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% Check for updates Traditional social network models focus on pairwise interactions,

overlooking the complexity of group-level dynamics that shape collective
human behaviour. Here we outline how the framework of higher-order social
networks—using mathematical representations beyond simple graphs—can
more accurately represent interactions involving multiple individuals.
Drawing from empirical dataincluding scientific collaborations and contact
networks, we demonstrate how higher-order structures reveal mechanisms

of group formation, social contagion, cooperation and moral behaviour
that are invisible in dyadic models. By moving beyond dyads, thisapproach
offers a transformative lens for understanding the relational architecture
of human societies, opening new directions for behavioural experiments,
cultural dynamics, team science and group behaviour as well as new
cross-disciplinary research.

The structure of social networks affects many aspects of human behav-
iour and, perhaps more than any other paradigm, lays bare the short-
comings of the ‘economic man’ perspective. Human beings do not
simply strive to amass the greatest amounts of conveniences and luxu-
ries withtheleast possible effort: because we are connected to others,
we often take their desires and well-being into account in spite of our
inherent self-interest. This line of thought leads to the perspective of
the ‘network man’,who, driven by embeddedness inanetwork of social
relations, exists and acts in a delicate balance between his well-being
and sympathy for the well-being of others. Ample evidence exists that
maintaining this balance affects most of our actions, from whom we
vote for to what we eat and which partners we choose and why'. Apart
from our behaviour, the complex connectedness of modern human
societies can be seen in the ease of global communication and in the
lightning speeds at which news and information as well as epidemics
and financial crises spread”.

Since the introduction of sociograms to describe social configu-
rations by Moreno and Jennings®, social network analysis has grown
intoafield ofits own. New theories have been proposed, starting with
Granovetter’s essays on the importance of weak ties forincreasing the
reach of marketing, politics and information beyond the few people
thatare accessible through strong connections®, as well as pioneering
experiments, such as Milgram’s work on the small-world phenomenon’.
Using nodes and links to describe individuals and their pairwise rela-
tionships, network science is now a major paradigm in contemporary
sociology and behavioural sciences, while at the same time being a
vibrantresearch field inits own right®™’.

Traditional social networks consist of agglomerates of dyads
(or pairs), which together give rise to large, interconnected webs of
humanrelations. Yet, this theoretical framework is not well suited for
capturing a crucial feature of human behaviour—group interactions.
In this Perspective, we discuss the limitations of the link as the single
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Fig.1|Higher-order representations of social network data. Given a dataset
with non-dyadic interactions, they can be encoded via hyperedges or simplices.
A k-hyperedge encodes an interaction among k individuals. A hypergraph,
acollection of nodes and hyperedges, is the most flexible way to represent
higher-order social networks. A simplicial complex, a collection of simplices,
constrains the representation by enforcing the condition to have all possible
subsets of the highest-order interaction also included in the complex. This leads
toinaccuracies, as all lower-order interactions are automatically considered,

losing the ability to distinguish between overlapping and non-overlapping
interactions (red dashed circle). A pairwise representation is obtained by
projecting the group interactions into cliques of pairwise interactions, thus
making itimpossible to retrieve the size of the original groups (marked inred
dashed circles). A bipartite projection allows the distinguishability between
different groups to be maintained, but here groups are represented in an indirect
way, as alayer of nodes rather than edges or hyperedges.

fruitful modelling paradigm for social interactions, and we highlight
the descriptive power of higher-order interactions, where individuals
canbeboundin groups of two but also three or hundreds, all at once.
The potential impact of non-dyadic modelling approaches was rec-
ognized in the early 1970s by Atkin'*" and Berge®. However, it is only
recently, thanks to unprecedented access to high-resolution social
network data, that higher-order social networks have emerged as a
natural solutionto capture and model the interconnected structure of
groups, which characterize many aspects of real-world social systems.

Thelimits of the classic network paradigm—and indeed theinher-
entirreducibility of higher-order interactions to pairwise interactions—
become particularly evident when studying not only the structural
organization of human relations but also human behaviour. As early
as 1895, Gustave Le Bon pointed out that an individual immersed in
agroup for along time loses their identity, becoming subject to the
‘magneticinfluence’ given out by the crowd™. A few years later, Simmel
further discussed the idea that group dynamics cannot be reduced to
the sum of dyadic relationships' and emphasized that groups of three
can facilitate the reconciliation and resolution of conflicts because
of a third party (for example, a mediating country facilitating com-
munication to find a mutually acceptable solution to a conflict) but
also can create new conflicts (for example, abeneficiary who chooses
between two conflicting sides to change the power balance). Drawing
from the ideas of gestalt psychology, Lewin postulated that when
groups are formed, they indeed become a unified system that cannot
be understood by evaluating members individually”. In modern lan-
guage, this translates into the ability to model new social phenomena
and dynamics such as peer pressure, opinion formation and large-scale
cooperationwith the tools of higher-order social networks. However,
incontrast to conventional social network analysis, which ofteninfers
group structures inductively from patterns of pairwise interactions,
the hypergraph framework allows for a more direct (or deductive)
representation of inherent group-level phenomena. This distinction
iscrucial for understanding social complexity that transcends dyadic
relationships.

Inwhat follows, we first describe the vocabulary and key concepts
behind higher-orderinteractions. We then look into large-scale digital
data as a trove of new opportunities for breakthrough explorations
of human behaviour, from collaboration networks to high-frequency
contact social networks. Lastly, we discuss recent research in which
higher-order social networks have been used to obtain new insights

onsocial phenomena, allowing us to reveal new mechanisms for group
formation; improve the modelling of social contagion, cooperation
and other forms of moral behaviour; and create opportunities for
social experiments. We conclude with a summary of the key recent
developments and outline promising directions for future research.

Higher-order interactions

Since its foundation, social network analysis has heavily relied on the
mathematical framework of graph theory*. In its classical represen-
tation, a social network can be seen as a graph—that is, a collection
of actors, represented as nodes, and links, describing the pairwise
interactions among them. Despite being widespread, this framework
has clear limitations when describing real social systems, where social
interactions often occur in larger groups. To better represent these
higher-order interactions, we can use more complex mathematical
objects, which naturally allows us to capture social relations beyond the
dyadiclevel”. The natural candidates to formally describe higher-order
social networks are hypergraphs. Formally, a hypergraph

I ={V,E}

isa collection of nodes V, representing the agents in the system, and
theirinteractions £, described as hyperedges, generalizations of links
that can encode relations not only between pairs of nodes but also
among an arbitrary number of K partners™.

Despite the focus on simple graphs, social network analysis has
already attempted to go beyond asimple characterization of relations
among pairs. At the micro-scale, non-dyadic interactions have been
investigated by looking at cliques (fully connected small subgraphs
whose members are all socially linked to each other) or other small
motifs’®, highlighting frequently observed patterns of social interac-
tions. At the macro-scale, much attention has been devoted to the
organization of individuals into social clusters or communities'*?.

However, extracting information about the real higher-order
structure of social networks from traditional graph representation
might be misleading. Weillustrate these limitations through an exam-
ple higher-order social network in Fig. 1. Hypergraphs'? are the most
flexible representation of higher-order social networks, allowing us to
encodeinteractions of arbitrary group sizes without any particular con-
straints. In the case of simplicial complexes, the systemis encoded as
acollection of simplices, which combinatorially describe interactions
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not only among their members but also among all possible subsets**.

For this reason, such a representation might not always be suitable,
except in cases where the presence of a larger group interaction also
implies the presence of all related interacting subgroups. Simplicial
complexes have beenwidely used because their structure makes them
well suited for methods from topological data analysis, which help
uncover patterns in the ‘shape’ of data. However, from a combinato-
rial viewpoint, they are arestricted type of hypergraph and therefore
often fail to capture the full complexity of higher-order interactions
observedinreal-world systems.

In a simple pairwise representation, groups are projected and
represented as cliques of dyadic ties. This severely limits our under-
standing of the structure of interactions in the system, as the original
groups generally cannot be retrieved. For instance, transitivity may
eitherindicate the presence of one higher-orderinteractioninvolving
three partners, or arise from combining three distinct social interac-
tions among three pairs of individuals. The two situations are both
frequent in collaboration networks, where a triangle may be associ-
ated with a single paper coauthored by a team of three individuals,
or with three distinct papers produced by pairwise collaborations.
Differences become even more relevant wheninteractions areinferred
from co-occurrence in social groups. If we take a group photograph,
agroup meeting or an email chain and we draw dyadic links among all
members of the group, thisinduces artificially high levels of transitivity
inthe system. Such distortions in network structure may lead to poor
modelling choices when describing social dynamics, which are strongly
affected by group mechanisms.

Past research has leveraged the language of pairwise networksin
an attempt to explicitly describe higher-order interactions. This can
be done by consideringa particular type of bipartite graph, where one
setof nodes describesindividuals, and asecond set of nodes accounts
for groups, each individual being linked to the groups in which they
participate”**. While such representation does not distort the data,
directhigher-order representations are preferable as they recover and
expand the original framework of social network analysis, where nodes
arereserved forsocialactors, and (hyper)links are used to modelinter-
actionsamong them. Hypergraphsalso allow for amore intuitive grasp
of many empirical features of real-world systems, such as the presence
of nested and overlapping group structures, than bipartite projections
do. Moreover, such a representation does not necessarily reduce to
a simple graph when only dyadic ties are present. Finally, we note
that higher-order approaches are complementary to coarse-grained
views of social networks based on communities’ and hierarchical
structures®, as hyperlinks allow for the detailed modelling of groups
of different sizes at the micro-scale.

Indeed, hypergraphs provide a natural representation of real social
systems in their complexity, which smoothly reduce to traditional
networks when only pairwise interactions are present. They allow
researchers toinherit a generalized toolkit of consolidated measures
of social network analysis, from degree to centrality measures®~.
Recent research has focused on developing richer ways to describe
higher-order connectivity. At the local level, such patterns can be
quantified using higher-order clustering coefficients*® and extensions
of motifanalysis®**°. At larger scales, new algorithms make it possible to
detect community structure—both hard***and overlapping®**—as well
as core-periphery organization®. Hypergraphs are also particularly
effective for representing the temporal evolution of social systems,
where higher-order interactions change dynamically over time** .
In parallel, efforts have been made to make such tools available to
the research community, through libraries such as HGX*°, XGI*' and
HyperNetX*. Inthe next sections, we provide a quick overview of recent
findings on the higher-order organization of social networks, from
collaboration networks to face-to-face interactions, and discuss how
the higher-order structure of real-world social systems affects social
processes and collective behaviours.

Fig. 2| Collaboration hypergraph from affiliation data. Hypergraph of
scientific collaborations, where each hyperedge represents the set of coauthors
ofanarticle.

Digital data

Affiliation and collaboration networks

Affiliation networks, where individuals are associated withgroups, are
aprimary example of social systems that cannot be suitably described
by simple graphs'. Indeed, affiliation with each group can be rep-
resented as a hyperedge of a social hypergraph. In the early 1980s,
hypergraphs were first used to describe overlapping participation
in voluntary organizations*, ethnic groups** and religious celebra-
tions®. This focus on group interactions soon served as a stimulus
to develop new network tools, such as centrality measures explicitly
taking into account higher-order social relationships**"*%. In the late
2000s, multipartite systems based on folksonomy (a system of users
collaboratively tagging and annotating data) were used to develop a
systematic framework torepresent these networks as hypergraphs on
the basis of various projection protocols***°. Moreover, group mem-
berships can be exploited to define similarity among individuals by
introducing a suitable association index®*.

Scientific collaboration networks are one of the most studied affili-
ation networks*** (Fig. 2 and Box 1). In many fields, scientificadvances
areachieved not through the work of lone geniuses but through team-
work, with a tendency of pairwise collaborations to be less and less
relevant than the outcomes of larger groups®*". At the individual level,
higher-order generalizations of local measures such asthe node degree
have been used to determine the relevance of scientists within scientific
domains®**, At the team level, some collaboration patterns have been
found to be prevalent®®, with a sizable number of groups of coauthors
often working together exclusively as a single unit®. Ifagroup of peo-
ple represents a true social structure (family, friends and so on), we
expect to see that same configuration of nodes recurring repeatedly
over time®, This tendency of repeated instances of groups is typical of
collaborationsinscience and holds truein workplaces, where workers
tend to form teams with similar sets of team members®’. Building on this
idea, researchers have identified persistent collaborations by detecting
statistically significant higher-order interactions®’. Most of these col-
laborations turn out to involve groups larger than pairs and are more
likely to be geographically co-located than short-lived coauthorships®*.

Coauthorship networks have also been investigated through
topological data analysis, providing a characterization of the ‘shape’
of collaborations®. Persistent homology, a recent computational
technique to extract topological features of a simplicial complex at
different spatial resolutions, hasbeen applied to collaborations across
different domains to get insights into collaboration patterns across
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BOX1

Higher-order analysis of collaboration hypergraphs

We demonstrate the power of higher-order networks by analysing
collaboration patterns in different scientific domains, investigating
arXiv coauthorship data (all papers uploaded between 2007 and
2022) in the fields of physics, computer science, statistics and
mathematics. For each domain, we constructed a hypergraph

FH(V, &), where each hyperedge denotes the set of coauthors
participating in a paper. In the following, we illustrate a variety of
higher-order measures and approaches of increasing complexity,
capturing different facets of the architecture of real-world
collaboration systems.
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Box Fig.1| a, This panel displays the probability distribution of interaction sizes for various disciplines. Mathematics papers are typically written by
the smallest teams. By contrast, physics papers are often produced by bigger collaborative efforts, as evidenced by the slower decay of P(s).

b, Switching from single papers to career trajectories of the authors, this panel shows the number of unique coauthors for each author as a function
of their total number of papers. For a fixed number of interactions, we observe a hierarchy among fields, with mathematicians forming fewer
unique connections in their career. Note the inversion between physicists and computer scientists compared with the previous plot, indicating
that while physicists tend to work in larger teams, they also have more persistent collaboration patterns than computer scientists. ¢, Analysing
patterns of interactions at the micro-scale, this panel displays the abundance of different higher-order motifs for subgraphs of three authors®.
Motifs Il and VI reveal that statisticians and mathematicians frequently work in pairs (Il), and when a larger team is formed, its members typically
also collaborate through pairwise interactions (VI), suggesting the presence of a mechanism known as simplicial closure®. By contrast, motif

Il shows that in physics and computer science, groups do not require the presence of underlying dyadic ties. d, These findings are confirmed

by looking at collaboration patterns at a larger scale by computing a measure of higher-order nestedness, which evaluates how much smaller
groups are encapsulated in larger ones®’. Due to the cost of processing high-dimensional data, it can be convenient to reduce a higher-order
network by providing a simplified representation that still captures its essential higher-order structure. e, This panel shows the number of
statistically significant co-occurring groups of coauthors across scientific domains, comparing their publication rate against a suitable null model
that preserves the activity of each author®. f, Focusing on physics—the domain whose collaboration patterns display strongest higher-order
character—this panel illustrates the higher-order dimension of homophily in social systems, evaluating gendered interactions separately for

dyads and groups®. g, By exploiting the temporal nature of the data, this panel quantifies the transition probability P(s,.|s,) of switching team size
in two consecutive papers®. For physics, authors who work in larger collaborations rarely revert to smaller teams. By contrast, mathematicians
more regularly alternate between groups of different sizes (not shown). h, Finally, we illustrate the power of higher-order networks to model social
phenomena such as contagion processes'”, finding that the spread of ideas and innovation on the collaboration hypergraph can be promoted by
incorporating group mechanisms to describe peer pressure.
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Fig. 3| Temporal face-to-face contact hypergraphs. Time-resolved contact
datacanbe described by atemporal hypergraph, where hyperedges describing
proximity or face-to-face interactions amongindividuals are extracted at each
observation time.

disciplines. As early asthe 1970s, Atkin pioneered work on the potential
of higher-order interactions, proposing a mathematical framework
based on cohomology and g-analysis to encode higher-order interac-
tionsinaffiliation data'®". Real collaboration hypergraphs were found
to have a peculiar structure, with more clustering and filled triangles
than what was observed in randomized systems with the same num-
ber of nodes and connections®®. An analysis of collaboration data
from arXiv also showed that when three authors have collaborated as
distinct pairs, there is a high chance that they also have all published
joint papers together®. The strength of such a ‘simplicial closure’, a
generalization of the well-known concept of structural holes for tra-
ditional networks®®, may differ according to the type of collaboration
hypergraphand can alsobe used to differentiate social networks from
biological systems®, Even if scientific fields were found to have quite
different typical sizes of collaborations, the number of collaborative
efforts in which each scientist takes part is generally comparable®
(except for large-scale experiments such as collaboration at CERN for
physics), afinding that could be associated with amaximum capacity
for attention.

High-frequency contact networks

Asdiscussed above, social structures, such as family and friends, result
in the same configuration of nodes recurring again and again over
time®'. We also know that the relationships during a meeting of agroup
of four people cannot be reduced to six pairwise relations®. These
two observations suggest that it is meaningful to describe real-world
contact networks using hypergraphs. Furthermore, the hypergraph
representation is particularly relevant when we include a temporal
perspective of how social interactions unfold. This intuition has been
confirmed as technological progress has made it possible to collect
datasets on large social systems with hightime resolution over extended
periods. In perhaps the largest study of high-frequency contact net-
works, the Copenhagen Networks Study’®, Sekara etal.” observed the
interactions of about 1,000 freshman students in five-minute time
intervals over 36 months. In addition to physical proximity meas-
ured via Bluetooth, they recorded virtual forms of social proximity,
including phone calls, text messages and social media interactions.
They found the physical proximity network to be well described as
temporal sequences of fully connected cliques or ‘gatherings’ lasting
up to 12 hours, with a gathering of size K corresponding to a meeting
of Kindividuals. While the nomenclature is different, a gathering of
size K'is essentially a hypergraph of size K. The authors also identified
repeated gatherings over time (denoted ‘cores’), corresponding to
groups of individuals that would meet again and again across weeks

and months. Analysing their dataset in terms of gatherings and cores
rather than simple dyads allowed them to define and predict the social
trajectories of individuals”. This dataset is available to researchers’.

The Copenhagen Networks Study is neither the first nor the last
study of high-frequency interaction data. Over the years, multiple
field studies have used state-of-the-art technology to collect contact
networks in diverse settings such as schools, universities, scientific
conferences, hospitals, museums and corporate offices. Below, we
highlight some major datasets on the composition and evolution of
groups. Akey example is the pioneering work in reality mining” from
MIT’s MediaLab, where students in an MIT dormitory were equipped
with sensing smartphones. Started in 2008, the SocioPatterns project”™
collected longitudinal data on face-to-face interactions in a number
of contexts such as a workplace, a scientific conference and a hospi-
tal”. Two datasets on contact networks at a scientific conference and
amuseum exhibition were collected and analysed by Isella et al.”,
while Génois et al.”’ collected face-to-face data using wearable sen-
sors in a corporate office. Similar data involving health-care workers
and patients at a hospital were collected by Vanhems et al.”. Other
examples of such data are the StudentLife dataset from Dartmouth
University’*®, the Marseilles high-school student dataset™ and Lyon
primary-school student datasets®. Inrecent years, the DyLNet project
collected high-resolution face-to-face data on preschool children over
aperiod of three years®, Finally, high-frequency contact networks have
also been inferred from other sources, such as connection to Wi-Fi
routers® or colocation in GPS data®.

More recently, higher-order representations have been directly
leveraged to describe the evolution of social interactions in physical
space with recurring groups, modelling them as a sequence of hyper-
edges of a hypergraph, as shown in Fig. 3. An analysis of face-to-face
interactions across different contexts revealed that, no matter the size
of'socialencounters, group interactionstend to be clustered closely in
time, a phenomenon dubbed as burstiness®. In the recent past, Gallo
et al.”® proposed a systematic framework to measure correlations
across time in higher-order networks. Using face-to-face data from
multiple sources, they analysed the correlation of groups of different
sizes across various time separations. Their analysis revealed that
groups of similar sizes are significantly correlated even at along time-
scale, thus reinforcing signatures of past gatherings. Furthermore,
using these temporal correlations among groups of different sizes,
they highlighted the differences between group formation and group
segregation depending on group size. While that model considered
social interactions from a group-membership perspective, lacopini
etal.” studied temporal group dynamics from anode-centric perspec-
tive. In particular, they found that individuals often move from larger
groupstosmaller groups and that groups form and break over timein
small, incremental steps rather than changing suddenly, often forming
large cores of central and tightly connected individuals®.

Beyond humans, high-frequency proximity data have also allowed
researchers to track the evolution of higher-order interactions in ani-
malsocial networks®, Ananalysis of avulturine guinea-fowl population
has revealed that females and low-ranking group members take part
preferentially in dyadicinteractions, while males and more dominant
group members are substantially more likely to engage in groups
containing more than two individuals®®. Beyond simple contacts,
higher-order approaches have also been used to study non-dyadic
communication patterns and vocal communication in birds, better
revealing vocally coordinated group departures and informing models
of cultural evolution of vocal communication®.

Modelling social processes

Group formation and evolution

Thereis asubstantial literature on social mechanisms that describes the
formationand evolution of ties in social networks’*~*, Focusing solely
on dyadic interactions, however, this work does not incorporate the
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Fig. 4 |Higher-order models of group formation. a, Agent-based model
describing the evolution of face-to-face interactions in physical space. An
agent considers the groups lying within a spatial range (dashed circle on top)
and decides to move and join one of them on the basis of their attractiveness
(the dashed arrow at the bottom shows the movement). Group attractiveness
depends on the properties of the group, such as its size and composition (here
pink and blue can denote gender). b, Initial snapshot of a hypergraph where
nodes with different inherent attributes are connected to each other through
edges and hyperedges (top). With time, the nodes rewire themselves as dictated
by group biases and preferences to form a highly segregated hypergraph with
high homophily (bottom).

higher-order nature of many social interactions. Given the higher-order
organization of real-world contact networks that we have summarized
above, astream of research has recently focused on proposing simple
models able toreproduce the observed empirical patterns. Gallo etal.’®
introduced amodel to generate a synthetic temporal hypergraph based
onthe memory of previous encounters. In particular, they showed that
consideringahyperedge update process based on the past occurrences
of specifichyperedges of various sizes reproduced real-life patterns of
long-term group correlations as well as dynamics of group aggregation
and segregation. By contrast, lacopini et al.” proposed a model from
anode-centric point of view. They considered that at each time step,
anindividual decides toeither stayinthe group orleave the old group
and join a new group, on the basis of the history of time spent in the
group aswell as the trajectory of past encounters (often dubbed ‘social
memory’). Their model accurately reproduces the empirical patterns
of group assembly and disassembly.

Another extension of this line of research concerns the introduc-
tion of signs—that is, having positive and negative links (for example,
torepresent friendships and enmities) ina collective of people. One of
the key mechanisms behind the dynamics of signed networksis social
balance theory®*:loosely speaking, the fact that the friend of my friend
ismy friend and the enemy of my enemy is also my friend®. This implies
that some triangles are stable (three people who are all friends with
each other, or two people who are friends and are enemies of a third
one) and others are unstable (two enemies with acommon friend or
three enemies). Naturally, this calls for astudy of triangle motifs in net-
works as drivers of relationship creation and destruction®. In addition,
higher-order networks provide a natural formalism to include other
motifs (squares, pentagons and cycles of any length) that have also
been shown to be relevant in temporal signed networks®.

A crucial feature neglected by network-based models is that in
contact networks, agents move in a physical environment. Indeed,
simple frameworks based on mobile agents and individual attractive-
ness have been shown to successfully reproduce the temporal struc-
ture and bursty behaviour of dyadicinteractions’. Beyond dyads, the
spatiotemporal features of groupsin human face-to-face interactions
canbe captured by agent-based models where each groupis character-
ized by an intrinsic degree of social appeal, the group attractiveness,

onwhichbasis neighbouring agents decide whether to join the group
orwalk away®®, as illustrated in Fig. 4a. The framework can reproduce
many properties of groupsin face-to-face interactions, including their
distribution, the correlation in participation in both small and larger
groups, and their persistence in time, which cannot be replicated by
dyadic models.

The above models can be enriched to account for individual fea-
turessuch asgender, unveiling complex homophilic patternsingroups
of different sizes’®, which are notincluded in standard pairwise meas-
urement of homophily (the tendency of individuals to associate with
similar others)®. First, group-level interactions exacerbate homophily.
In this way, homophily can exhibit multiplicative effects in the pres-
enceofagroup, departing from traditional ways of measuring dyadic
attractions'°®'°!, This can lead to social segregation and inequality
as groups form around shared attributes as depicted in Fig. 4b.In a
consolidated society where people associate with similar others in
multiple shared features such as socio-economic status, race and eth-
nicity, inequalities tend to become compounded'®?, and higher-order
interactions can amplify this compounding effect'®.

Social contagion

We now turn to the impact of group interactions on efforts to model
the spreading of rumours, the adoption of norms and the diffusion
of innovations. In biological contagion, such as epidemic spread-
ing, the probability of infection between a pair of individuals i andj
is proportional to the amount of time i and j spend together; in this
sense, the probability of infection isinherently dyadic'®*. Thus, when
anindividual is connected to multiple other agents, we can consider
eachlinkasanindependentsource of infection (Fig. 5a). Inthe context
of social contagion, the picture is less clear. Although it was initially
considered similar and modelled in similar ways'®"”, we have now
come to understand that ‘complex’ social spreading depends on the
network configurationaround asusceptible node'**™°, Unlike the case
of disease spreading, being exposed to abehaviour for tenhours by one
personis different frombeing exposed to the same behaviour for one
hour by ten people. Multiple mechanisms for social contagion have
been proposed, starting with the threshold model™"?, where multiple
exposures are needed for spreading. Opinion dynamics models'™, such
as the voter model™ or majority rule models™, are other examples
of complex interaction dynamics in networks. Theories of complex
contagion, where exposure to multiple sources is required for con-
tagion (Fig. 5b), are supported by mounting experimental evidence
that social spreading is different from disease spreading"®'*%. The
detailed mechanisms behind complex contagion, however, are still
not clear. Inthe computational domain, various epidemic models have
beenthoroughly explored, but the ‘toy models’ studied in this domain
(seeref. 123 for an overview) are typically chosen for their analytical
properties rather thanrealistic properties.

Recently, however, the use of aframework based on higher-order
interactions has shown great promise in allowing us to explicitly model
group interactions at the microscopic scale. The crucial novelty is that
groups of different sizes may be associated with unequal infection
rates, reflecting different degrees of social influence and peer pres-
sure'?* (Fig. 5¢). The model™* mimics a social reinforcement process
where group pressure can have an additive effect with respect to tra-
ditional pairwise transmission. If collective social influence associ-
ated with higher-order interactions is low, the system behaves like
a traditional susceptible-infected-susceptible (SIS) model. There
exists a critical threshold of pairwise transmissibility that separates
two regimes: one where new ideas quickly die out and another where
they persistinthe population. Near this threshold the change is usually
gradual, with only a small fraction of individuals adopting the idea.
However, when groups exert strong social pressure, the threshold
is lowered and the transition becomes abrupt, producing sudden
large-scale shifts in collective adoption.
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Simple

Fig. 5| Models of social contagion. Social contagion models, where individuals
canbeineitherasusceptible (S) orinfected (I) state. a, In simple contagion,
eachlinkacts as anindependent source of transmission, over which contagion
occurs with probability 8. b, In complex contagion, multiple exposures are
required for transmission, and contagion happens if a sufficiently high fraction
6of contactsisinfected. Nevertheless, the exact social structure is neglected,

Complex

Higher-order

and all neighbours of anode are considered together regardless of whether

they influenced a node as part of a group or not. ¢, The microscopic structure of
groupsis considered in higher-order contagion models, where groups modelled
as hyperedges can have different infection rates depending on their size, allowing
stronger (or weaker) transmission occurring in groups with probability B, to be
modelled.

Thisbehaviour canbe explained analytically by describing the tem-
poral evolution of infection using amean-field approach, which shows
the emergence of co-existence between endemic and non-endemic
stable regimes. Importantly, the bistability has social consequences:
depending onthe number of initially infected individuals, the propaga-
tion of anorm or behaviour may either diffuse widely into the popula-
tionor die out. Differing from the traditional pairwise models of social
contagion, this finding highlights the necessity of a critical mass to
initiate social changes in society, as also observed for related dynamics
of social conventions'.

Originally obtained for homogeneous simplicial complexes, these
results have been generalized to heterogeneous simplicial complexes'
and hypergraphs'”'?, giving rise to a promising stream of new research
aimed at characterizing contagion through better and more realistic
models of social dynamics.

Cooperation

Cooperationinlarge groups of unrelated individuals distinguishes us
most from other mammals, and it is largely due to these remarkable
other-regarding abilities that we enjoy our evolutionary success'”.
Understanding the origin and evolution of cooperation in unfavour-
ablesituations has been along-standing goal of natural and social sci-
ences™. Over the years, multiple game-theoretic modelling approaches
based on reciprocity®"'*, image scoring'**'** and reputation* "> in
collectiveaction problems have been proposed to enhance our under-
standing of how prosocial behaviours emerge in social systems. These
mechanisms can be broadly classified into five rules”’, one of whichis
network-based reciprocity, where repeated interactions among inter-
connected individualslead to higher levels of cooperation. Innovative
modelsleveraging these inherent pairwise structural patterns such as
heterogeneous numbers of connections, ordered neighbourhoodsin
lattices, modular structures and multi-layer networks™°** have been
shown to promote cooperation in social dilemmas. But this research
has also revealed the many possible options of defining groups and
attributing costsin classical networks. After all, many social encounters
are group-based, where multiple individuals interact simultaneously
and face the consequences together. It has been shown that group
interactionsinfactlinkindividuals together eveniftheyare not directly
connected in a pairwise manner, simply due to their participationin
thesame group'*. Moreover, group interactions imposed on classical
networks tend to diminish the impact of topology on cooperation due
to the averaging effect and the consequent emergence of well-mixed
conditions, especially for large groups'*.

Taking into account higher-order modelling frameworks largely
alleviates the difficulties encountered in pairwise interactions, suggest-
ing thathypergraphs are anatural way to study publicgoods gamesin
groups and how these group interactions influence the evolution of
cooperation*”*5, As a paradigmatic example, astandard publicgoods

game on hypergraphs was shown to correspond exactly tothereplica-
tor dynamicsin the well-mixed limit, thus providing an exact theoreti-
cal foundation—a null model—to study cooperation in groups'’. The
richness of higher-order modelling of evolutionary games, primarily
manifested through the nonlinearity in payoffs of individualsin a
group, was first exploited for well-mixed populations'*’ as well as struc-
tured populations™°. Building on the idea of synergy and discounting
in groups, subsequent research extended the framework for hyper-
graphs, finding thatincreasing the effect of nonlinearity (thatis, each
additional cooperatorin agroup scales the payofffor allmembersnon-
linearly) enhanced cooperative behaviour™'. Importantly, nonlinearity
represents a genuine case of higher-order interaction where group
behaviour cannot be decomposed into multiple dyadic interactions.
Along a similar direction, Wang et al.”*> explored multiplayer public
goods games with arbitrary strategies beyond cooperation and defec-
tion, such as peer and group punishment, to find that higher-order
effects are necessary for more precise modelling of public cooperation.

Going beyond the public goods game, Guo et al."** studied the
evolution of cooperation in simplicial graphs with pairwise and
three-body interactions for various social dilemmas such as the pris-
oner’sdilemma, the snowdrift game and the stag hunt game. The inclu-
sionof three-body interactions promoted the survival of non-dominant
strategies and led to a transition from dominant defection to dominant
cooperation depending on the underlying higher-order interaction
patterns. Civilini et al.”* introduced a group choice dilemma with the
possibility to choose either a safe alternative (with a lower payoff)
or arisky one (with a higher payoff). The model reproduced shifts in
choicesbased onthe group size, where the riskier options with higher
rewards were chosenif asmallfraction of individuals had alarge num-
ber of connections, mimicking a power-law degree distributioninthe
associated hypergraph.

Even though specific multiplayer games were studied, until
recently, there was a lack of a generalized framework to naturally
incorporate higher-order structures into multiplayer game dynam-
ics. Civilini etal.”*filled this gap by building a framework for any social
dilemma on hypergraphs as a specific case of the system illustrated
in Fig. 6. By meaningfully assigning payoffs for all possible combina-
tions of strategies for both pairwise and higher-order games, they
provided a universal framework to analyse any mixture of two- and
three-player social dilemmas. On the basis of their study, the emer-
gence of cooperation in a higher-order prisoner’s dilemma largely
depends on (1) the presence of a minimally sufficient fraction of
three-player interactions and (2) the existence of a small minority of
initially committed cooperators. These two factors together contribute
to push individuals to exhibit high levels of cooperative behaviour.
Accounting for group-size-based strategies and increasing the struc-
tural overlap between interactions of different sizes further promotes
cooperation™®,
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Fig. 6 | Multiplayer games on hypergraphs. A higher-order gameona
hypergraph with 2-hyperedges (pairwise links) and 3-hyperedges. The players
participate in games involving all their hyperedges and earn a payoff based on the
payoff matrix for two-player games and the payoff cube for three-player games.

R denotes the reward for mutual cooperation, while Pdenotes the penalty for
mutual defection. A cooperator earns a payoff S (namely, sucker’s payoff) against
adefector(s), while a defector earns a payoff T (temptation to defect) when facing
acooperator(s). G, and W,, respectively, denote the payoff of acooperator and a
defector against amixed group of a cooperator and defector. The subscript | and
A, respectively, denote the pairwise and higher-order payoffs.

Inthe wider context of cooperation studies, arelevant mechanism
to support the evolution of prosocial behaviour is group selection,
according to which competition among groups can lead to the evolu-
tion of within-group cooperation’’. Several works have explored this
mechanism through theoretical models, numerical simulations and
behavioural experiments, yielding complex results. For instance, while
some studies have highlighted that group selectionindeedleadsto the
evolution of in-group cooperation*®"*°, others contend that this effect
arises because group competitionintroduces a threshold for victory,
acting as an additional incentive, and it is this alteration in incentives
thatbolsters cooperative behaviour'. Although notable, these studies
generally view groups as simple aggregates of individuals, overlook-
ing the hierarchical dynamics that could meaningfully affect group
selection in real human societies. Using higher-order networks may
thus provide new insights into how and when group selection fosters
the evolution of in-group cooperation.

Beyond human behaviour, higher-order modelling frameworks
have proved successful in studying the coexistence of species and
the stability of ecosystems'®'®?, and we refer interested readers to a
focused review for a complete overview of the field'®. All in all, the
evolution of prosocial behaviour for any system of individuals partici-
patingininteractions of different sizes for any kind of collective action
problem still remains elusive. Apart from cooperation, coordination
and social learning have had important roles in cultural evolution in
humans. Future work should investigate more diverse and realistic
social encounters at various scales and validate the models in question
using available data.

Truth-telling and other moral behaviours
Group conflicts often arise from moral conflicts'** "¢, making the
study of the evolution of morality essential for understanding

social conflicts'’. Moral conflicts typically exhibit a hierarchical
structure, with various moral positions coalescing under broader
macro-positions, making them naturally suited for representationin
higher-order networks.

A critical dimension of moral behaviour is truth-telling, which is
fundamental to humaninteractions and social cohesion. Self-serving
lies are associated with adverse personal outcomes, such as marital
dissatisfaction'® and friendship dissolution'®’, considerable economic
losses due to tax evasion'® and insurance fraud”, and threats to demo-
cratic processes due to the spread of misinformation'’?. Behavioural
scientists have developed various paradigms to study truth-telling,
including the die-rolling paradigm'’?, the matrix search task'”*, the
Philip Sidney game'” and the sender-receiver game'”°. These experi-
ments typically involve dyadic interactions. Yet, many real-world sce-
narios entail communication from one to many, such as politicians or
journalists addressing the public, or within groups, such as company
boards deciding on the disclosure of information'”’.

Some theoretical work has investigated one-to-group,
group-to-one and group-to-group communications”*7%, revealing
that groups exhibit surprisingly sophisticated behaviours that are chal-
lenging to classify analytically. This increase in complexity arises partly
because individuals within a group may interact among themselves
and groups may be interconnected at a higher level. To overcome the
challenges of mathematical analysis, researchers can turn to numerical
simulations. However, these simulations have predominantly focused
onone-to-one interactions'™*2, To date, only one study has explored
the evolution of truth-telling in the sender-receiver game with one
sender and multiple receivers in higher-order structures'’, finding
that truth-telling may evolve when groups of players (each consisting
of one sender and multiple receivers forming a well-mixed population)
are interconnected in hyperrings, particularly when the size of the
hyperedgesis small, and in real-life higher-order structures using the
SocioPatterns database. Another study has examined the evolution of
honesty in sender-receiver games played by one sender and multiple
receivers belonging tocommunities, whose members may interact with
some probability’®*. The authors found that the difference between
the payoff corresponding to guessing the true state of the world and
that of guessing the false state has an inverted-U-shaped effect on
the evolution of truth-telling. We hope future work will extend these
techniques to study the evolution of lying and truth-telling in various
higher-order structures.

Beyond truth-telling, other moral behaviours such as trustwor-
thiness in the trust game', decisions balancing equity against effi-
ciency'® and altruistic punishment in the ultimatum game'®’ are also
drivenby moral considerations and often occur within group dynamics.
Theoretical frameworks such as the moral foundations theory and
the morality-as-cooperation theory suggest multiple dimensions of
morality, many of whichinvolve group interactions'* """, While some of
these behaviours have been explored using well-mixed populations or
classical networks, with afocus mainly on altruistic punishment'**”,
ingroup favouritism'®2% and trust?**?", research specifically address-
ing their evolution in higher-order networks is limited. We hope that
future research will address this critical gap.

Social experiments in the laboratory

The past 30 years have witnessed how behavioural experiments have
become the key tool to understand social behaviour in networks?? 2,
superseding purely theoretical approaches based on paradigms such
as homo economicus and its perfect rationality. A number of different
contexts and interactions have been studied by means of experiments
instructured populations, including coordination”*”, public goods>®,
cooperation®’, ultimatum games?° and trading®. This body of work
has established that strategic behaviour in groups depends on many
factors that interact with each other in complicated manners**?%,
Unfortunately, only alimited number of papers consider relatively
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large networks***** due to the complexities associated with running
experiments with sizable samples of participants. However, all experi-
ments on networks have only analysed dyadicinteractions: participants
choose one of the available actions in the situation of interest, and that
action affects allits connections in a pairwise manner. In this context,
itshould not be surprising that, to the best of our knowledge, there are
no experiments on strategic games in hypergraphs.

Thisgapinthe knowledge about humanbehaviourinexperimental
settings must be addressed if experiments are to become closer toreal-
istic situations. Indeed, it has to be realized that in the case of groups,
thereis nostructureinexperiments, meaning that the context is that of
asingle (typically small) well-mixed population. However, the network
structure used in experiments reflects more aset of dyadicinteractions
rather than peopleinteracting as a group. In the experiments, people
interact with their neighboursin the network, but this cannot be con-
sidered a bona fide group because every neighbour interacts with its
ownneighbours; thatis, thereis no structuredinteractionat the group
level with other groups, and groups do not connect to each other as
such. Hypergraph structures would allow researchers to overcome
thislimitation and bring experimental designs closer to applications.
Thiswould be the case, for instance, for studies of cooperation within
organizations,”” where often there are teams charged with different
tasks that cooperate in groups and not as a result of individual dyadic
interactions.

Experiments on strategic interactions in hypergraphs should
be informed by the available knowledge on behaviour in group and
network set-upsinthelaboratory. When understanding group behav-
iour fromthe participants’ level, it isimportant to take into accounta
number of features. First, behaviourin groupsis affected by individual
heterogeneity and beliefs about others: voluntary cooperationis inher-
ently fragile, even if most people are not free riders but conditional
cooperators®, Second, it has been shown?” that initial contributors’
decisions are affected by the behaviour of the group, while initial
non-contributors’ decisions are not, and letting individual behaviour
be known by the group increases contributions evenin groups consist-
ing only of initial non-contributors. This type of feedback interaction
betweeninformation at two different levelsis also likely to arise when
interactions take placein hypergraphs with their own group structure.
In this context, it isimportant to keep in mind that when groups are
large, the mannerinwhichinformationis presented (for example, aver-
ages versus histograms) has strong implications for the distribution
of individual behaviours**??, Inaddition, when the strategic situation
considered takes nonlinear effectsinto account, ithas been shown that
group size may increase cooperation in experiments?*°**', This may
haveimplications for hypergraphs, where hyperedges involve different
numbers of individuals and therefore possibly different levels of coop-
eration. Network effects will also have their counterpart depending on
the organization of hypergraphs. Experiments have shown?*** that
the observed emergentbehaviour is very sensitive to network details,
such ascommunity structure, centrality distribution and even having
aneven or odd number of connections. At the same time, the network
structure may make the information complexity increase beyond
what participants can grasp during experiments®”. Itis then clear that
experiments on hypergraphs should begin with studying how these
effects translate to a situation in which groups are the constituents
of the population structure. Importantly, such experiments would
have to deal with the complexity of the design, and a preliminary but
crucial question would be to assess the extent to which participants
understand the structure inwhich they areinteracting.

Conclusions and outlook

Theintroduction of higher-order networks has substantially expanded
our understanding of various social structures and phenomena. This
methodology has enabled a deeper exploration of the topology of col-
laboration networks and the temporal dynamics of contact networks,

hasrevealed new insights on how groups organize and potential biases
in group formation, and has begun to unveil the multilevel nature of
social processes such as contagion, cooperation, truth-tellingand other
moralbehaviours. Arguably, thisis just the beginning of a transforma-
tion that will touch virtually every field of research where networks
have proved useful and where group interactions have a role. We con-
clude by identifying five novel research areas where the application
of higher-order networks may yield substantial advancements. These
areas are not meant to be exhaustive but represent major examples
where higher-order networks are likely to bring new insights.

Computational challenges of higher-order social networks
While richer in information, higher-order social network representa-
tions also come with a variety of computational challenges. One chal-
lenge concerns data collection. While some datasets naturally comein
the shape of hypergraphs, such as collaborations in science, in other
cases current available datamight be stored in dyadic format, evenifthe
original systems had group interactions™. In this case, reconstructing
the original polyadicrelational structure requires additional informa-
tion, such as fine-grained temporal resolution for each dyadic tie, so
that cliques formed by co-occurring temporal dyads can be encoded
as hyperedges. Newly developed inference techniques can help to
reconstruct and predict groups even from simple projected graph
structure”*, from the statistical analysis of temporal patterns®*** or
considering the system community structure®****, using frameworks
based onthe higher-order stochastic block model. We hope that high-
lighting this challenge will promote the collection of relational data
directly at the relevant higher-order level. A second challenge relates
to the cost of higher-order representations*’, which have a higher
dimensionality than traditional graphs. A number of techniques have
been developed for efficient storage and efficient algorithm design®*
to mitigate the greater cost of higher-order analyses. Traditional graph
representations are often inadequate for hypergraphs and simplicial
complexes. Tosupportaflexible set of queries and maximize efficiency,
modernsoftware systems often trade off memory for speed by simulta-
neously maintaining multiple complementary data structures*®*, such
as hash tables and sparse incidence matrices. For storage efficiency,
tree-based encodings can beleveraged to compactly represent shared
subsets®’, particularly when many hyperedges overlap. Approximate
sampling methods offer another strategy for scaling algorithms, ena-
bling computationally intensive tasks, such as motif detection®’, to be
performed efficiently on large datasets with minimal lossin accuracy.
The curse of higher dimensionality makes understanding when the
structure of higher-order networks can be reduced without critical loss
of information an important problem. Despite first answers from the
field of dynamical systems*°?* algorithms should be able to determine
whether ahigher-order representationis optimal simply by looking at
the structural patterns of interactions and redundancies among groups
of different orders. A final challenge concerns the development of a
new class of nullmodels, serving as abaseline against which real-world
higher-order network structures can be compared and allowing us to
understand which higher-order features are sufficient to explain the
observed pattern. While a few works have already appeared on this
matter®®?*2*¢ we believe that deeper attention should be given by
the community to this topic, as new unexpected issues might arise.
Forinstance, asthe sampling space of higher-order networks is higher
than that of traditional graphs due to a combinatorial explosionin all
possible configurations of non-dyadic ties, adeeper exploration of the
ensemble of the randomized configuration is in general necessary to
achieve robust conclusions on the performed analyses.

Biases in group dynamics

The advantages offered by the higher-order interactions paradigm
come with some hidden costs. Even though groups offer cumula-
tive advantages, there might be biases and inequalities inherent to
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group dynamics. The formation of groups in networks can have une-
ven effects when some groups are systematically smaller than other
groups (minorities), whereby their access to resources and informa-
tion in networks is limited due to the structural constraints**’ that
group-level homophily imposes. These structural constraints also
affect network-based ranking and recommender algorithms used in
social media**®, potentially reinforcing inequalities in artificial intelli-
gence systems*’, Furthermore, ideas fromsocial balance theory*° con-
cerning the different structural roles of friendship ties and antagonistic
ties should be takeninto account while modelling group formation and
group-level dynamics. Higher-order interactions might also affect the
rich-club organization of social hubs and core-periphery structure,
which in turn affect the formation of super-connected elites. In this
way, higher-order interactions can amplify the influence of dominant
groups, as power and resources tend to concentrate in well-connected
clusters. The unequal distribution of resources combined with network
effects increases inequalities for minorities in a nonlinear way*'. To
overcome such inequalities that are driven by higher-order effects
in networks, computational models show promising new directions
for testing the effectiveness of a variety of policies in social networks
and online algorithms such as the influence of affirmative action and
behavioural change in reducinginequalities®? orimplementing fairness
methods in network-based online algorithms. Future work concerning
group formation mechanisms should aim to integrate these inherent
systematic biasesinto the models to bring them closer to understand-
ing the inequalities present in real life.

Team dynamics

Many scientific and societal breakthroughs cannot be obtained by
single individuals but need collective efforts of larger teams’>*>*>>,
Despite the growing interest in teams, from science to management
studies, most research has so far considered teams mostly as static
entities, neglecting their dynamics and temporal evolution. For
instance, in the science of science, most analyses consider the set of
coauthors of a scientific article as an entirely different unit and link
their compositional properties to success regardless of their previous
collaboration history. In organization theory, some studies have per-
formed multi-period observations of team activities through surveys
of team members, but this approach is clearly limited to collecting
fine-grained data about team activities over time**. New temporal
datafromscience, open-source software developments®*and escape
rooms”>*® have already opened the way to study temporal individual
trajectories of networked individuals involved in group interactions.
Beyond this, modelling frameworks such as temporal hypergraphs
applied to management and innovation systems, and even sports, will
allow usto characterize the dynamics and evolution of entire teams over
time, as well as their interplay and interactions, allowing us to better
understand the collective nature and emergence of embeddedness™’,
social capital®® and Matthew effects*’ in social networks.

Cumulative culture evolution

Human culture is uniquely complex due to its cumulative nature,
shaped by contributions from many individuals and requiring the
recombination of information*°. Higher-order interaction frame-
works offer new insights into cumulative cultural evolution, including
how knowledge is shared and innovated within hunter-gatherer socie-
ties?’. Hunter-gatherer groups are key to understanding cumulative
culture, as human cognitive and cooperative skills evolved within the
foraging niche over thousands of years**?**, For example, through
generations of collective problem-solving, Congo hunter-gatherers
developed extensive knowledge of medicinal plants, even though no
single individual holds all of this information®®. Like most Western cul-
tural traits, hunter-gatherer culture was built collectively over genera-
tions. Higher-order network models have potential to clarify the group
dynamicsthat drive culturalaccumulation beyond dyadic exchanges.

They could trace how information flows within hunting groups, story-
telling events, rituals or collaborative tool-making. These models may
also identify the optimal group sizes, compositions or interactions
that enhance knowledge transfer and foster innovation?*®2°%, Tem-
poral hypergraphs, for example, can monitor how changes in group
compositioninfluence cultural resilience and innovation, highlighting
the role of intergenerational or interpopulation transfers*’. These
processes may impact the rates of innovation and recombination,
leading to cultural complexification. Future research should explore
how group-level homophily or heterophily affects access to cultural
information. Computational modelsincorporating higher-order effects
could simulate how group structures influence cultural evolution. By
focusing on these dynamics, researchers can develop more compre-
hensive theories, addressing key questions in human evolution, such
as why cumulative culture emerged in the hunter-gatherer niche and
remains rare in other species.

The evolution of languages

Languages typically emerge from evolutionary dynamics aimed at pro-
moting communication among people”®?”", Researchers have applied
evolutionary game theory to examine how language develops within
networks”>?”, Yet, the role of higher-order networks in the evolu-
tion of language has thus far received little attention. Some aspects of
the evolution of language may be better understood by taking group
interactions into account rather than only dyadic interactions—for
example, when groups develop unique linguistic features and dialects
tomark boundaries with other groups”°. Additionally, recent advance-
mentsin behavioural economics suggest that linguistic content notably
influences people’s behaviour?’, indicating potential coevolution
of language and behaviour”®?”’, Studying the evolution of language,
behaviour and theirinteraction through higher-order networks there-
fore represents a promising area of future research.

Policymaking

Policy interventions are critical for addressing collective challenges
where individual interests may conflict with group welfare, such as
climate change®*°, shared marine resource management' and artificial
intelligence®. Recent years have seen important moves towards the
scientification of policymaking through so-called mega-studies, which
test numerous potential interventions on the same participant pool to
identify the most effective strategies**2%°, However, while these studies
provide aninstant snapshot of the likely effects of some interventions,
they do not take into account the dynamic and multilevel structure
of the issue. Moreover, it is virtually impossible to test all potential
interventions in behavioural experiments. Higher-order networks
may revolutionize policymaking, as simulations on these networks
can potentially compare the effects of many interventions at once,
taking into account evolutionary and multilevel dynamics, therefore
providing theory-driven suggestions for efficient policy interventions.
Additionally, behavioural experimentsinvolving higher-order networks
could offer new insights into how the effectiveness of interventions
propagatesinhumansocieties. Forinstance, arecent study evaluated
the effectiveness of alarge-scale health education programme through
afriendship-nomination process inspired by network-based social
contagion dynamics. The findings indicated that targeting via friend-
ship nomination decreased the quantity of households required to
achieve predetermined levels of village-wide adoption®®. Future work
might exploit the richness of higher-order contagion processes' for
even more effective results.

Altogether, our Perspective unveils the need to move beyond
dyadic approaches to capture the relational structure and dynamics
of real-world social systems. We hope our work will stimulate more
research on higher-order social networks to better understand how
individuals assemble together and how group interactions shape col-
lective human behaviour.
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