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Information spreading has been investigated for many years, but the mechanism of why the information explosively
catches on overnight is still under debate. This explosive spreading phenomenon was usually considered driven separately
by social reinforcement or higher-order interactions. However, due to the limitations of empirical data and theoretical
analysis, how the higher-order network structure affects the explosive information spreading under the role of social rein-
forcement has not been fully explored. In this work, we propose an information-spreading model by considering the social
reinforcement in real and synthetic higher-order networks, describable as hypergraphs. Depending on the average group
size (hyperedge cardinality) and node membership (hyperdegree), we observe two different spreading behaviors: (i) The
spreading progress is not sensitive to social reinforcement, resulting in the information localized in a small part of nodes;
(ii) a strong social reinforcement will promote the large-scale spread of information and induce an explosive transition.
Moreover, a large average group size and membership would be beneficial to the appearance of the explosive transition.
Further, we display that the heterogeneity of the node membership and group size distributions benefit the information
spreading. Finally, we extend the group-based approximate master equations to verify the simulation results. Our findings
may help us to comprehend the rapidly information-spreading phenomenon in modern society.
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1. Introduction
The investigations of network propagation dynamics have

attracted considerable attention and have made many outstand-
ing progresses,[1–8] such as the discovery of a very small
critical threshold,[9–11] diverse contagion patterns,[12,13] dif-
ferent propagation modes,[14,15] influence maximization[16,17]

etc. However, the underlying mechanisms of why informa-
tion, opinions, gossip, innovation, and products unexpectedly
develop famous overnight have not been fully understood.[14]

It is commonly accepted that explosive information spread-
ing can properly explain this phenomenon, in which there is
a discontinuous transition related to some pivotal characteris-
tics, such as the threshold model,[18,19] synergistic and mem-
ory effects,[14,15,20] and so on.[21,22] The findings have greatly
improved our knowledge of the explosive spreading mecha-
nisms.

Research has shown one of the essential characteris-
tics that contribute to the explosive spreading phenomenon,
namely, social reinforcement — an individual needs to confirm
the reliability of the information many times from neighbors
before accepting it.[23–27] It has shown that the model consid-
ering social reinforcement can describe the online behavior-

spreading experiments and the sudden events spreading pat-
terns on Sina Weibo very well.[28,29] In addition, a strong so-
cial reinforcement will accelerate the spread and lead to a dis-
continuous transition in the phase diagram.

The majority of models usually focus on pairwise interac-
tions between individuals, which are structurally represented
by the network links. However, to the best of our knowledge,
pairwise interactions are often insufficient to describe the
information-spreading processes, such as adopting behaviors
or novelties. Beyond typical pairwise interactions, the infor-
mation can be spread via higher-order interactions (i.e., group
interactions).[30–34] Recently, researchers found that there is an
explosive spreading phenomenon in which the phase transition
becomes discontinuous with the increasing strength of group
interactions.[30–34] For example, Iacopini et al.[30] introduced
a spreading model with group interactions and found a dis-
continuous transition as well as a hysteresis loop in the phase
diagram. Guillaume et al.[35] demonstrated the influence of
large groups and showed a continuous or discontinuous phase
transition with a bistable region. Researchers in the complex
network field have turned their attention to higher-order net-
work models.[33–40] Now, an interesting question arises: Com-
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bining the higher-order interactions with social reinforcement
to the model, does the explosive transition certainly occur in
the information-spreading process? In other words, how does
the higher-order network structure affect the explosive infor-
mation spreading under the roles of social reinforcement? We
know little about the answer due to the limitations of empirical
data and corresponding analytical approaches.

Inspired by the above question, we acquire some repre-
sentative higher-order network data and propose a susceptible–
infected–recovered (SIR) information-spreading model con-
sidering the social reinforcement on empirical and synthetic
higher-order networks. We utilize the bipartite representa-
tion of hypergraphs to depict the higher-order interactions. In
particular, we use a bipartite graph’s two kinds of vertices to
represent the sets of hypergraph nodes and groups.[33] More-
over, we develop group-based approximate master equations
(AMEs)[35,41–46] for our model to understand the underlying
mechanism. We observe two different spreading behaviors on
real-world hypergraphs: (i) The spreading process is not sensi-
tive to social reinforcement, resulting in the information local-
ized in a small part of nodes; (ii) a strong social reinforcement
will promote the large-scale spread of information and induce
an explosive transition. Our results show that the network’s av-
erage group size and membership are the major contributors to
these two spreading behaviors. A sizeable average group size
and membership would benefit the appearance of the explosive
transition. Additionally, we display that the heterogeneity of
membership and group size distributions are very helpful for
spreading information under higher-order interactions.

We manage this paper as follows. Section 2 depicts the
empirical higher-order network data. Section 3 proposes the
SIR model with social reinforcement on the higher-order net-
works. We then develop the group-based approximate master
equations for our model in Section 4. Section 5 presents our
simulation and theoretical results. Finally, we give a conclu-
sion in Section 6.

2. Data description
We obtain the empirical higher-order network data from

Ref. [47]. Since the original hypergraphs include plenty of
nodes and groups, which is too difficult and expensive to sim-
ulate the model, we use the same method in Ref. [35] to ex-
tract the sub-hypergraphs. In particular, we use the breadth-
first search algorithm with a maximum distance of 2 to obtain
the sub-hypergraphs. In this way, we obtain a connected sub-
hypergraph from the original network. The description of the
representative empirical higher-order networks is as follows.

Threads-ask-ubuntu (TAU) TAU is the user interac-
tion dataset from the stack exchange websites.[33] Users post
answers to questions, constructing a question-and-answer
“thread”. The nodes are users, and the group corresponds to

the set of users asking a question or posting an answer on a
single thread.

Threads-math-sx (TMS) TMS is a user interaction
dataset from the stack exchange websites.[33] Nodes represent
users, and groups correspond to the users asking a question or
posting an answer on a single thread.

Coauth-MAG-geology (Geology) The geology dataset is
derived from all papers classified under the “geology” field
of study in the Microsoft Academic Graph (MAG).[48] In this
dataset, the nodes correspond to the authors, and a group of
size n represents n authors on a scientific publication.

Coauth-DBLP (DBLP) DBLP is an online bibliography
that contains information about the publications and authors in
influential computer science journals and proceedings.[35,47,49]

In this network, each node represents an author, and a group of
size n stands for the collaboration of n coauthors in the same
publication.

Table 1 lists the main properties of each considered net-
work.

Table 1. Overview of the considered higher-order networks. From left
to right, each column represents the network name, number of nodes N,
number of groups G, the exponent of the power-law membership distribu-
tion γm, average membership 〈m〉, maximum membership mmax, average
group size 〈n〉, and maximum group size nmax.

Name N G γm 〈m〉 mmax 〈n〉 nmax

TAU 77779 108927 2.0 3.26 2,247 2.32 14
TMS 152135 562447 1.8 9.54 12403 2.58 21

Geology 228384 200362 1.9 4.17 848 4.75 25
DBLP 57501 55204 2.3 3.75 903 3.90 25

3. The SIR model on higher-order networks
In our work, we take bipartite hypergraphs to describe

the higher-order networks in which the bipartite graph’s two
kinds of vertices represent the sets of hypergraph nodes and
groups, respectively. A hypergraph is a typical representation
of the higher-order network. This enables the representation
of more complex relationships and interactions, where a sin-
gle hyperedge can capture multi-node connections that are of-
ten found in systems with higher-order interactions. As shown
in Fig. 1(a), black circles indicate the groups, and white dots
represent individuals or nodes. The group size n represents
the number of nodes contained in a group, which is analogous
to the hyperedge cardinality. The membership m indicates the
number of groups a node belongs to. For example, in Fig. 1(a),
we highlight a group with size n = 6 in orange and a node with
membership m = 2 in blue. For simplicity, we denote the dis-
tributions of group size n and membership m with pn and gm,
respectively.

To study the impact of higher-order networks on explo-
sive information spreading, we introduce a SIR information
spreading model with social reinforcement (see Fig. 1(b)). Ev-
ery node in the network can stay in susceptible (S), infected
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(I), or recovered (R) state (indicated by different colors in
Fig. 1(b)). If a size n group has i infected nodes (with i ≤ n),
the infected probability β (n, i) for each S state node in the
group can take the following form as in the literature:[23,50]

β (n, i) =
{

1− (1−λ )(1−b)i−1 , λ ∈ (0,1] , b ∈ [0,1] ,
0, λ = 0, i = 0,

(1)

where λ and b represent the primary spreading probability
and social reinforcement, respectively. The primary spreading
probability is also called information sensitivity, which reflects
the level of sensitivity of a node receiving the information for
the first time.[23,29] The individual is more susceptible to the
information and prefers to believe it when λ is larger. In ad-
dition, there is no social reinforcement when b = 0, whereas
the degree of social reinforcement becomes extremely strong
at b = 1. In other words, the individual is more sensitive to the
impact of neighbors in the same group and is more likely to be-
come infected at a larger b. Note that by considering these two
factors, the model is able to effectively replicate Centola’s be-
havior spreading experiments,[28] where it was observed that,
with stronger social reinforcement, information diffusion oc-
curs more rapidly and extensively in regular networks com-
pared to random networks.[23] Additionally, this model can
accurately mirror the spreading patterns observed in six no-
table events on Sina Weibo.[29] In fact, more results may be
obtained if we can consider another model by incorporating
more factors to β (n, i).[35] We here use the social reinforce-
ment model to study the explosive information spreading on
higher-order networks due to its excellent ability to reproduce
the real spreading phenomena.

(a) n=6

Susceptible Infected Recovered

(b) m=2

β↼n↪i↽ µi

Fig. 1. The SIR model on the higher-order network. (a) We utilize a bi-
partite graph to represent the higher-order structure. White circles repre-
sent the nodes or individuals, and black ones indicate the groups to which
the nodes belong. We highlight a group with size n = 6 in orange and
a node with membership m = 2 in blue. (b) If a group with size n has i
infected nodes (with i≤ n), each susceptible node in this group evolves to
the infected state with probability β (n, i) as Eq. (1). Each infected node
independently turns to the recovered state with probability µ .

Notice that since nodes can belong to multiple groups, we
calculate the total transition rate for the susceptible nodes by

summing up the infection rates related to each group (i.e., the
infection process is independent). All infected nodes indepen-
dently turn to the recovered state with a fixed probability µ .
Without loss of generality, we set µ = 1 in this work.

We implement our SIR model on hypergraphs using the
standard Gillespie algorithm for numerical simulation. We ini-
tially choose a ratio ρ0 of nodes as seeds and set them as in-
fected states. The remains are in the susceptible states. We can
divide the processes into j ∈ J events, where each event can be
of two types: infection or recovery. If a group with size n has
i infected nodes and r recovered nodes, we select this group
for the infection event with rate ωinf = (n− i− r)β (n, i). Once
we select a group for the infection event, we then randomly
choose one susceptible node with an equal probability from set
n− i− r and turn it to the infected state. Meanwhile, the rate
in the recovery event for all infected nodes is ωrec = 1. There-
fore, the happening probability of each event is P( j) = ω j

∑ j∈J ω j
.

The time step between two events ∆t takes from an exponen-
tial distribution with average 〈∆t〉 = 1

∑ j∈J ω j
. After each event

occurs, the rate ωinf should be updated accordingly.

4. A theoretical analysis based on group-based
AMEs
To better understand the effects of higher-order in-

teractions on information spreading, we develop group-
based AMEs[41–46] to examine the numerical simulations.
The group-based AMEs were first developed to ana-
lyze the susceptible–infected–susceptible epidemic spreading
model.[41–46] Now, we extend this theory to our SIR model
as the current concern.[51] To track the information-spreading
process, we define Im(t) (Sm(t)) as the infected (susceptible)
nodes’ densities with membership m at time t. Meanwhile, we
utilize Fn,i(t) to represent the fraction of groups with effective
size n containing i infected nodes at time t. Notice that the ef-
fective size n is not fixed anymore and is characterized as the
sum of susceptible and infected nodes in a group. Therefore,
the effective size n will decrease by n 7→ n− 1 if an infected
node recovers.

Next, we can calculate the following two critical rates.
First, for a susceptible node, the average infection rate caused
by a randomly chosen group to which this node belongs is

r(t) =
∑n,i β (n, i)(n− i)Fn,i(t)

∑n,i (n− i)Fn,i(t)
. (2)

Herein, the sums over m or n cover each value as long as
gm > 0 or pn > 0, and the sum over i is calculated from 0
to n.

Second, we randomly select a node in a susceptible state
within a group. Besides the group from which we chose the
node, we can obtain the average infection rate donated from
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all the outer groups with

ρ(t) = r(t)
∑m m(m−1)Sm(t)

∑m mSm(t)
. (3)

Based on Eqs. (2) and (3), we can get the system’s AMEs:

dIm

dt
= −µIm +mrSm, (4)

dSm

dt
= −mrSm, (5)

Fn,i

dt
= µ(i+1)Fn+1,i+1−µiFn,i− (n− i) [β (n, i)+ρ]Fn,i

+(n− i+1) [β (n, i−1)+ρ]Fn,i−1. (6)

From Eqs. (4)–(6), we can calculate the global fractions
of susceptible, infected, and recovered nodes as

S(t) = ∑
m

Sm(t), (7)

I(t) = ∑
m

Im(t), (8)

R(t) = 1− I(t)−S(t) = 1−∑
m
[Im(t)+Sm(t)] . (9)

Our theoretical results mainly come from Eqs. (7)–(9),
which are solved by numerical integration with initial condi-
tions Im(0) = gmρ0, Sm(0) = gm(1−ρ0), Fn,i(0) =

(n
i

)
ρ i

0(1−
ρ0)

n−i pn, where ρ0 is the initial infection ratio of nodes. We
examine the effects of higher-order network structure on the
explosive information spreading under social reinforcement
and show the related theoretical curves in the figures.

5. Results

5.1. Information spreading on real-world hypergraphs

We perform our SIR model on real-world hypergraphs to
examine the influence of higher-order interactions. In order to
better track the evolution process, we denote ρS(t) (ρI(t) and
ρR(t)) as the fraction of nodes with S (I and R) states at time
t. When the contagion ends, we use ρR(∞) to define the final
fraction of recovered nodes. In fact, ρR(∞) also reflects the
final spreading range, and an enormous value means a broader
information scope.
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Fig. 2. Information spreading on real-world hypergraphs. Each row in the figure represents the results of one real-world hypergraph. The first
column shows the membership distribution gm and the group size distribution pn (inset). The dashed line indicates the power law fitting with
gm ∼ m−γm . The second to fourth columns display the time evolution of the fraction of susceptible, infected, and recovered nodes, respectively.
The symbols show the simulation results and the solid curves stand for the theoretical solutions from Eqs. (7)–(9). Red, blue, and green on
the symbols and lines indicate the levels of social reinforcement b = 0.0, b = 0.4, and b = 0.8. We obtain each numerical simulation result by
average 100 independent realizations and set other parameters as ρ0 = 0.01 and λ = 0.05.
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As shown in Fig. 2, the membership distribution gm in all
real-world networks is heterogeneous, which approximately
follows a power-law form gm ∼ m−γm (see the power law fit-
ting in the dashed line). The distribution of group size n is
more homogeneous than the membership m. Table 1 sum-
marizes the exponent of the power-law membership distribu-
tion γm, the average membership 〈m〉, maximum membership
mmax, average group size 〈n〉, and maximum group size nmax

for each network.
The time evolutions of the susceptible, infected, and re-

covered nodes’ fractions differ due to the structure difference
in real-world hypergraphs (see the second to fourth columns
of Fig. 2). We find a curious phenomenon in network TAU
— even though we have increased the social reinforcement to
b = 0.8, as shown in Figs. 2(b)–2(d), the information is still
localized in a small part of nodes. In the end, ρR(t) eventu-
ally stabilizes at a very low value (i.e., only 13.8% nodes ac-
cept the information). However, we observe a different spread-
ing behavior in network TMS, Geology and DBLP. As shown
in Fig. 2, when the social reinforcement is very strong, the
ρS(t) decreases faster, the peak of ρI(t) is higher, and ρR(t)
increases rapidly. The spreading behavior is very sensitive to
social reinforcement in these networks, which implies that a
strong social reinforcement will result in the large-scale spread
of information. The theoretical results from Eqs. (7)–(9) con-
form with the simulations very well. This phenomenon im-
plies that some network structure characteristics influence the
information spreading under social reinforcement.

(a)

TAU

b=0
b=0.4
b=0.8

(b)
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Geology

(d)

DBLP

1.00

0.75

0.50

0.25

0
0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0

0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0

ρ
R
(∞
)

1.00

0.75

0.50

0.25

0

1.00

0.75

0.50

0.25

0

ρ
R
(∞
)

1.00

0.75

0.50

0.25

0

λ λ

Fig. 3. Two different spreading transitions with a large social reinforce-
ment. ρR(∞) versus λ in different real networks. The symbols show the
simulation results and the solid curves stand for the theoretical solutions
from Eqs. (7)–(9). We obtain each numerical simulation result by average
100 independent realizations and set ρ0 = 0.01.

Besides the time evolution processes, we also investigate
the association between the final spreading range ρR(∞) and
the primary spreading rate λ with different social reinforce-
ment in real networks. From Fig. 3(a), we can see that the fi-
nal spreading range is not sensitive to social reinforcement in
network TAU. No matter how strong the social reinforcement
is, the final spreading range versus the primary spreading rate
shows a continuous transition. However, in Figs. 3(b)–3(d),

the explosive transition emerges with a large social reinforce-
ment, where there exists an abrupt transition. Our theoretical
results from Eqs. (7)–(9) conform with the numerical simula-
tions very well.

The above findings have greatly piqued our interest and
motivated us to examine which key factors contribute to the
explosive spreading behaviors in the higher-order networks.
Table 1 shows that the average group size 〈n〉 and membership
〈m〉 are the smallest in network TAU. Intuitively, the average
group size and membership strongly influence the spreading
of information. Next, we will examine the impact of the av-
erage group size 〈n〉 and membership 〈m〉 on the spreading
behaviors in detail.

5.2. The impact of the average group size 〈n〉 and average
membership 〈m〉
To better understand how the two different spreading tran-

sitions show up, we perform our model in a large number of
synthetic higher-order networks with varying average group
sizes and memberships. As the distribution of membership gm

and group size pn can be homogeneous or heterogeneous, we
consider the homogeneous case of gm = δm,〈m〉 and pn = δn,〈n〉,
and the heterogeneous case as gm ∼ m−γm and pn ∼ n−γn .
We use the configuration model on hypergraph with bipar-
tite structure to generate the synthetic networks. In particular,
we first create a group sequence from the distribution pn and
a membership sequence from gm. Note that the sum of the
group sequence must be equal to the sum of the membership
sequence (i.e., ∑n nGpn = ∑m mNgm). Then, we randomly
shuffle both sequences and pair them to form the edge list,
i.e., node and group associations. In addition, we adopt edge
swaps to destroy multi-edges.[52] Finally, we obtain a synthetic
hypergraph with the desired properties.

In Fig. 4, we explore the association between the final
spreading coverage ρR(∞) and the primary spreading rate λ

with different average group size 〈n〉 and average membership
〈m〉. Considering the group size distribution pn = δn,〈n〉, we
examine the effect of average group size 〈n〉 on explosive tran-
sition by fixing gm = δm,3 in Fig. 4(a) and gm ∼m−2.1, 〈m〉= 3
in Fig. 4(b). We can see that no matter whether the distri-
bution gm is homogeneous or heterogeneous, a sizeable aver-
age group size 〈n〉 will induce the emergence of the explosive
transition, characterized by an abrupt transition. Interestingly,
the information spreading shows a continuous transition on the
network with a small group size 〈n〉, which is similar to the ob-
servation on network TAU in Fig. 3(a). As a susceptible node
knows the whole group nodes’ states, a large group size will
make the effect of group interactions more evident, which can
be interpreted as compensation for social reinforcement. This
result implies that the average group size 〈n〉 is a key factor for
the explosive transition in information spreading.

Besides the group size, we also examine the effect of av-
erage membership 〈m〉 on explosive transition in Figs. 4(c)
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and 4(d). We fix pn = δn,4 and show our results of homoge-
neous distribution gm = δm,〈m〉 in Fig. 4(c) and heterogeneous
gm ∼m−2.1 in Fig. 4(d). We find that a large average member-
ship 〈m〉 will promote explosive transition in the information
spreading process. As the nodes with a large membership have
more chance to receive the information, a large average mem-
bership 〈m〉 will make the information spread to an extensive
scale. Thus, the average membership 〈m〉 is another critical
factor affecting the range of information spreading.
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Fig. 4. Explosive transition induced by a large average group size and
membership. (a) ρR(∞) vs. λ for different average group sizes 〈n〉. The
membership distribution of the networks is fixed as gm = δm,3 and the dis-
tribution of group size is pn = δn,4, δn,7 and δn,10, respectively. (b) same
as (a) but given gm ∼m−2.1 and 〈m〉= 3; (c) ρR(∞) vs. λ for different av-
erage group sizes 〈m〉. We fix pn = δn,4 and set gm = δm,3, δm,6, δm,9 and
δm,12, respectively. (d) same as (c) but gm ∼ m−2.1. The symbols show
the simulation results and the solid curves stand the theoretical solutions
from Eqs. (7)–(9). We obtain each numerical simulation result by average
100 independent realizations and set ρ0 = 0.01 and b = 0.4.

5.3. The impact of the distributions of the membership
and group size

After thorough comparison and analysis in Fig. 4, we dis-
cover that the network with heterogeneous membership dis-
tribution will accelerate the information propagation under a
small λ . To clarify, figure 5 shows the time evolution ρR(t)
on the synthetic networks with different membership distribu-
tions gm. Comparing with Figs. 5(a) and 5(b), we can see that
the information can not spread out in homogeneous gm for dif-
ferent b. However, the spreading range gradually expands as b
increases in the heterogeneous case. For 〈m〉= 6, we observe
a similar phenomenon of the heterogeneous membership dis-
tribution promoting the spreading in Figs. 5(c) and 5(d). These
results indicate that the heterogeneity of membership distribu-
tion benefits the information propagation.

The above observation raises another question: Does the
group size distribution pn influence information propagation?
In Figs. 6(a) and 6(b), we show the time evolution ρR(t) on
the networks with homogeneous pn = δn,4 and heterogeneous
pn ∼ n−2.5, 〈n〉 = 4, respectively. Comparing with Figs. 6(a)
and 6(b), we find that even though the social reinforcement
b = 1, the information can not be spread out on the network
with homogeneous group size distribution at a small λ . How-

ever, in the heterogeneous case, the information can be conta-
gious to a certain percentage of individuals with the same λ ,
and a large social reinforcement will facilitate the spreading of
information. Besides the time evolution, in Figs. 6(c) and 6(d),
we also study the final fraction of recovered nodes in parame-
ter space (λ ,b) with the same networks in Figs. 6(a) and 6(b),
respectively. We show that with small λ and b, the informa-
tion will spread globally in the network with a heterogeneous
group size distribution. The results imply that the information
is maintained in large groups. In fact, our results are consistent
with the previous findings — heterogeneous group sizes pro-
mote a mesoscopic localization regime where the large groups
sustain contagion.[35,45,46]
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Fig. 5. The effect of the distribution of the membership on information
spreading. Time evolution of ρR(t) on the synthetic networks with dif-
ferent membership distributions gm. Left and right columns show the
network with homogeneous gm = δm,〈m〉 and heterogeneous gm ∼ m−2.1,
respectively. The average membership 〈m〉 = 3 in panels (a), (b) and
〈m〉 = 6 in panels (c), (d). The symbols show the simulation results
and the solid curves stand for the theoretical solutions from Eqs. (7)–(9).
Other parameters are set as pn = δn,4, λ = 0.05, and ρ0 = 0.01.
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Fig. 6. Impact of group size distribution on information spreading. (a)
and (b) The time evolution of ρR(t) in the networks with homogeneous
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is fixed. The symbols show the simulation results and the solid curves
stand for the theoretical solutions from Eqs. (7)–(9). (c) and (d) The fi-
nal spreading range from numerical simulations in parameter space (λ ,b)
with the corresponding networks in panels (a) and (b), respectively. We
do not show the theoretical results here, as they agree with simulations
very well. Other parameters are set as gm = δm,3 and ρ0 = 0.01.
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6. Conclusion
In the study of information spreading, researchers have

found that social reinforcement is an essential characteris-
tic driving the explosive spreading phenomenon.[23] In recent
years, researchers discovered that the explosive spreading phe-
nomenon was caused by higher-order interactions.[30–34] How-
ever, due to the limitations of empirical data and theoretical
analysis, the influences of higher-order network structure on
the explosive information spreading under the roles of social
reinforcement are not thoroughly studied.

In this work, taking into account the social reinforcement
in the information-spreading model, we discovered two dis-
tinct spreading behaviors on real-world hypergraphs: (i) The
spreading process is not sensitive to social reinforcement, re-
sulting in the information localized in a small part of nodes;
(ii) a strong social reinforcement will promote the large-scale
spread of information and cause an explosive transition. Our
results showed that the average group size and average mem-
bership in the network are the major causes of these two
spreading behaviors. A large average group size and aver-
age membership will promote the appearance of the explo-
sive transition. Additionally, increasing the heterogeneity of
membership and group size distributions will accelerate infor-
mation spreading under higher-order interactions. Ultimately,
we used group-based approximate master equations to demon-
strate our numerical results. These discoveries may illustrate
the rapid spread mechanisms of stylish fashion in the real
world, such as news, opinion, gossip, innovation, etc.
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