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Group adaptation drives opinion dynamics in higher-order networks
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In modern interconnected societies, opinions and beliefs can quickly spread across large
populations, giving rise to collective behaviors such as the adoption of social norms or
polarization. The interest in these phenomena led to the formulation of many models aim-
ing at reproducing relevant emergent properties from simple mechanisms of interactions
between individuals. In particular, opinion dynamics models mimic how the opinions of
individuals on a given topic may evolve when they interact, and study the conditions
for global consensus or polarization. Most models assume that these interactions occur
between pairs of agents, typically on a fixed network structure. However, discussions
leading to opinion changes can occur in groups, and these groups can also undergo
adaptive changes and modifications if their members disagree. Here, we propose a bounded
confidence model of opinion dynamics taking into account these two mechanisms: A
group discussion can lead to a global agreement among all group members, if their
opinions are close enough, while a strong divergence of opinions within a group leads
to its splitting, followed by merging of the resulting subgroups with other groups. We
systematically study the outcome of this model as a function of the tolerance of agents for
reaching an agreement. Strikingly, adaptivity seems to suppress important effects induced
by group interactions, and to restore a phenomenology close to the one obtained with
pairwise interactions. We show that adaptivity, which allows the formation of large groups,
prevents the transition to a fragmented state at small tolerance. Moreover, it restores a
phase transition from a polarized state to consensus, which would otherwise disappear
due to group effects in a nonadaptive bounded confidence model with group interactions.
Overall, our work shows that both adaptivity and group interactions shape the structure of
social ties and the global opinion dynamics in a population.

DOI: 10.1103/gcz4-wwb3

I. INTRODUCTION

Understanding how opinions evolve within a population is an important task in modern social
sciences [1–5]. In this context, a broad variety of opinion dynamics models have been developed to
mimic mechanisms through which individuals influence each other, and how collective behaviors,
ranging from polarization to consensus formation, can emerge from simple rules of interactions
inspired from social mechanisms [3–8].

Among these, bounded confidence models form a well-established and widely studied class of
models [6,9–12]: They describe individuals’ opinions as real-valued variables and assume that
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opinion changes can only occur through interactions, when the difference between the opinions
of interacting individuals is smaller than a prescribed confidence threshold (the parameter of the
model). In this case, an interaction between two individuals leads them to bring their opinions
closer. Despite the simplicity of their definition, bounded confidence models reproduce a rich
phenomenology, including clustering, polarization, and the emergence of global consensus: The
microscopic rules governing interactions translate into collective patterns that are sensitive to the
confidence bound, the distribution of initial opinions, and also to the structure of interpersonal
connections [9,12,13]. Indeed, the original model formulation [6] considers interactions between
randomly chosen pairs of individuals, while more realistic setups consider that agents’ interactions
can be represented as taking place along a social network, where nodes correspond to individuals
and links capture the possibility of a direct influence or communication event [3,11,14]. This
framework allows the study of how the network topology shapes the macroscopic outcomes of
opinion formation [13,15,16]. However, real-world interactions are not limited to pairwise relations:
Many social activities—such as group discussions, committee decisions, or collaborative online
exchanges—naturally involve interactions among more than two individuals at a time. Empirical
and theoretical evidence suggests that explicitly taking into account such group (higher-order)
interactions, by using models defined on hypergraphs, can better represent the complexity of
real-world social influence processes [17–19] and result in dynamical behaviors that have no
correspondence in purely pairwise settings [20–23]. In particular, several studies in the context of
opinion dynamics have shown that higher-order interactions can substantially alter the system’s
phenomenology, leading to qualitative shifts in the onset of consensus, the stability of opinion
clusters, and the pathways through which collective agreement is reached [24–27].

These works consider fixed interaction structures between individuals. However, it is also impor-
tant to take into account that the evolution of individual opinions can itself result in a modification
and change in these structures, through system adaptation to the opinion dynamics. To model such
feedback effects, adaptive network structures can be used, in which connections coevolve with
opinions [28–30]: For instance, individuals may break ties with neighbors holding opinions outside
their confidence range, leading to a dynamic reshaping of the interactions. When interactions are
pairwise, it has been shown that this interplay can significantly alter the model’s properties [28–31].
Adaptive behavior can, however, also concern group interactions: Individuals may withdraw from
group discussions, or groups can split into smaller subgroups if disagreement is too strong, and
isolated individuals or small groups may also join other groups [32], searching for similar opinions.
The impact of such higher-order adaptivity, in which the topology of group structures becomes
coupled to the evolving opinions, has been studied only for few cases [33–36].

Here, we contribute to this effort by proposing a bounded confidence model that incorporates
both adaptivity and group interactions. Specifically, we generalize the Deffuant model of opinion
dynamics with group interactions [6,27] to take into account adaptive behaviors: We assume that
members of a group can converge on a common opinion, if their opinions are close enough, but in
the opposite case the group splits into smaller subgroups. These subgroups can in turn rearrange
their connections and merge with other groups. We study how this interplay of the dynamics of both
opinions and group structure affects the model properties, as a function of the confidence parameter.
We show that the model’s phenomenology is very close to the one of the adaptive Deffuant model
with only pairwise interactions, with no fragmented phase at small tolerance, and a clear transition
from a polarized state to a consensus state. This is in stark contrast with the nonadaptive model’s
properties, which are strongly modified when higher-order interactions are taken into account [27].
Our results thus hint that higher-order effects in dynamical processes are limited when structure
adaptivity is taken into account, as it was also shown recently for spreading processes in Ref. [35].

II. THE MODEL

We consider a population of N agents who interact by comparing their opinions about a given
topic. As in the original Deffuant model [6], the opinions of agents i = 1, . . . , N are represented by
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FIG. 1. Illustration of the two phases composing one time step of the model. Nodes (agents) are colored
according to their opinion and each hyperedge (group) is identified by a number and a different color. (a) Initial
configuration composed by four groups. (b) Agents forming group 1 and group 2 converge respectively to a
common opinion. Group 4 instead splits into two overlapping subgroups (4a and 4b), while group 3 divides
into two disjoint subgroups (3a and 3b, with 3a being an isolated node). (c) Several of the subgroups resulting
from the splits of groups 3 and 4 merge with other hyperedges, generating new groups (3a + 4a and 1 + 3b).

real numbers xi ∈ [0, 1] and interactions happen in discrete time steps t = 1, . . . , T . For example, xi

may denote the political orientation of an individual confronted to a choice of two opposing parties.
In this case, extreme values (close to 0 or 1) correspond to strong alignment with one party, while
intermediate values indicate milder opinions and uncertain agents. At each time step of the model,
agents interact and compare their opinions with their neighbors. If their opinions are close enough,
namely, if they differ less than a given threshold ε, they reach an agreement and their opinions
are updated to a common value. Otherwise a structural adaptive modification is triggered. The key
parameter is the confidence ε, which encodes how tolerant the agents are and how much they are
willing to adjust their opinions. In the original model [6], agents interact in a pairwise manner. Here
instead, we take into account that interactions in realistic settings can occur in groups of arbitrary
size, by representing these interactions as a hypergraph H, where nodes correspond to agents and
hyperedges to group interactions [18,27,37]. Comparison of opinions therefore takes place in each
group: If the group members hold sufficiently close opinions, the discussion leads the whole group
to an agreement (all agents’ opinions in the group take the same value); otherwise, the hyperedge
representing that particular interaction splits into multiple subgroups. Afterward, each of these sub-
group may merge with other groups. These steps describe thus a coupled evolution of the structure
of interactions, through group splitting and merging, and of opinions, through group agreement.

More in detail, we start from a hypergraph H0 encoding the initial set of interactions among N
agents (nodes). We assign to individuals their initial opinions x1, . . . , xN and we perform at each
time the following steps (see also Fig. 1 for a schematic representation).

(1) Agreement or split. In this first phase, a hyperedge e is randomly selected and the opinions of
nodes in e are compared. If

max
i∈e

xi − min
i∈e

xi < ε, (1)

i.e., if the dispersion of opinions is not too large, all agents in e converge to the average opinion, i.e.,
xi ← 〈x j〉 j∈e ∀i ∈ e. If the condition of Eq. (1) is not satisfied, convergence does not occur: The
nodes retain their current opinions and e is split into several subgroups. Each subgroup e′ is built
in order to contain only nodes whose opinions are mutually within distance ε, mimicking how real
discussions lead to group fragmentation when disagreement is too strong. We proceed as follows to
build the subgroups of e:

(a) we choose uniformly at random a node i in e to serve as seed of a subgroup;
(b) we collect all nodes j, k, . . . ∈ e whose opinions differ from that of i by less than ε;
(c) we form a new hyperedge e′ consisting of these nodes;
(d) we repeat the procedure selecting the seeding node from e \ e′ to create e′′, then from e \

(e′ ∪ e′′) to create e′′′, etc. until no further seeding nodes can be selected.

000028-3



AGOSTINELLI, MANCASTROPPA, AND BARRAT

Note that at each step of the iteration, a node j included already in a subgroup (such as in e′, e′′,
etc.) cannot serve as seed of a new subgroup in step (d), but it can still be included in another sub-
group of seed k if x j and xk differ less than ε. Such nodes can thus act as “bridges” between different
subgroups resulting from the split of the original hyperedge e [see Figs. 1(a) and 1(b)], which can
hence present some level of overlap. We also note that this process can result in some isolated nodes.

We apply the procedure of agreement or split to all hyperedges of the hypergraph, taken in
random succession, and we then proceed to the second phase of the time step.

(2) Merger. In this phase, each subgroup resulting from the splitting phase can merge with other
groups, and we assume that the probability to merge depends on the groups’ sizes. The rationale
is that small subgroups tend to seek interaction partners to avoid isolation, while larger groups are
less likely to do so. We model this higher propensity of small groups to merge by assigning to each
subgroup e′ a probability p(e′) = 1/|e′| of attempting to merge with another existing hyperedge. The
target hyperedge et that e′ joins can be another subgroup resulting from a split, a group that reached
consensus in the previous phase, or even a group that has just formed due to another merger. It is
thus possible that three or more groups are combined together in a single time step. Moreover, et is
selected among all hyperedges in the hypergraph [Figs. 1(b) and 1(c)], with probability depending
on the size of the merged group, q(e′ → et ) ∝ 1/|e′ ∪ et |. The motivation behind the choice of p(e′)
and q(e′ → et ) comes from empirical observations on face-to-face interactions [32,38]: (a) mergers
leading to very large groups are less likely—a property captured by q(e′ → et )—and (b) big groups
typically result from the union of a preexisting group with a few additional agents, rather than from
the merger of two equally sized groups—which is induced by our definition of p(e′). Importantly,
we do not require members of e′ to have any prior information about the opinions of agents in et

[29,30]; hence, the merging is only driven by the groups’ sizes and not by the opinions within them.
We finally note that we do not take into account a possible multiplicity of hyperedges: If an already
existing group e is created anew by either a split or a merge, we ignore it.

We let the model evolve according to the rules mentioned above until the following convergence
criterion is satisfied [27], indicating a steady state in which opinions do not evolve anymore:

N∑

i=1

|xi(t + 1) − xi(t )| < 10−3. (2)

This criterion by itself does not ensure that the system has reached a fixed point. Indeed, small
groups (or even an isolated node) might merge with another one but be unable to reach consensus
because of too different opinions, and thus split again at the next time step. This might happen
several times in a row, resulting in an evolution of the structure but not of the opinions. For this
reason, after Eq. (2) is satisfied, we let the model run for 10 × Nop additional time steps, where Nop

is the number of different opinions present in the system at that time.
It is worth noticing that the condition of Eq. (1) rules whether agreement is reached or not

by relying only on the most extreme opinions within a group. This generally makes it hard for
large groups to reach consensus. Although this assumption finds empirical correspondence in some
contexts [39], in general, it might be considered as too restrictive as not taking into account the
number of agents in e nor the way their opinions are distributed. To explore this issue, we also
consider a different, less strict, rule for group agreement in the Supplemental Material [40]. This
rule, originally proposed in Ref. [24], makes agreement possible if the variance of agents’ opinions
within a group is smaller than a given threshold, highlighting the importance of mediators in group
discussions.

III. RESULTS

To explore how the combined mechanisms of higher-order interactions and adaptation influence
the dynamics of opinions and the structure of interactions, we implement and study the proposed
model through numerical simulations.
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First, we initialize the model by specifying the structure of interactions, i.e., the hypergraph H0,
and the opinions of the N agents at time t = 0, i.e., {xi(0)}. For simplicity, here we consider for H0

an Erdős-Rényi (ER) random hypergraph [27,41], and the initial opinions are taken uniformly at
random in the interval [0, 1]. We remind that an ER random hypergraph is the generalization of ER
random graphs: It is defined by a set of possible hyperedge sizes {S} and by a set of probabilities
{ps}s∈S , which determine for each size s the probability of any group of that size to be present in
the hypergraph (for each s, one can equivalently specify instead 〈ks〉, that is, the average number of
groups of size s to which a node belongs). Here, we consider the case of a unique initial group size
s = M, with an average hyperdegree 〈kM〉 = 10, and study the cases of M = 2, M = 4, and M = 6.

In the Supplemental Material [40], we also explore several other initial conditions, in terms of
both initial hypergraph structure and opinion distributions. In particular, we consider nonuniform
ER hypergraphs and several empirical hypergraphs describing face-to-face interactions collected in
different settings and environments [42–45] as initial structures of the interactions. We show that, as
the model is adaptive, the dynamical evolution leads to substantial changes in groups’ structure, but
the initial topology of H0 does not affect strongly the evolution and steady state of the system. In
the Supplemental Material [40], we also consider nonuniform initial distributions of the opinions,
showing that this, on the contrary, can have a strong impact on the final outcome of the model.

A. Steady state

One of the major questions when studying models of opinion dynamics lays on the long-term
configuration of the system and consists in understanding under which conditions or in which
parameter range macroscopic properties such as polarization or consensus emerge from the mi-
croscopic mechanisms driving individual behavior. Here, the parameter of interest is the confidence
ε [6]: We thus analyze how the set of opinions and the structure of interactions in the steady state
depend on ε.

1. Phase diagram

To characterize the final state, we first measure the following quantities, computed in the final
state: (1) the number of connected components (Ncc); (2) the relative sizes of the two largest
connected components (Scc/N); (3) the relative number of groups (hyperedges), with respect to its
initial value (E/E0); and (4) the average and maximum sizes of the groups. The two first quantities
give information on how opinions are distributed in the final state. Indeed, a connected component
is by definition composed by individuals sharing the same opinion (note that the opposite is not true:
two different components might a priori correspond to the same opinion). On the other hand, the
two latter quantities give structural information on the higher-order topology.

Figure 2 shows how these quantities depend on ε, for several system sizes N and initial group
sizes M. Let us first focus on the behavior of Scc/N at small ε: Although it decreases as ε diminishes,
no transition to a fragmented state is observed (a fragmented state is defined as a state in which no
cluster of extensive size is found, hence Scc/N → 0). As observed in Ref. [29] for the pairwise
adaptive Deffuant model, the fragmented phase, which is present in the nonadaptive case (both for
pairwise and for higher-order structures [27]), disappears when rewiring of the topology is enabled:
The size of the largest component decays smoothly as the tolerance ε decreases, but it remains
extensive. Indeed, rewiring allows individuals with similar opinions but initially far from each
other in H0 to regroup and create larger clusters instead of remaining isolated, hence preventing
a fragmentation regime.

Moreover, we can identify two main regimes in the behavior of Scc/N . For increasing ε, the sizes
of the two largest components increase, remaining close until they both reach values close to N/2.
This corresponds to a polarized state, in which most of the agents are divided into two connected
components. A plateau is then observed, as the opinions represented in these two components
remain incompatible, until a threshold in ε is reached: The system undergoes an abrupt transition to
a global consensus, in which a strong majority of agents belongs to the same connected component
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FIG. 2. Main features of the model in the steady state. Each row shows the behavior of a specific quantity
as a function of the confidence parameter ε; columns correspond to different initial group size M. H0 is an M-
uniform ER hypergraph and opinions are initially uniformly distributed in [0, 1]. Top row: number of connected
components (Ncc); second row: relative size of the two largest connected components (Scc/N) and variance of
the largest one (inset); third row: relative number of hyperedges, with respect to the initial value (E/E0); fourth
(bottom) row: maximum (dashed line) and average (solid line) hyperedge sizes (|e|). Inside the panels, curves
are colored according to the size of the system N , from N = 500 to N = 5000 (see legend). For each value of
ε, results are averaged over 20 independent realizations of the model, starting from different instances of H0

and xi(0).

of size almost N , and shares thus the same opinion. Interestingly, this transition is present in the
pairwise model, both adaptive and nonadaptive, but was shown to disappear in the Deffuant model
with nonadaptive group interactions [27] for large enough group sizes, due to higher-order effects.

Overall, the behavior of Scc is very similar to the one observed in Ref. [29]: Adaptivity thus seems
to restore the phenomenology hindered by higher-order interactions. Contrarily to the nonadaptive
higher-order case, the initial size M of groups does not affect the qualitative behavior (absence of
fragmentation, and sharp transition between polarized and consensus states), but the transition to
consensus is simply shifted to larger values of ε for larger M (with thus a completely polarized state
present on a broader range of ε values).

While higher-order features do not strongly impact the landscape of opinions of the adaptive
Deffuant model, differences between pairwise and higher-order models emerge at the structural
level, as revealed by the number and size of hyperedges. The adaptive dynamics of splitting and
merging of groups can indeed generate groups of various sizes. As the last row of Fig. 2 shows,
sizes much larger than the initial one can be reached, for any M. This effect increases slowly
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with the system size (for instance, in the Supplemental Material [40] we show that |e|max grows
as log10 N for M = 4): Although the initial size of interactions is fixed, larger systems make it
possible for the agents to aggregate into larger groups. Nevertheless, the average hyperedge size
remains approximately stable across different values of ε and does not vary strongly with M nor
with N , indicating that the typical number of agents interacting in a group is mainly influenced by
the rules governing the dynamics, rather than by the parameters of the model.

The various panels of Fig. 2, moreover, illustrate an interesting nonmonotonous behavior in a
range of values of ε just above the transition to global consensus. Although most agents belong
indeed to the largest component (with the consensus opinion), the number of connected components
Ncc presents a range of relatively high values, indicating a prevalence of connected components of
small sizes. In the same range, the average and maximum group sizes increase, while the overall
number of groups E/E0 slightly decreases. This phenomenon can be understood by considering how
the system reaches the steady state, i.e., by focusing on the systems dynamics before the asymptotic
regime (which we present in detail in Sec. III B). At very large ε, consensus is reached easily, so that
few split and merge processes are observed, limiting the maximum group size reached. At values of
ε allowing for a broad consensus but not too large, however, agents with initially extreme opinions
might create disconnected components more easily; moreover, reaching the steady state can take
more time than for large ε, leading to more split and merge processes and allowing the system to
create larger groups. Finally, at ε just below the transition, the system is in the polarized state, and
(almost) all initial opinions can converge to one of the two antagonist opinions, thus again limiting
the possibility to create disconnected components.

2. Properties of connected components and single agents

To characterize the steady state of the model more in detail, we now focus on specific values of
ε. For simplicity, we restrict to the case of H0 being a 4-uniform ER hypergraph and consider the
values ε = 0.1, 0.3, 0.4, 0.6, which correspond to four different regimes and behaviors as observed
in Fig. 2.

For ε = 0.1, Fig. 2 indicates that the number of connected components is large, and the sizes of
the largest and second largest components are extensive but much smaller than half of the system
size. To go beyond this simple characterization, Fig. 3 explores the distribution of the relative sizes
of connected components, P(scc). It shows that the system is organized into few components of
extensive sizes and some very small ones. The middle and bottom rows of Fig. 3 show, respectively,
the distributions of final opinions of individuals P(x) and of components P(y), for single runs of the
models: The large components are of similar sizes and represent opinions evenly spaced from each
other (of ≈2ε) as in the original mean-field Deffuant model; some small components of intermediate
opinions are present, which have remained isolated during the dynamics (such intermediate opinions
cannot remain in the mean-field case). Similar results were found in the Deffuant model on adaptive
networks without group discussions [29], suggesting that higher-order interactions do not influence
this aspect of the dynamics.

For ε = 0.3, the system is in the fully polarized state, with the two largest components made each
by almost half of the population. The size distribution of the connected components P(scc) is indeed
concentrated around 0.5, although some very small components can still be present. The distribution
of opinions exhibits typically two peaks corresponding to the opinions on which the two components
have converged, with occasionally a third peak at an extreme opinion value, corresponding to one
or few isolated individuals.

We do not show the results for ε = 0.6, as the distributions are trivially Dirac peaks at scc = 1,
with all agents carrying the same opinion and being in the same connected component. While, even
if still in the consensus phase, the case ε = 0.4 has a richer phenomenology: In addition to the
large cluster of relative size close to 1, a number of very small clusters are present. Interestingly,
the dynamics of opinions has led most agents toward an intermediate value close to x = 0.5, and
the opinions of the small components are instead extreme ones, close either to 0 or to 1. The
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FIG. 3. Distributions within the steady state, for different values of the confidence parameter ε. First row:
distribution of relative sizes of connected components scc. Second row: distribution of agents’ opinions x. Third
row: number of connected components with opinions y. The starting structure of interactions is a 4-uniform ER
hypergraph (see also central column of Fig. 2) with 〈k4〉 = 10, and the initial opinions are uniformly distributed
in [0, 1]. Each color corresponds to a specific size of the system (see legend). For P(x) and P(y), we show only
the values related to one single run with N = 1000 and one single run with N = 5000, to improve readability.
The values of P(scc ) are instead averaged over 50 independent realizations.

individuals holding extreme opinions, who have not been able to take advantage of the dynamics
to progressively move toward the consensus one, remain thus marginalized and isolated in several
small components.

To complete our investigation of the steady state, we focus in Fig. 4 on local structural properties
at the various values of ε considered, studying (1) the distribution of hyperedge sizes P(she) and (2)
the distribution of node hyperdegrees P(k) in the final state. As expected from the dynamical rules
of the model and from Fig. 2, P(she) is strongly influenced by group adaptation. Indeed, in the initial
hypergraph P0(she) is a Kronecker delta δshe,4 by construction, but in the final state it presents a much
broader shape. For all values of ε, small group sizes close to the initial value M = 4 remain favored,
but an exponential tail develops: Even if large groups are rare, their sizes can reach values much
larger than M. This implies that several merging events have managed to create large cohesive
groups sharing a common opinion. Note that, as discussed above, the exponential tails extend to
larger values for ε = 0.4, while the decay is more abrupt for ε = 0.6.

Finally, studying the distribution of the hyperdegree, i.e., of the number of interactions in which
an agent participates, gives some further insights. The initial distribution is by construction a
binomial distribution centered in k = 10, and Fig. 4 (second row) shows how it is impacted by
the dynamics. For ε = 0.6, the high confidence means that it is easy for an agent to agree with at
least part of the other agents in an interaction, or to find another group to interact and agree with.
Therefore, the number of interactions of each agent does not change, and the final and initial P(k)
are superimposed. For ε = 0.3 (polarized state) and ε = 0.4 (consensus state), the dynamics also
impacts only slightly the hyperdegrees: P(k) remains close to the initial distribution, and the initial
and final hyperdegrees of agents are strongly correlated (see the Supplemental Material [40], where
as an example we show that for ε = 0.4 the Pearson correlation between initial and final hyperdegree
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FIG. 4. Distributions of structural features within the steady state, for four values of ε. First row: distribu-
tion of hyperedge (i.e., group) sizes. Second row: hyperdegree distribution of the initial (dashed lines) and final
(continuous line) hypergraphs. The starting structure is a 4-uniform ER hypergraph with average hyperdegree
〈k4〉 = 10; initial opinions are uniformly distributed in [0, 1]. Each line color corresponds to a specific size of
the system (see legend). The results are averaged over 50 independent realizations of the model.

is r � 0.85). For ε = 0.1, the distribution has instead been largely modified by the dynamics: It is
peaked around k = 5 in the final state. This is a direct consequence of the low confidence that makes
it more probable for an agent not to agree with any of the others in a given group, and thus to isolate
from that group, decreasing its hyperdegree.

B. Temporal evolution

We now examine how the final state described in the previous section is reached dynamically by
the system in the different regimes identified. To this aim, in Fig. 5 we show the temporal evolution
of several structural and dynamical features of the system: the number of distinct opinions present in
the system Nop, the number of hyperedges in the structure of interactions E/E0, and the average and
maximum hyperedge sizes. As in the previous section, we focus on the case of an initial 4-uniform
ER hypergraph, and on the values ε = 0.1, 0.3, 0.4, 0.6.

Figure 5 illustrates the presence of different timescales in the temporal evolution of groups and
opinions. It first highlights that the adaptive dynamics is generally very fast, with the characteristic
timescales, however, depending on ε. In particular, the first steps see a sharp decrease in the number
of different opinions present in the system, corresponding to events of local agreement (first row
of the figure). In parallel, a first structural adjustment takes place, with the maximal group size
increasing fast due to events of splitting followed by merging. Moreover, for ε = 0.1 the number
of hyperedges decreases, while it increases for the other values of ε: This is due to the possibility,
at small ε, that all initial opinions in the group are far apart, resulting in the total split of the group
into isolated nodes (see the Supplemental Material [40], where we show that for M = 6 E increases
at this value of ε: indeed, for larger M the probability that a group is totally dissolved by this
mechanism is lower). After this fast adjustment of both opinions and structure, a slower evolution
takes place (except for ε = 0.6, since the dynamics is extremely fast as agreement is easy, and no
further evolution takes place after the first phase). The evolution is particularly slow for ε = 0.4,
which is in the range of parameter where a global consensus is reached, but in which a relatively
large number of connected components of diverse opinions (extreme ones) remain in the final state,
and in which larger group sizes are also obtained. The fact that the dynamics is slower for ε = 0.4
than for ε = 0.3 is in agreement with the previous discussion concerning this parameter range: At
intermediate values of the tolerance, it is easier and faster to reach a polarized state than consensus;
in turn, the slower dynamics at ε = 0.4 allows to create larger groups. Finally, in the Supplemental
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FIG. 5. Temporal evolution of structural and dynamical features of the system for four values of ε. First
row: number of different opinions present in the system (Nop). Second row: relative number of hyperedges
(E/E0, with respect to the initial value E0). Third row: average (continuous line) and maximum (dashed line)
group sizes (|e|). The insets contain the early evolution of the corresponding quantities. The starting structure is
a 4-uniform ER hypergraph with average hyperdegree 〈k4〉 = 10; the initial opinions are uniformly distributed
in [0, 1]. The results are averaged over 50 independent runs of the model.

Material [40] we also show the number of events (agreements, splits, and mergers) occurring per
time unit, showing again that most of the opinion dynamics occurs in the early time steps, while full
convergence takes longer be reached.

IV. DISCUSSION

In this work, we have presented and studied a bounded confidence model of opinion dynamics,
which simultaneously takes into account two crucial social mechanisms, only considered separately
in previous works [27,29]. First, agents are not limited to interact in pairs and can discuss in
groups of arbitrary size. Second, groups display an adaptive behavior driven by the opinions of
their members. As in the original Deffuant model [6], a group of interacting agents with similar
opinions reaches an agreement, and all the agents of the group converge toward a common opinion
[27]. On the other hand, groups comprising individuals with incompatible opinions are not stable
and break into smaller groups, which can then merge with other groups. The model yields therefore a
coupled dynamics of opinions and structure of interactions. Moreover, as interactions are not limited
to pairwise ones, contrarily to the adaptive Deffuant model of Ref. [29], the adaptive dynamics can
be richer, and the higher-order topological structure changes dynamically.

We have studied by extensive numerical simulations the combined impact of higher-order
interactions and adaptivity on the final state of the system and on the system’s evolution, in terms
of both opinions and structure. Our results show the absence of a fragmented state in our model,
similarly to the pairwise adaptive case, and in contrast with the nonadaptive one (with both pairwise
and higher-order interactions): Even for small values of the confidence parameter, connected
components of an extensive number of agents sharing the same opinion can emerge. Moreover, the
transition from polarization to consensus, which has been shown to be smoothed out by higher-order
interactions in the nonadaptive Deffuant model [27], is restored by adaptivity. Thus, similarly to a
phenomenon recently observed for spreading processes on adaptive higher-order structures [35],
the impact of the higher-order nature of interactions is strongly dampened by adaptation. In other
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terms, adaptivity, i.e., the ability of agents to restructure their interactions when they cannot agree
with others, appears to be the leading factor driving the global qualitative behavior of the system.
Of course, group interactions do have an impact, even if limited, on the model’s properties. From
the structural point of view, in particular, groups of large size emerge, possibly much larger than
the initial groups. Even if the initial interactions have a uniform size, the dynamics generates final
distributions of sizes with an exponential decay similar to the one observed empirically [32]. Group
structure impacts also slightly the transition between polarization and consensus: Indeed including
larger groups in the initial structure of interactions increases the corresponding critical confidence
parameter value, and a final polarized state is reached for a wider range of confidence values.
Note that, as investigated in the Supplemental Material [40], this result is also influenced by the
definition of bounded confidence, i.e., by the specific rule for agreement inside groups. Indeed, if
the ability of a group to reach an agreement is determined not by the difference between the extreme
opinions represented in the group, but by the variance of the opinions, group agreements are reached
more easily, since nodes with intermediate opinions act then as mediators within the group. As a
consequence, global consensus is reached for smaller values of confidence (almost independent of
the initial group size), and the parameter space that leads the system toward a polarized state is
reduced. Finally, results on the dynamics of the model illustrate the presence of different timescales
in the temporal evolution of groups and opinions. The first time steps yield a quick adjustment of
the number of hyperlinks and of their sizes, as well as a fast reduction of the number of different
opinions. In particular, large groups appear already in the early stages of the dynamics. The fast early
dynamics is then followed by a slower evolution toward the final state, on timescales depending on
the confidence parameter.

Our work brings a new building block in our understanding of complex social phenomena,
by introducing realistic social mechanisms in a model of opinion dynamics, accounting simul-
taneously for higher-order interactions and adaptive behaviors and investigating their combined
impact. The model’s dynamical rules remain, however, very simplistic and many generalizations
and improvements are possible. For example, the confidence threshold, or the activity level, may
be regarded as agent dependent instead of being constant and uniform for all individuals [46,47].
Future work could also explore the role of stubborn individuals in shaping consensus, polarization,
and fragmentation, as well as the type of transition connecting these phases when higher-order
interactions are taken into account [12,48]. Results in this direction would also contribute to a
better understanding of critical mass phenomena in collective behaviors, possibly elucidating the
role of committed minorities in adaptive systems with group interactions [22,49]. Finally, comparing
opinion dynamics models to real-world settings (including experiments using large language models
as agents) and defining principled methods to validate them represent key directions for future
investigation [48,50–52].
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