of comparing fundamentally different interaction
types [258], and the ongolng need to develop multilayer
metries tadlored for ecological applications [262]. Ad-
dressing these limitations will be key to lrther advane-
ing ecological insights throush multilaver network ap-
proaches,

3. Science of science

The science of science is the stady of the structure and
evolution of science via the analysis of data on scien-
tists and their interactions [263, 264]. Although the Held
dates back several decades [265]. it has grown rapidly in
recent years due to the Increasing avallability of data on
seientifie productivity, collaboration, citation, mebility,
funding, ete., and to adwnees in analytical tools. espe-
clally in machine learning. Network science has heavily
contritiited to the development of the field. dee to the
many networks that can be built from the data.

Multilayer networks have brought added wvalue to this
domain by capturing different dimensions of scientific in-
teractions. Early studies showed that combining collab-
oration networks across journals or merging collabora-
tion and citation networks into a single layer can obscure
meaningful correlations [52]. A strong correlation be-

tweeen community structures was observed across layers
of a multiplex collaboration network of physicists, where
each layer represents a different sublield [266).

The multilayer framework has also revealed intri-
cate dependencies between collaboration and citation be-
havieurs,  For example, papers authoved by scientists
with a large mamber of previous collaborators tend to
pain citations more quickly, but also fade faster in at-
temtion [267]. Such dependencies can be exploited to de-
velop more accurate generative maodels of citation net-
warks [268]. Moreover, mulbilayer networks are better
than single-layer ones when it comes to predicting u-
ture links, specibically fature collaborations between sci-
entists, For this task, besides the collaboration networl
itsell, useful layers may consist of citations between sci-
entists and semantic closeness of the kevwords of their
papers 269 Other relevant network types include co-
citation and co-venue networks, where two scientists are
connéected if they cite the same papers or publish in the
same journals [270].

Ranking scientists by impact i another area enriched
b mmmltilayer methods.  Traditional imdicators such as
raw citatlon counts or the h-index [271] may overlook
important stroctural information. Multilaeer networks
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make it possible Lo compute compasite impact scoves
that account for moltiple dimensions, such as citations
and collaborations, either by agoregating laver-specific
rankings [272] or through diffusion-hased algovithms like
multilayer PageRank [273]. The framework also extends
to innovation studies, particularly in analyvsing patent oi-
tation networks, For example, a multiplex network in
which lavers correspond to different patent-granting of-
fices has been shown to better capture the technologi-
cal classification of patents than aggregated representa-
tions [274].

Cheerall, maltilayer networks provide s vicher, more nuo-
anced view of scientific ecosystems. enhancing onr ability
to moddel, predict, and evaluate scientific activity across
various dimensumns,

H. Climate science

Metwork analysis has become avaluable complement to
mumerical modelling in elimate science [275]. In climate
networks, nodes typically represent geographic locations.
and links indicate similarities between these locations
based on relevant phivsical guantities such as tempera-
ture, precipitation, atmospherie pressave, or Ol con-
centration. These similarities are quantified using varions
linear and non-linear measures computed on time series.
including Pearson correlation, mutual information, event
svochronisation, transfer entropy, partial correlation, or
Cranger causality.

hlost early studies fooesed on single-variable networks,
it recent work has besun to leverage multilaver net-
works to capture interdependencies among different cli-
mate variables or the same variable under diferent condi-
tions. For instance, two-laver networks constricted from
atmospheric pressure fields ab different altitndes have re-
viealed significant insights into the general cirealation and
stratification of the atmosphere [276].

Multilaver networks also offer powerful tools for assess-
g climate vulnerability, DBy iotesgrating climatie and
non-climatic factors across multiple lavers, researchers
can analvee how exposure, sensitivity, and  adaptive

capacity  interact to shape a community’s vulonerabil-
ity to climate change [277].  Similarly, owmltilayer be-
havionral networks that integrate supply-side production
and demand-side consumption decisions have heen used
to explore how climate shocks propagate through social
and economic systems [278].

Alr pollution 15 another area where multilaver net-
works have vielded novel insichts, A multilaver network
study linking the 500-hPa pressore height {geo-potential
height } with surface-level sir pollution in China and the
United States demonstrated how Rosshy waves (large-
seale atmospherie waves induced v Earth’s rotation] in-
fHuenee pollution through their effects on cyelone and an-
ticyelone systems [2T79].

The study of COy dynamics. a major driver of global
warming, has also benefited From multilaver approaches.



Oune interlaver climate petwork used atmospherie mid-
tropospheric OOy records and gronnd-level surface air
temperature (SAT) data to investigate interactions be-
tween OOy and SAT [280]. This analysis revealod strong
interlaver connections, with the most signibeant inks of-
ten spanning more than 7.000 ko, a distance consistent
with the wavelength of atmospheric Rossby waves. A
followe-up study retoved the influence of Rosshy waoces
to dsolate regons where COs concentrations are most di-
rectly related to SAT varfations [281].

Thus, multilayver network analvsis enables o more holis-
tie understanding of the Earth’s climate svstem by re-
vealing complex interdependencies among climatic vari-
ables and between environmental and societal factors,
These insights can inform more effective strategios for
climate adaptation, risk assessment, and policy develop-
ek,

1. Network medicine

Metwork medicine applies network sclence to biologi-
cal and medical data to better understand, prevent. and
breat diseases [282]. Biological svstems encompass a wide
wariety of networks, including protein-protein interac-
tions (PPIs). metabolic petworks, geone resulatory net-
wirks, or eell-cell communication networks, Tradition-
ally analysed in isolation, recent vears have seon o shift
toward integrating diverse omics data (genomics, pro-
teomics, metabolomics, metagenomics, phenomics, and
transeriptomics), leveraging multilayer networks to pro-
vide o more holistic view of complex biological processes,

Multi-ommics integration. especially when coupled with
longitudinal data, enables researchers to observe dynamac
interactions between biologieal lavers, identify key com-
ponents of system development. and better nnderstand
complex phenotypes. Among bislogical networks, PPIs
are some of the most extensively studied. In muoltiplex
PPI networls, lavers may represent interactions in difler-
ent types of cells (eg., novmal vs, cancerons), different
interaction types (eg. genetic vs. physical), or differ-
ent data sourees (e.g., co-expression, co-annotation)[283
285]. Such representations have been used to detect bi-
ologically enriched modules[286] and to mprove the pre-
diction of protein netions.

More frequently, scholars build multilaver networks by
cominning different omics, as illnstrated o Fig 9. In one
of the first works, lavers consisted of transeription fac-
tor co-targeting. microlNA co-targeting, protein-protein
interaction, and gene co-expression networks, Commuo-
nities of penes were extracted by combining partitions
found in the ndividual lavers via consensus closter-
ing [288]. Enrichment analysis on the genes belouging
ter the same community revealed a set of candidate can-
ver drivers [289].

Robustness = o promivent feature of most biologieal
systems. By studying the spreading of perturbations in
a multilaver network composed of a gene reaulatory laver,
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A protein-protein inkeraction laver, and a metabolic layer.
ome can characterise the contribation of each gene to the
overall svstem’s robustness: the most influential genes
are entiched in essential amd cancer gones [290]. An anal-
vsis of the spreading of perturbations through the three
bvers of a graph representation of the integrative sys-
tem of E. coli’s gene regulation and metabolism shows
that small perturbations, originating in the gene regela-
tory domain, typically trigger far-reaching system-wide
cascades, while small perturbations in the metabolic do-
main tend to remain more local and trigger much smaller
caseades [201].

Random walk dyvnamics offer a powerful foamework
for analysing pnltilayer biological systems., For examn-
ple. random walks across networks of disease-perturbed
proteins, drog targets, and biological lnetions help trace
how drug effects propagate [292]. Other studies use ran-
dom walks on multi-omics networks {combining lavers
from mRNA expression, PPIs, KEGG pathways, and
Cene Ootology terms) to map omies molecules to bio-
logical functions [293]. This methodaloay has also been
applied to COVID-19 datasets, enabling insight into dis-
ease severity amd therapeotic targets [204]. Single-cell
multi-omics multilaver networks have further improved
predictions of transeription factor binding sites, regula-
tory regions, and gene communities [295).

Another area of interest involves disease discase net-
works, where nodes are diseases and edpes represent
functional, semantic, or co-morbidity associations.  For
instance, two-layer networks combining gene-based and
ontoloey-based similarities have been nsed to identily
disenses with potential shared drug treatments [206].
Multiplex networks with phenotypic, genetic, pathaay-
brased, and tosdeogencmic co-morbidities have revealed
the dominant cansative mechanisms for bundreds of dis-
eases [207].  In another study, a bilayer network of
T diseases —connected via shared genes and  svmp-
toms—enabled the detection of disease comnmnities us-
ing multiplex Infomap [72, 298], Similarly, during the
COVID-19 pandemic, multilayer approaches were instru-
mental in understanding the disease. The CovhulNeel9
network integrated SARS-CoV-2 proteins, host proteins.
related diseases, symptoms, and drug targets, and its
analysis revealed high similarity between COVID-19 and
disenses that are also known patient risk factors [200]

Finally. the growing field of petwork embeddings has
facilitated the integration of heterogencous biological
datasets. By embedding multilaver biological networks
it peometric spaces, researchers have improved tasks
like drug-target nteraction prediction and blomacker
identification [300, 301] (see Section [TC3).

In short. multilaver networks are proving essential for
capturing the complexity of biological systems and m-
proving our nnderstanding of disease mechanisms, inter-
actions, and potential treatments.
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FIG. 9. Multilaver network featuring different omics (genes, proteins, metabolites] and their mutual interactions/associations.
Adapted Ggure with permission from [287]. @©2020 by Springer Nature,

J. MNetwork neuroscience

MNeuroscience 15 fundamentally centred on the study of
the brain as a wvast. mnterconnected system of neurons
and bramn regions, This beld encompasses not ondy the
structural and functional orgamsation of the brain bt
also the dynamic processes that dnderpin cosnition, be-
havieur, and neurological health,  Networls provide a
natural framework for capturing these complexities by
representing the brain as a system of nodes and edges.
Over the past decade, network nenroscience [302, 303]
has emerged as one of the most exciting amd inHuential
helds, offering new insights inta the brain’s organisation
and its intricate anctions.

Brain networks [MH] are mathematically modelled sys-
tems where nodes represent either neurons or specific
brain resions, while edges capture varions [orms of con-
nectivity.  These conpections may represent structural
connectivity, which reHects the physieal pathwayvs link-

ing brain regions and = often derived oo diffusion MIERT
or diffusion tensor imaging. Alternatively, they may cap-
tire functional connectivity, which deseribes statistical
relationships in neural activity between regions, as ob-
served through nctional MRI, electroencephalography,
or magnetoencephalosraphy. A third type. effective con-
nectivity, goes a step further by modelling causal inker-
actions and directional relationships betwesn regions, of-
ten using techoigues like Granger causality or dynamic
cansal modelling [305]. Together, these distinet forms of
connectivity provide a rich and multifaceted view of the
brain’s arganisation and activity.

Building on this foundation, multilayer networks offer
a sophisticated extension for exploring brain connectiv-
iy and dynamies [306. 307 These models expamd the
traditional network [ramework by incorporating multiple
interconnected lavers of nodes and edges. each represent-
ing a differeut dynamic or scale of analvsis [308]. Within
an individual, for example, these lavers can correspond



to distinet types of connectivity, such as structuaral and
functional networks, with interlayer links capturing rela-
tionships between them [30%). Similarly, temporal tran-
sitions in dynamic functional connectivity can be ropre-
sented as changes within and across layvers or states [310].
Bevond individuals, multilaver networks also enable the
comparison of connectivity patterns across populations
b moadelling interlayer relationships that represent sim-
ilarties between mdividuals or groups [311, 312, This
versatility allows multilaver networks to bridge gaps be-
tweeen data types and scales. revealing insights that would
be inaccessible nsing single-layer approaches [313-315].

The ability to ntegrate and analvse these diverse
sources of data has led to important studies in areas such
as buman learning [316], individual differences [317], the
dingnosts and wnderstanding of neurological and mental
disorders [318], among others like the relation between
social enviromuent and wvariation in brain network or-
sanisation [319].

Additionally, even though traditional network mod-
els focns mainly on pairwise relationships, higher-order
intersctions can be pulled into the multilaver networlk
paradipm. For instanee, one could consider multiple lay-
ers deseribing different orders of interaction, an approsch
that has contributed to new advances in the noderstand-
ing of human brain evolution and cognition [320], amd
the relation between brain activity and behavioar [321].
In addition, higher-order stroctures can help uneover
the relationship between structure and function in the
brain [322].

In sumunary, the multilayver networks framework rep-
resents a frontier in network neurcscience, enabling re-
searchers to integrate diverse data types and explore the
brain’s multidimensional nature. Continned methodolog-

wal advances will undoubtedly unlock clearer insishts
into brain function and dysfunetion, fostering progress
in both nenroscience and clindeal applications.

IV, DATA & TOOLS

Ciiven the growing interest in network science. a wide
array of resources has become available.  Yet, despite
substantial progress. challenpges semain in terms of data
availability. standardisation, and tool interoperability.
This section highlights the most relevant publie data
repositories and software libraries that support advaneed
network analysis and visualisation.

A, Data

Metwork data comes from a wide range of disciplines
such as biology, sociology, economics, newroscience, and
more. While mumerous repositories exist for general-
purpose network datasets, multilaver and temporal net-
wirk datasets ave comparatively less common and often
tailored to specific domains.  Furthermore, the lack of
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standardised formats can hinder reproducibility aned com-
parative stucdies across methods,

Mevertheless, various curated and open-access ropos-
itories offer  high-quality  datasets  that have become
benchmarks in the feld. Table I lists kev sources of net-
work datasets across domains. It 35 worth noting that the
table only inchules major and widely used repositories.
Many individoal vesearchers also make their datasets
publicly available on personal or project websites, While
this 15 an invaluable contribution to the community, it
also highlishts the fragmentation of the feld and the lack
of consistent standards for sharing and documenting net-
work data, although there 15 a lot of effort to ioprove this
sitation.

Hepository Metworks Reference
Netzachleuder 163735 323
Network Repository oGd 1324
EONECT 1326 [325
IcoM TOd [326
SHAP 127 [327]
uc a5 [328

TABLE 1. Examples of publicly available network datasets,
sorted by number of networks available as of September 2025,
Some repositories include multilayer, temporal. and higher-
order networks.

While many general-purpose datasets are readily ac-
cessible and well-dooumented, multilayer and  higher-
order data remain underrepresented. A key issue 1= the
lack of standardised hle formats to represent these com-
plex structures. which can complicate interoperahbility be-
twesn tools and comparisons across stdies,

B. software Tools

The development of dedicated software libranes has
significantly accelerated the field of network sclence, A
wide variety of tools exist for analysis, stmulation. and vi-
suabsation of networks, Table 1T sammarizes major soft-
ware librardes. including their main focns and program-
ming language. It is important to note that this overview
focuses on general-purpose tools for the structural anal-
veis and visualisation of complex petworks, Tools pri-
marily focused on specific functional processes or oom-
putational worktlows, such as these for graph neoral net-
worls [329] or epidemic simalations [81. 330, 331], are
port ireladed.

However, no single tool dominates the Held., Ewven
for peneral-purpose networks, researchers choose between
different libraries based on project requirements.  For
example, while networkX 15 widely used for its ease
of use and wversatility, alternatives such ss igraph v
graph-tool offer superior performance on large networks
due to optimised C/C4 4+ backends. Thus, selecting the
appropriate tool often iovolves trade-offs between ease of
use, secalability, feature set, and visualisation capabilities.



Type Name Main Focus Language Heference
DyNetX Dynamic netwaorks Python [#32]
HAT Higher-order networks Python, MATLAB ERE
graph-tool Creneral-purpose networks Python EREE
HGX Higher-order networks Python ER
HyperNetX Higher-order networks Python F36]
iGraph General-purpose networks Python, B. C 437]
MultilayerGraphs. j1  Multilaver networks Julia a38]
multinet Multilaver networks I B
o NetworKit Large-scale networks Python A40]
= networky General-purpose networks Python Ad1]
3 HDblib General-purposs networks Python 247}
5 pathpy Higher-order temporal networks Python 3]
pymnet Multilayer networks Python Ad4]
pyunicorn General-purpose networks Python A45]
Reticula Higher-order temporal networks Python 346]
SimpleHypergraphz. 11 Higher-order networks Julia 347}
atraph Tempaoral networks Python 48]
tacema Temparal networks Julia Aanj
TGLib Tempaoral networks Python, C44- a50]
tnetwork Temparal networks Python A51]
XeI Higher-order networks Python 52
Cytoscapse General-purpose networks Gl A64]
Gephi General-purpose networks (31l a64]
geraph General-purpose networks R A55]
Graphia Greneral-purpose networks Gl A656]
- MultiMet Multivariate networks Weh-based 257
g multi¥etX Multilaver networks Python 58]
a maxViz Multilayer networks R, Web-based A69]
ﬁ Netminer General-purpose networks GUL A6
= Hetwulf General-purpose networks Python, Web-based A61]
- HodeXL Creneral-purpose networks Exeel A62]
Fajek General-purpose networks 3l 363
pyaFlex Multilaver networks Python A6Gd]
Sigma.js Ceneral-purpose networks JavaSeript AG5]
Tulip Geneval-purpose networks Gl [66]
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TABLE I1. Libraries and tools [or network science apalvais and visualisation. with support for multilayver, temporal, and

higher-order networks., “Main foous” refers to the area where the software is primarily applied: however, some tools can

support multiple network types.

V. OUTLOOK

The past decade has shown that multilayer networks
are nol merely a conventent generalization of graph the-
ory but a lundamentally new modelling language, The
field has now reached a stage where the central gues-
tion i no longer how to adapt single-laver tools, bt how
to wlentifv the truly multilaver mechanisms that cannot
be reduced away, Several theoretical directions emerge
from this perspective. One concerns the search for min-
imal descriptions: determining when lavers encode irre-
ducible information and when they can be compressed.
Another direction concerns the interplay between multi-
layer topology and cross-layer dynamical conpling, where
instabilities, hybrid phase trapsitions, metastability, or
coexistence of dynamical regimes can arise due to the
mltiplex nature of the system. Understanding the gen-
eral principles that govern these phenomena remains a
major open challenge. At the same time, the ield’s inher-

ently multilisciplinary nature complicates the picture:
multilayver approsches ave used in physics, biology, eco-
nomics, compuiter science, and the social sciences, often
with different asswmptions, terminclogies. and modelling
priovities. This diversity makes commundcation across
communities dithealt. vet it also nnderscores the value of
multilaver networks as a common representational lan-
puage capable of nuilyving disparate viewpoints,

At the methodological frontier. several additional op-
portunities demand attention. The st ivvolves integrat-
ing multilaver representations with temporal and higher-
order structures.  Many real svstems combine heteroge-
nedns nteraction types with time-varying groap inter-
actions. but corrent modelling rameworks still tend to
treat these features separately. Developing unifie] the-
oretical tools capable of capturing polyadic mteractions.
memory effects, and cross-layer dependencies simnltane-
ously 15 an important next step. A second direction con-
cerns inference, where the rise of generative models, sta-



tistical reconstraction techogues, and machine-learning-
based embeddings is beginning to provide new ways to
infer hidden layers and mesoscale structures,  Yet, un-
derstanding the limits of inference remains unresolved.
A third challenge lies in controllability and optimisa-
tiom: while single-layer structural controllability is now
wiell understood. its multilaver analogue is largely unesx-
plored, especially when layers interact through non-linear
or time-dependent couplings. Finally, the rapidly grow-
ing integration between network science and artificial in-
telligemee opens a promising bul underdeveloped path.
Dewp learning architectures are themselves mmltilayvered
systemns whose internal dyvoamics could beneht from tools
developed in multilayver network science, potentially con-
tributing to interpretability and robustness in AL

Across domains, applications of maltilayer network sci-
ence are entering a phase in which dats and theoretical
tools are Onally becoming aligned. A key opportunity
lies in modelling conpled processes o the wild: infras
tructure faillures intertwined with cvber systems, eco-
nomic-epidemic feedbacks, multi-omics interactions, or
the joint evolution of online and offline social behaviour.
These problems require models that stmaltansously en-
conde structiral heterogeneity, temporal evolution, and
cross-layer feedback, which are precisely the strengths of
the mmltilayer paradigm. A central challenge, however,
15 that multilaver data and tools originate from many
different fields, each with its own conventions, formats,
and epistemic goals. This heterogeneity makes it difficalt
to cmmpare stadies or integrate datasels, vet 18 also e
Heots the breadth of the systems that multilaver networke
selence can represent. As common standarcds and imter-
operable software mature, they provide a platform for
senuine cross-disciplinary exchange, helping the Beld not
only acenmmlate dats but also communiente across com-
munities. In scientific domains ranging from ecalogy to
nenroscience, such integrative approaches are beginning
to veveal how processes at different seales coordipate, in-
terfere, or reinforee each other.

Looking ahead, progress will depend critically on the
avallability of high-resolution multilaver data, standard-
imeal formats, and interoperable tools, but alse on con-
ceptual clarity about what it means for a system to be
truly multilaver. I these developments continue in par-
allel, multilayver network science is poised to move from
descriptive analyses to predictive. actionable models ca-
pable of guiding mterventions, optimising coupled infras-
tructures. and informing policy in domains where inter-

21

dependence is no longer aptional to ignore. As the com-
plexity of modern systems continues to grow, the multi-
laprer perspective will remain essential for anderstanding
the intertwined processes that characterise the natural
and ensineered world,
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