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Mass media interventions and social reinforcements drive rumor propagation
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Rumors now spread faster and wider than ever, driven by diverse communication channels. To capture this
complexity, we develop a multilayer coupled model of rumor propagation that integrates individual behavioral
differences, mass media influence, social reinforcement, and the interplay of cooperative and competitive
dynamics across channels. Using mean-field theory, we analyze the system’s dynamics and derive the critical
threshold through the next-generation matrix method. Numerical simulations show that traditional mass media
interventions are more effective in limiting single-channel spreaders, while new media interventions have
stronger effects on dual-channel spreaders. However, when traditional mass media pressure is already high,
intensifying new media interventions may fail to suppress offline spreaders and can instead raise costs or even
cause negative outcomes. We also find that dual-channel spreaders are more responsive to changes in online
rumor prevalence and play a stronger role in overall rumor dynamics than single-channel spreaders. Finally,
validation with a Twitter dataset confirms the model’s predictive power for offline rumor spread.
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I. INTRODUCTION

Rumors, as a special form of information propagation,
are often characterized by uncertainty and negative conse-
quences. Their spread can trigger panic, erode trust, and even
cause social unrest, thereby threatening public stability and
order [1-3]. During public health emergencies, rumors create
information asymmetry that misleads the public and influ-
ences decision-making. The COVID-19 pandemic highlighted
how rapidly health misinformation can spread through online
platforms and continue to shape public behavior despite sub-
sequent official corrections [4]. With the rise of social media,
such rumors now spread faster and reach wider audiences
than ever before. Understanding the mechanisms of rumor
propagation is therefore crucial for developing strategies to
manage information and maintain social stability.

Because rumor spread resembles the transmission of
epidemics, researchers have frequently drawn on epidemio-
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logical theories and models. Daley and Kendall introduced the
classical DK model [5], followed by Maki and Thompson’s
MT model, which refined the treatment of spreader behavior
[6]. These early models laid the foundation for a mathematical
understanding of rumor dynamics. Later, the role of network
topology became central, as the spread of information depends
not only on rumor characteristics but also on the structure of
relationships among individuals. Zanette pioneered the study
of rumor propagation on complex networks, demonstrating its
dynamics on small-world topologies [7,8]. Since then, many
studies have examined how different network structures shape
the spread of rumors [9-12].

Beyond network topology, a variety of other factors influ-
ence rumor propagation. These include time delays [13-15],
the attractiveness or ambiguity of rumor content [16], emo-
tional states of individuals [17,18], environmental noise
[19-21], and media coverage [22,23]. Among these, the
mass media have received particular attention. For exam-
ple, Guo et al. showed that media refutation combined with
individual contrarian behavior can effectively suppress ru-
mors [24], while Huo et al. analyzed stochastic models
including media coverage and noise, demonstrating that
greater coverage reduces the extent of spread [25]. However,
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most existing research treats mass media narrowly, focusing
on traditional outlets such as television and radio. In contrast,
new forms of mass media—especially social media platforms
and personalized news feeds—operate under very different
dynamics. Their emergence highlights the heterogeneity of
media environments, as traditional and new media exert dis-
tinct influences on information dissemination depending on
their mechanisms and audiences.

Another key factor shaping rumor dynamics is social
reinforcement, which captures how repeated exposures influ-
ence individual behavior. Reinforcement creates a paradox.
In theory, positive feedback between exposure and sharing
probability should generate explosive spread, but in practice,
such cascades are rare. Empirical studies suggest that repeated
encounters with the same message often reduce the likeli-
hood of resharing, a phenomenon sometimes described as
“information fatigue” [26-29]. We refer to this counterintu-
itive effect as negative social reinforcement. Understanding
its role is essential for explaining why rumors sometimes fail
to achieve widespread diffusion despite high visibility.

Communication theory also emphasizes the importance of
the communication channel, alongside the source, message,
and receiver [30]. Historically, rumors spread mainly through
offline word-of-mouth, which has often been modeled using
single-layer networks. The rapid growth of the internet, how-
ever, has introduced online platforms as a dominant channel.
To analyze interactions across both online and offline spaces,
multilayer network theory provides a natural framework. Such
networks consist of multiple interconnected layers, each with
distinct structural and dynamical properties [31,32]. Recent
research has examined multilayer dynamics across a variety
of domains, including the coevolution of epidemic spread
and awareness [33,34], diffusion of multiple types of knowl-
edge [35], creative diffusion [36], and other processes [37].
Yet, despite these advances, the complex interactions among
communication channels in rumor propagation remain under-
explored.

These interactions involve both cooperation and com-
petition. On the cooperative side, information from one
channel can strengthen an individual’s ability to disseminate
it through another—for instance, online exposure may en-
hance offline discussion. On the competitive side, reliance
on one channel may reduce attention and resources allocated
to another. Mass media interventions also illustrate this du-
ality. Media refutations can suppress rumor spread across
both online and offline networks, but individuals who si-
multaneously attend to multiple channels may allocate less
cognitive attention to mass media, weakening their effective-
ness. These interactions suggest that rumor propagation is not
simply the superposition of multiple communication chan-
nels. Instead, the collective spreading dynamics emerge from
the interplay among heterogeneous communication behav-
iors, repeated social reinforcement, and media intervention.
Understanding how these mechanisms jointly reshape the
macroscopic spreading dynamics, particularly the shift be-
tween cooperative and competitive inter-layer interactions,
constitutes the central scientific question addressed in this
work.

Despite extensive prior work, important research gaps
remain. First, many studies focus on either single-layer net-

works or simplified multilayer structures, leaving the rich
interplay among online, offline, and mass media channels
insufficiently understood. In particular, the role of limited cog-
nitive resources in constraining cross-channel attention has
received little attention. Second, most research treats mass
media as a uniform entity, neglecting the clear distinctions
between traditional media such as television and radio and
newer forms such as social media and news apps. These plat-
forms differ in their audiences, dissemination mechanisms,
and interactions with other channels, suggesting the need for
a more nuanced treatment. Third, individual heterogeneity in
channel use is often overlooked. In reality, some individuals
share information primarily online, others primarily offline,
and some across both domains. This diversity gives rise to
distinct communication behaviors, allowing us to investigate
how single-channel and dual-channel spreaders contribute dif-
ferently to rumor propagation across multiple communication
channels. Such heterogeneous communication behaviors pro-
vide the microscopic basis for the emergence of cooperative
and competitive interactions across different communication
channels.

Collectively, these limitations prevent existing models
from systematically investigating how multiple communica-
tion mechanisms interact to shape rumor spreading dynamics
across heterogeneous communication channels. To address
these gaps, we develop a multilayer rumor propagation frame-
work that integrates heterogeneous communication behaviors,
social reinforcement, and heterogeneous mass media. The
purpose of introducing these mechanisms is not simply to
construct a more realistic model, but to investigate how their
interplay reshapes rumor spreading across multiple communi-
cation channels. Specifically, the proposed framework enables
us to (i) distinguish the dynamical roles of single-channel
and dual-channel spreaders, (ii) quantify the different influ-
ences of traditional and new mass media, and (iii) reveal
how interactions between online and offline communication
evolve from cooperative to competitive regimes. The proposed
framework provides mechanistic insights into rumor propa-
gation across heterogeneous communication channels and is
further validated using Twitter data.

The remainder of this paper is organized as follows. Sec-
tion II introduces the multilayer coupled model, formulated
through mean-field theory. Section III presents the results,
including the theoretical analysis, the numerical simulations,
and the model verification. Section IV concludes with a dis-
cussion of the main findings.

II. MODEL

A. Three-layer coupled network construction

Data from advertising planning tools of leading social me-
dia platforms reveals that by the end of 2025, there were
approximately 1.07 billion social media users aged 18 and
above in China, accounting for 93.8 percent of the adult
population. Moreover, 98.6 percent of China’s total internet
users, regardless of age, were active on at least one social
media platform in October 2025 [38]. While the Internet has
significantly enhanced convenience in daily life, it has also

054303-2



MASS MEDIA INTERVENTIONS AND SOCIAL ...

PHYSICAL REVIEW E 114, 054303 (2026)

New mass media

Traditional mass media

Ignorant

p—

I ® A-M
& Spreader
R

@M—>A
Stifler

AP,
e A S
. @

Layer A: Online network

Overlapped layer

@B-A R

@A—>B

Layer M: Mass media

G)M—>B
@B—>M

Layer B: Offline network

FIG. 1. Schematic illustration of the three-layer coupled rumor propagation model. The system consists of a mass media layer M, an online
social network layer A, and an offline physical contact layer B. Layer M represents heterogeneous mass media sources, including new mass
media (light blue spheres) such as online news platforms and traditional mass media (dark blue spheres) such as television, newspapers, and
radio, depicted as ellipses of varying sizes. Layer A consists of virtual accounts and their online connections, modeled as a scale-free network
A(Vy, Ey). Layer B represents real-world individuals and their physical contacts, modeled as a homogeneous mixed network B(Vp, Ep). Each
node in layer A is mapped to a corresponding node in layer B, capturing the interplay between online and offline behaviors. Rumor information
can spread via both online and offline channels, with shared nodes and edges forming an overlapping region between A and B. Node colors
represent individual states: ignorants (I, yellow), spreaders (S, red), and stiflers (R, green). Inter-layer interactions are characterized by the
effective coefficients ®¥ =Y, where the superscript indicates the direction of influence from layer X to layer Y. The detailed mathematical

definitions are given in Egs. (17)-(22).

provided a fertile ground for the rapid and widespread dis-
semination of rumors.

Through social media registration, individuals can quickly
establish extensive social networks, sharing information glob-
ally without the constraints of geography. Online social
networks differ structurally and functionally from offline net-
works, yet the same individual often connects both, allowing
information to flow seamlessly between the two. This integra-
tion of online and offline channels fosters synergistic effects,
enabling the accelerated spread of rumors and potentially
leading to severe negative consequences.

To curb the spread of rumors, mass media frequently in-
tervene. The effectiveness of such interventions depends on
mass media heterogeneity, which encompasses variations in
the types, characteristics, and functions of mass media chan-
nels. These variations include differences in format (e.g.,
television, radio, online platforms), audience scope (e.g., na-
tional vs local, general vs specialized), and content style (e.g.,
news, entertainment, educational). In this paper, mass media
refers to both traditional mass media, such as television, radio,
newspapers, and magazines, and new mass media, including

public accounts on social media platforms and aggregators
like Google News. These platforms are typically managed
by professional media organizations or guided by editorial
policies, ensuring the propagation of accurate information to
counteract rumors. This categorization underscores the dis-
tinctive roles and impacts of traditional and modern media in
mitigating rumor propagation dynamics.

A three-layer coupled rumor propagation model is de-
veloped to investigate how interactions among the online
network layer, the offline network layer, and the mass media
layer influence the dynamic process of rumor propagation, as
schematically illustrated in Fig. 1.

Specifically, individuals receive information through three
primary channels: mass media, online social media, and of-
fline physical interactions. Mass media primarily propagates
positive information, which plays a crucial role in suppressing
the spread of rumors. To represent these three propagation
channels, a coupled hierarchical network is employed, lead-
ing to the construction of a three-layer coupled network
model. Notably, individuals may propagate rumors through
both online and offline channels, creating an overlapping layer

054303-3



DONG, HUO, PERC, AND BOCCALETTI

PHYSICAL REVIEW E 114, 054303 (2026)

L lals
W 14SB
A Online network D LR
O Sils

. A
O Suls
O SaSs
O Ruls
B: Offline network W RaSp
W RaRp

FIG. 2. Node state classification in the online layer A and offline layer B. Individuals are categorized into three basic states: ignorant (/),
spreader (S), and stifler (R), in each layer. Different sharing behaviors across channels allow an individual to occupy different states in A and
B, leading to nine possible state combinations I4lp, I4Sp, IaRg, Salp, SaSp, SaRp, Ralg, RaSp and RyRp. Since an individual cannot be both
informed and uninformed simultaneously, only five combinations are effective: Iy Iz, SaRp, R4Sp, SaSp and RyRp. Here, S4Rp denotes an online
single-channel spreader, R4 Sp denotes an offline single-channel spreader, and S4Sp denotes a dual-channel spreader.

between layers A and B. This overlapping layer, consisting
of shared nodes and edges, highlights the interconnected na-
ture of rumor propagation across different communication
channels.

Building on this structure, we proceed to describe the mod-
eling assumptions and define the relevant parameters. The
online social network is modeled as a scale-free network,
reflecting the highly heterogeneous nature of individual inter-
actions, where the number of neighbors an individual contacts
per unit time, denoted by k, varies significantly across nodes.
Conversely, the offline network is assumed to be a homoge-
neous mixed network, in which all individuals interact with a
roughly equal number of neighbors per unit time, denoted by
a constant C. The total population size is represented by N.

To represent external intervention, we consider two types
of mass media: new mass media and traditional mass media.
The former primarily affects the online network layer and
exerts influence at a constant intensity mj, i.e., the number
of times the new mass media propagates official information
to the public within the online network layer. while the latter
influences the offline layer with intensity m,, i.e., the num-
ber of times the traditional mass media propagates official
information to the public within the offline network layer. Let
Ny .my.k.c) denote the number of individuals characterized by
parameters (m;, my, k, C). The probability that a randomly
selected node in the online layer has degree k is given by
pk) = N(’"+2kc), and the average degree of the online net-
work is (k) = Y }_, kp(k). During unit time at moment 7, the
probability that an ignorant individual of degree k randomly
contacts a neighbor of degree / is denoted by p(/|k), and the
probability that a node of degree / is in the state of spreader

s S(my,my,l1,C) 13 :
SIS ST o Therefore, the probability that an ignorant

individual I of degree k contacts a spreader during online

communication in unit time is ) ;_, p(l |k)1f,((::‘1‘1’+122’11’cc)).

B. Rumor propagation mechanism

Building upon the network structure and interaction prob-
abilities described above, we next classify the possible joint
states of individuals within the coupled online-offline layers
and outline the corresponding rumor propagation rules. The
coupled online-offline network allows individuals to occupy
different states in each layer. We classify these joint states into
five effective combinations, as illustrated in Fig. 2.

In a rumor propagation system, rumors can be propagated
within layers or between layers through individual interac-
tions. The propagation rules obey the following assumptions.

1. Intralayer propagation rules in the online
social network layer A

The intralayer propagation probability of the dual-channel
spreader S4Sp is B4, the intralayer immunization probability
of the dual-channel stifler R4Rp is o4, and it is assumed that
the willingness to propagate of the dual-channel spreader S, Sp
will be higher than that of the single-channel spreader S4Rp,
and the immunization probability of the dual-channel stifler
RaRp will be higher than that of the single-channel spreader
R4 Sp. These relationships are subsequently expressed in terms
of a willingness reduction factor . Then we have B¢ = wf4,
Oc = woy.
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The specific propagation rules are as follows:

Il + SAR5 25 SuRp + SyRs, (1)
Inls + SaSp 2> SaRp + S4Sp, @)
RaSs + SaRs 25 SuSp + SaRp, 3)
R4S + SaSp L3 SaSe + SaSs, 4
SaRp + RaSp => RaRg + RaSp, )
SARp + RaRp =3 RoRp + R4Rp, (6)
SaSp + RaSg = RaSp + RaSs, (7
S1Sp + RaRp -3 RuSp + RuRs. (8)

2. Intralayer propagation rule in the offline
contact network layer B

The intralayer propagation probability of a dual-channel
spreader S4Rp is Bp, and the intralayer immunization prob-
ability of a dual-channel stifler R4Rp is ap. Similarly, it is
assumed that the willingness to propagate of a dual-channel
spreader S4Sp will be higher than that of a single-channel
spreader R4Sp, and the immunization probability of a
dual-channel stifler R4Rp will be higher than that of a single-
channel spreader SqRp. Similarly, these relationships are
subsequently expressed in terms of a willingness reduction
factor w. Then we have 8p = wfp, ap = wag,

Il + RASB & RSB + RaSs, )
Iydp + S4Sk Ll RASp + SaSs, (10)
SaRs + RaS 2 SaSs + RaSp. (11)
SR + SxS5 23 $4S5 + S48, (12)
RaSp + SaRp = RuRp + SaRg, (13)
RaSs + RaRp =% RaRg + RaRp, (14)
SaSp + SaRg > SxRp + SR, (15)
SaSs + RaRs => SaRp + RaRg. (16)

For the subsequent analysis, I4lg is denoted by I, SaRp
by Si1, RaSp by S», SaSp by S3, and R4Rp by R, where the
corresponding densities are denoted by i, s, 52, s3, and r,
respectively.

3. Interaction rules among the three layers

To characterize the strength of inter-layer interactions, we
introduce ®* =Y to denote the effective influence exerted by
layer X onlayerY, where X, Y € {A, B, M}. Depending on the
interaction considered, ® represents either a cooperative inter-
action strength or a media-induced suppression coefficient.

First, there is a cooperative and competitive coexistence
between the online social network layer A and the offline
physical contact layer B. Specifically, in the early stage of
rumor propagation, individuals’ propagation in one layer will
promote their propagation in the other layer, but according to
the self-exhaustion theory [39], individuals’ energy is limited,
so in the later stage, individuals’ propagation in one layer will
inhibit their propagation in the other layer, i.e., there are

4B 6 k)
=— 17
O T W G-l 4
B—A __ oC (18)
C+ICG—Cl

where 6 denotes the base interaction rate between online and
offline channels, (k) denotes the average number of times an
individual communicates a rumor through online channels per
unit of time, C denotes the average number of times per unit of
time that an individual communicates a rumor through offline
channels, and Cj denotes the average number of times per unit
of time that an individual communicates a rumor through an
online channel that causes ego depletion.

Second, there is a competitive relationship between the
mass media layer M and the online social network layer A.
Mass media will inhibit the spread of rumors in the online
social network layer by releasing rumor-debunking informa-
tion through new media, such as public numbers and today’s
headlines, etc., and, in turn, the frequency of an individual’s
use of online nonmainstream news sources will affect the
degree to which the mass media’s information is effective in
influencing him or her [40,41], i.e., the greater the number k&
of times an individual is exposed to rumors in the online social
network layer A, the greater the degree to which mass media’s
messages are effective in influencing them. This effect will be
reflected in the weakening of the mass media’s inhibition of
rumor propagation rates in the online network layer A. That is

o]

M =0(1-e7), (19)

uymy ®A—>M @B—)M

@M—)Azl_ ,
o+ ulml®A—>M®B—>M

(20)

where o) denotes an individual’s level of trust in the new mass
media, u; denotes the influence strength of new mass media
on the online propagation channel, « is the half-saturation
constant.

Finally, there is also a competitive relationship between the
mass media layer M and the offline physical contact layer B.
The mass media also releases rumor-debunking information
through traditional media, such as TV and newspapers, to
inhibit the spread of rumors in the offline contact network
layer. Similarly, the frequency of individuals’ use of the offline
contact network layer B also affects the effectiveness of mass
media messages [40,41], i.e., the greater the number of times
C that individuals are exposed to rumors in the offline physical
contact network layer B, the greater the impact of mass media
messages on them. This effect is also reflected in the weaken-
ing of the mass media’s inhibition of rumor propagation rates
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Layer A: Online network

Layer B: Offline network

FIG. 3. Illustration of the positive social reinforcement effect.
Ignorant individuals (/) exposed to identical rumor stimuli from both
online and offline neighbors are more likely to adopt and spread
the rumor, reflecting increased persuasion under multiple social
influences.

in the offline physical contact layer B. That is

*

M =9(1-e7), 21)

UMy @A‘)M @B*)M

@M*)B =1-
o+ uzmz@A—)M@B—)M ’

(22)

where a, denotes an individual’s level of trust in the tra-
ditional mass media, u, denotes the influence strength of
traditional mass media on the offline propagation channel.

4. Social reinforcement rules

Individuals’ behaviors are not only influenced by their
neighbors in the online network, but also by their neighbors in
the offline network, so we should also consider the influence
of the social reinforcement effect, which is different from the
previous studies, this paper considers the different responses
of individuals in different states to the social reinforcement ef-
fect. That is, when individuals who do not know the rumor are
receiving the same information stimulus from different social
circles, they are more likely to be persuaded and have a higher
possibility of propagating the rumor, and we call this process

4 Online network
4: Offline network

(@)

the positive social reinforcement effect, as shown in Fig. 3.
This study assumes that when a single-channel spreader re-
ceives the same information stimulus from a different social
circle, he will lose his interest in spreading because he already
knows the information and will think that this information is
already known to most people, and we call this process the
negative social reinforcement effect, as shown in Figs. 4(a)
and 4(b).

Therefore, we define the following social reinforcement
intensity:

8(t) =8OM A1 — (1 —i(t) — 51(t) — r())V @Y 5
x [1— (1 —i(t) — s2(t) — r@)°1, (23)

where (1 — (1—i(t) — 51(t) — r(t))*)) is the probability that
an individual in the online network layer has at least one
spreader neighbor, (1 — (1 — (i(t) — s2(t) — r(t))) is the
probability that an individual in the offline network layer has
at least one spreader neighbor. §, is the probability that an
individual switches states under the influence of social rein-
forcement. ® 4 is the inhibitory effect of mass media on the
intensity of social reinforcement in the online communication
channel, and @5 is the inhibitory effect of mass media on
the intensity of social reinforcement in the online propagation
channel.

Specifically, a positive social reinforcement effect means
that an ignorant person converts to a dual-channel spreader
with a probability of §() when both channels each have at
least one spreader neighbor; a negative social reinforcement
effect means that a single-channel spreader loses interest in
propagating and converts to a stifler with a probability of §(¢)
when both channels each have at least one spreader neigh-
bor. Dual-channel spreaders are assumed to be immune to
social reinforcement because of their stronger willingness to
spread.

C. Mean-field analysis

Based on the propagation rules introduced above, we
derive the mean-field equations governing the temporal
evolution of the five population states (I, Sy, S2, 53, R). To

Layer A: Online network

Lot

i
p A
.>Q_ g

Layer B: Offline network

(b)

FIG. 4. Illustration of the negative social reinforcement effect. (a) An online single-channel spreader S;(SxRp) receiving identical rumor
stimuli from offline neighbors loses interest in further spreading, considering the information already widely known. (b) An offline single-
channel spreader S»(R4Sp) receiving identical rumor stimuli from online neighbors undergoes the same reduction in spreading activity.
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simplify the notation, we introduce the auxiliary quantities

Ziny ,my 1, 1
¢/2 = Z;l:() P(l/k)(l—‘m and ¢§ =N Z?:o Z(ml,mz,l,C),

Nonymy 1.0
representing the probabilities of contacting a Z-type

individual through online and offline communication,

J

Al my k0) ()
dt

respectively, where Z € {l, S, S, 53, R}. Each equation
follows directly from the corresponding state transition rules
described in the previous subsection. The resulting mean-field
system is given by

= AN — O" A wB O A kL, my k.0)05, — OM 7 BAkOP AL, sy k0098, — (1 + 8E iy my k)

— Y7 EBrO P Clin, my k)88, — OV TP wBpO T ECL i, iy k)P, + MRy k)

dS1(my . k,0)()

A A A A
= @Y wBAO Tkl sy k. 0V5, — PAAKS 1 (g .01 P, + O TABLOP kIon, my k.C)Ps,

dt
A M—B A—B B M—B A—B B
- OlAkSl(m],mz,k,C)¢S3 - 0" wﬂB® - CSl(m],mz,k,C)¢52 - 0" ﬂB® - CSl(ml,mg,k,C)(ﬁS3
B B
+ a)aBCS3(m1,mz,k,C)¢Sl + aBCS3(ml,mz,k,C)¢R - (/'L + S(I))Sl (my,my,k,C)
dS2m,,my k.0) (1) M—B A>B A A M—B 5 ~A—B A
+ = =0 0O kS (n my k.01 PS5, + OXAKS3 () s k. 0)Bs, — OF 7 BBOT kS (g my k.01 P,

+ 0AKS3 oy k) PR F (’31‘/1%360,319('9fplgc’1(;11],mz,k,cﬂﬁlsg2 + G)MHBIBB@AHBCI(W,mz,k,C)¢§3

— @0BCS2 (g iy . 0)P5, — ABCS20m, o k. PR — (1 + 8)S 2 s e C)

dS3my my k0 ()
dt

M—B A—B A A M—B, A—B A
= 0" P whpO T kS (mymy k.0)PS5, — PUAKS3 () my k)P, + O BBOTT TS (1) iy k.01 P,

— kS5, o k. 0)PR + OY POt ECS, (ml,mz,k,C)¢§2 + @M"Bgper~ECs, (m,,m2,k,C)¢§3

B B
— 0gCS3(my,my 1,0)Ps, — ABCS3(my .y k,O)PR — HS3(my ok, 0) T+ S )y k.C)

AR, iy k,0) ()
dt

A A B B
= WOAKS 1 (1, my k.C)PS, T XAKS 1 () my k. 0)PR T @UBCS2 (1) iy k. 0)Ps, T ABCS20my .y k.0 PR

— (W + MRy mo ke, 0) + 8E)S1my make.0) F SE)S20my .m0 k,0) (24)

The first equation describes the evolution of igno-
rants, while the remaining equations correspond to online
single-channel spreaders, offline single-channel spreaders,
dual-channel spreaders, and stiflers, respectively. Each term
represents one of the spreading, transition, recovery, or de-
mographic processes defined in the previous subsection. The
meanings of the system-related parameters are provided in
Table S1 of the Supplemental Material (SM) [42].

III. RESULTS

To derive the threshold condition for rumor propagation in
the multilayer coupled network, we assume that the network
is degree-uncorrelated, i.e.,p(/|k) = % = Z\(]S}L Following
the standard next-generation matrix approach [43,44], we
decompose the linearized system around the rumor-free equi-
librium into the new infection matrix F and the transition
matrix V. The basic reproduction number is then given by
Ry = p(FV '), where p(.) denotes the spectral radius of the
next-generation matrix. Owing to the high dimensionality of
the proposed model, the explicit expressions of F', V, and the
derivation of Eq. (25) are provided in Appendix A of SM [42]:

1 (k)

— @M*)A@B*)A w7
200 + 507 [ (nba+Pa) gy

+ @M BN B (uwpp + 6 65)C + JZ} (25)

Ro

(

2 2
where A = (O (uwpBs + ﬂA)% — O (uwpPp +6P5)C) +
401 (nwPa + Pa)O2(nwPp + 0Bp)C(k), O = OM~A0E~4,

n
@2 — @M—)B@A—)B, <k2> — Zk:() kzp(k), @M—)A —
_ uym @AM @b-M @B*}A _ 6cC ®M~>B —
a+uym; @AM EE—>M > — C+|C—C)|’ -
_ wymy @AM @B—M ®A~>B _ O <k> @A%M —
a+uym, @AM EE—M > T <k>+|Co—<k>|? -

01 —e 1), 08" =g(1 —e ).

We next investigate the rumor propagation dynamics
under cooperative and competitive interactions among the
three communication channels through numerical simula-
tions. Unless otherwise specified, all numerical simulations
were performed using MATLAB R2019b (MathWorks, Nat-
ick, MA, USA). We use the hour as the unit time. The online
network is assumed to be a scale-free network whose degree
distribution satisfies p(k) = (= —1)9” 'k~ and the param-
eters are chosen as @w = ¥ = 3. The offline network is a
homogeneous mixed network.

The parameter settings can be divided into two categories.
The baseline parameter values are selected with reference
to commonly adopted settings in previous rumor propaga-
tion studies [13,15,18,22]. Specifically, we set A = 0.2, 84 =
04,8 =0.2,u=0.17,5 = 0.5, and 6§ = 0.9. The remain-
ing parameters do not have reliable empirical estimates in
the existing literature and are therefore chosen within plau-
sible ranges to explore the effects of different spreading
mechanisms.
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FIG. 5. Time evolution of (a) online single-channel spreader density s, (b) offline single-channel spreader density s,, (c) dual-channel
spreader density s3, and (d) total spreader density s under six mass media intervention scenarios, defined by different combinations of emerging
mass media intensity m; and traditional mass media intensity m,. Black and red lines correspond to new-media-only (m; = 15, m, = 0)
and traditional-media-only (m; = 0, my = 15) interventions, respectively; blue and green lines represent moderate combined interventions
(my =15, my =5) and (m; = 5, my = 15); purple and yellow lines denote stronger combined interventions (m; = 30, m, = 15) and (m; =
15, mp = 30). Panel (a) shows that increasing m, slows both the growth rate and eventual level of s;, while increasing m; under fixed m, slows
the rate but has little impact on the final value. In contrast, panel (b) reveals that s, is consistently better suppressed by traditional media,
especially in final value. Panel (c) indicates that s3 shows the opposite trend, where new media interventions are more effective. Panel (d)
exhibits similar dynamics to panel (c), though the overall density is higher due to the additive contributions of s; and s,. These results support
a hybrid intervention strategy: allocate traditional media to control offline and online single-channel spreaders, while using new media to curb
dual-channel transmission.

A. Effects of mass media intervention In Fig. 5(a), 51 is more effectively suppressed by stronger
traditional media intervention. When comparing the red
(m; = 0, my = 15) and black (m; = 15, m, = 0) lines, the red
stabilizes at a lower level, suggesting that offline interventions
can indirectly constrain online spreaders. Additionally, when
my is fixed (black, blue, yellow), increasing m, gradually
reduces both the growth rate and peak value of s;. However,
when m, is fixed (red, green, purple), increasing m; slows
the growth rate but has minimal effect on the final spreader
level.

The first set of simulations focuses on the influence of
mass media interventions. To examine how different mass
media interventions influence rumor dynamics across multiple
spreader types, Fig. 5 presents the temporal evolution of four
key variables: online single-channel spreaders (s;), offline
single-channel spreaders (s,), dual-channel spreaders (s3), and
the total spreader density (s). Six intervention scenarios are
simulated, varying the intensity of new media (m,;) and tradi-
tional media (m,) interventions.
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FIG. 6. Evolution of the densities of (a) online single-channel spreaders s, (b) offline single-channel spreaders s,, (c¢) dual-channel
spreaders s3, and (d) total spreaders s = s; + s, + 53 as functions of the intervention intensities of new mass media m; and traditional mass
media m,. Overall, increasing both m; and m, suppresses the spreader densities, yet complex nonlinear interactions emerge. Interestingly, for
small m,, increasing m, leads to a rise in s, reflecting a compensatory effect where insufficient offline intervention allows spillover into the
online domain. For s,, a reversal from decline to growth emerges under strong m, and rising m, driven by a redistribution of dual-channel
spreaders into the offline layer and a breakdown of cross-layer suppression. s; decreases monotonically, with m; exerting a stronger suppressive
effect than m,. The total spreader density s exhibits a composite pattern, with new mass media interventions being more effective overall, though

the relative differences narrow compared to s3, due to the contribution of single-channel spreaders.

In Fig. 5(b), s shows higher sensitivity to traditional media
interventions. For example, while the black and red lines rise
at similar rates, the red stabilizes at a significantly lower value,
indicating better control under traditional media. This pattern
persists across all scenarios—stronger m, consistently reduces
the steady-state s, while increased m; mainly delays its
rise.

Figure 5(c) reveals a reversed pattern for dual-channel
spreaders: s3 is more sensitive to new media interventions.
In all comparisons (e.g., red vs black, green vs blue), the
scenarios with stronger m; yield lower final densities. This
indicates that dual-channel spreaders are more tightly coupled
to online propagation dynamics and are more susceptible to
regulation within online media environments.

Figure 5(d) integrates the trends from all spreader types.
While its shape mirrors s3, the absolute values are higher due
to cumulative contributions from s; and s,.

These results highlight the need for differentiated strate-
gies: traditional media is better suited for controlling single-
channel spreaders, whereas new media is more effective in
suppressing dual-channel spreaders. Strategic allocation of in-
tervention resources can synergistically reduce overall rumor
propagation.

Figure 6(a) illustrates the dependence of the online
single-channel spreader density s; on the intervention in-
tensities m; and m,. Although increasing both interventions
generally suppresses s;, a notable exception occurs when
traditional media intervention m, is weak: increasing new
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media intervention m; paradoxically amplifies s;. This coun-
terintuitive behavior arises from a compensatory feedback
mechanism—insufficient offline suppression allows ongoing
offline transmission and sustains dual-channel spreaders s3,
which, when pressured by elevated m, migrate into the online
single-channel class s;. Furthermore, the lack of coordinated
dual-layer control weakens cross-layer suppression, enabling
offline-originated spreading influence to flow back into the
online domain. This interplay highlights the necessity of
synchronized interventions across media channels to prevent
unintended amplification effects.

Figure 6(b) shows the variation of offline single-channel
spreader density s, under varying new mass media inter-
vention intensity m; and traditional mass media intervention
intensity m,. As expected, s, declines with stronger traditional
media intervention. However, the suppressive effect of m; is
significantly modulated by m;: a given increase in m, yields
a sharper reduction in s, when m, is low. Intriguingly, under
strong m,, increasing m; reverses the expected trend, leading
to an increase in s,, which we attribute to a nonlinear redis-
tribution of dual-channel spreaders s3 into the offline layer,
driven by intensified cross-layer pressure and a breakdown in
coordinated suppression.

Figure 6(c) presents the response of the dual-channel
spreader density s3 to increasing m; and m,. The suppression
is monotonic in both dimensions, yet the gradient is steeper
along my, suggesting that new mass media interventions ex-
ert a more potent influence on dual-layer dynamics. This
indicates asymmetry in channel dominance and intervention
efficacy, with new media being structurally more disruptive to
dual-channel spreaders.

Figure 6(d) tracks the total spreader density s = s; + 52 +
s3 as a function of m; and m,. The trend broadly mirrors that
of s3, though overall magnitudes are elevated due to contri-
butions from single-channel spreaders. The efficacy of m; in
reducing s remains higher than m;, albeit the difference is less
pronounced compared to s3, indicating a more distributed sen-
sitivity across channels. This underscores the importance of
synchronized multi-channel interventions to achieve systemic
containment.

B. Effect of heterogeneous initial channel preferences

Next, to examine the impact of initial channel-specific
spreader composition on rumor propagation dynamics, Fig. 7
presents the temporal evolution of the total spreader density
s(t) under three distinct initial conditions: a dominant ini-
tial proportion of online single-channel spreaders (s;, black
line), dual-channel spreaders (s3, red line), and offline single-
channel spreaders (s, blue line), respectively. The results
reveal clear differences in propagation velocity and intensity
across these scenarios.

The system exhibits the most rapid and extensive spread
when dual-channel spreaders s; dominate the initial state,
as evidenced by the steep rise of the red curve. This is at-
tributed to their ability to simultaneously access both online
and offline pathways, maximizing reach and cross-layer in-
fluence. In contrast, when online single-channel spreaders s,
are initially predominant, the propagation remains relatively
fast (black line), driven by the high efficiency and low latency

0,78 _ T T T T T T T T T ]
072 ] —=—5,(0)=0.26,5,(0)=0.03,5,(0)=0.01| 1
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FIG. 7. Time evolution of the total spreader density s(¢) un-
der three distinct initial conditions: dominant presence of online
single-channel spreaders (s;, black line), dual-channel spreaders (s3,
red line), and offline single-channel spreaders (s,, blue line). The
propagation is fastest and most intense when sz is initially domi-
nant, followed by s;, while the slowest and weakest spread occurs
when s, dominates. These dynamics reflect the varying propagation
capacities of different channel types, with dual-channel spreaders
exerting the strongest influence due to their simultaneous access to
both online and offline networks.

of online communication, though its impact is limited by
the single-layer constraint. The slowest growth occurs when
offline single-channel spreaders s, dominate (blue line), re-
flecting the lower transmission efficiency and spatial-temporal
constraints inherent in offline dissemination.

These results highlight the system’s sensitivity to ini-
tial channel composition and demonstrate that dual-channel
spreaders possess the highest propagation capacity due to
their cross-channel accessibility. Online spreaders follow with
moderate impact, while offline spreaders exert the weakest
influence due to structural and temporal limitations.

C. Cooperation-to-competition transition
between online and offline channels

Furthermore, the two primary rumor propagation
channels—online and offline—interact in complex ways
that substantially influence the overall dynamics. To explore
this interplay, Fig. 8 examines how the cooperative and
competitive interactions between these channels affect the
steady-state densities of different spreader types. Here, the
x-axis denotes the average online propagation frequency per
unit time, (k), capturing either the activity level of spreaders
or the rumor’s popularity within online networks. The y-axis
represents the corresponding offline propagation frequency,
C, serving as an analog for offline engagement intensity or
offline rumor salience.

To quantitatively characterize the interactions between on-
line and offline channels, the steady-state data obtained from
numerical simulations were fitted using Response Surface
Methodology (RSM) in Design-Expert. The resulting fitted
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FIG. 8. Effects of average rumor propagation frequency in online ((k)) and offline (C) channels on the densities of (a) online single-channel
spreaders sy, (b) offline single-channel spreaders s,, (c) dual-channel spreaders s3, and (d) total spreaders s. In panel (a), increasing C first
enhances and then suppresses s;, revealing a cooperation-to-competition shift between channels; s; also decreases monotonically with (k),
reflecting increased conversion to s3. In (b), s, exhibits a nonmonotonic response to both parameters, with a response-surface peak located at
(k) =22.06,C = 16.11, marking a saturation threshold where inter-channel dynamics transition from mutual reinforcement to competition. In
(c), 53 follows a similar trend, peaking at (k) = 17.46, C = 21.22, suggesting greater sensitivity to online activity. The overall spreader density
s in (d) mirrors the behavior of s3, confirming the dominant role of dual-channel spreaders in driving system-wide rumor propagation.

empirical equations were subsequently used to construct the
response surfaces shown in Fig. 8. These empirical response
surfaces provide a quantitative description of the parameter
regions in which increasing (k) or C changes from promoting
rumor propagation to suppressing it. A quantitative charac-
terization of these transitions based on the RSM results is
provided in Appendix B of SM [42].

Figure 8(a) offline rumor propagation frequency C and
online propagation frequency (k) on the density of online
single-channel spreaders s;. When (k) is fixed, increasing C
initially promotes s, but beyond a critical threshold (around
C = 10), further increases in C lead to its decline. This
nonmonotonic response indicates a shift from cooperation
to competition between the two channels: moderate offline
popularity reinforces online diffusion, but excessive offline
propagation suppresses the role of online-only spreaders,

likely due to competition for influence or the conversion of
spreaders. Additionally, s; decreases consistently with in-
creasing (k), suggesting that higher online rumor popularity
encourages online spreaders to transition into dual-channel
behavior (s3). Sensitivity analysis also shows that when (k)
is low, s; is more responsive to changes in C, whereas this
sensitivity diminishes as (k) grows—implying a dynamic shift
in channel dominance based on rumor intensity.

Figure 8(b) shows that the offline single-channel spreader
density s, responds nonmonotonically to increases in both (k)
and C. Within a moderate range, rising rumor popularity in ei-
ther channel reinforces overall spread, increasing s,. However,
beyond (k) = 22.06 and C = 16.11, the system reaches a sat-
uration point, and further increases lead to a decline in s5. This
turning point marks the transition from cooperative enhance-
ment to inter-channel competition, indicating that excessive
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multi-channel rumor heat may cause offline-only spreaders
to be either suppressed or absorbed into other categories
(e.g., 83).

In Fig. 8(c), the dual-channel spreader density s3 exhibits
a trend similar to sp, with an initial increase followed by
a decline as both (k) and C grow. This again reflects a
cooperation-to-competition transition, but with a distinct sen-
sitivity profile: the peak in s3 occurs at (k) = 17.46, C =
21.22, earlier than in s,, indicating that dual-channel spreaders
are more sensitive to changes in online propagation intensity.
This aligns with their ability to operate in both channels,
making them more responsive to shifts in online activity
levels.

Figure 8(d) presents the total spreader density s under
varying (k) and C. The system-wide dynamics mirror those
of the dual-channel population s3, further confirming their
central role in driving the overall spread. The total spreader
density increases with rising rumor popularity across both
channels up to a critical point, after which saturation and
inter-channel competition suppress further spread. This un-
derscores the dominant influence of dual-channel spreaders
and the nonlinear character of cross-channel propagation
dynamics.

These findings emphasize the importance of considering
channel interactions, thresholds, and the nonlinear nature of
rumor dynamics when designing control strategies. Effective
rumor mitigation requires balancing interventions across both
online and offline domains, taking into account how different
levels of channel activity can shift the system from reinforce-
ment to competition.

D. Model validation using Twitter data

To assess the validity and practical applicability of the pro-
posed model, we further perform empirical verification using
real-world data. Specifically, we fit the system to a dataset
obtained from Twitter [45], which records the data entitled
“During confirmation hearings for Supreme Court nominee
Brett Kavanaugh, congressional Democrats demanded that
the nominee undergo DNA testing to prove he is not Adolf
Hitler”. The dataset includes original tweets and retweets, la-
beled by tweet status, user ID, timestamp, and other metadata.
Tweets marked with an “r” status are identified as rumor-
related and are used to define the propagator population in
the model.

After preprocessing to remove incomplete entries, a total
of 1,116 valid records were retained. Detailed information
about the dataset, preprocessing steps, and sample entries is
provided in SM (Table S2) [42]. Model fitting was conducted
using only the online spreader component (the sum of online
single-channel spreaders s; and dual-channel spreaders s3), as
the data reflect online propagation. Parameter values used in
the fitting are listed in SM Table S3 [42], and the fitting results
are illustrated in Fig. 9.

In Fig. 9, the gray line represents the time evolution of the
density of all spreaders in the model, the red line represents
the time evolution of the density of online spreaders (in-
cluding online single-channel spreaders s; and dual-channel
spreaders s3) in the model, and the blue line represents the
actual Twitter dataset. It can be observed that the red line fits

—=—s(t)
—o—s,(H)+s;5(1)
—4— Actual data

14 21 28 35 42 49 56 63 70

t

FIG. 9. Model validation through empirical fitting with real-
world Twitter data. The blue line represents the time evolution
of online rumor spreaders extracted from a cleaned dataset con-
taining 1116 tweets and retweets labeled as rumors during the
Kavanaugh hearing. The red line shows the corresponding model
output for the density of online spreaders, defined as the sum of on-
line single-channel spreaders and dual-channel spreaders. The gray
line represents the total spreader density in the model. The close
alignment between the red and blue curves confirms that the model
accurately captures the real-world dynamics of online rumor prop-
agation. The deviation between the gray and blue lines highlights
the presence of offline single-channel spreaders not observable in the
Twitter dataset, indicating that the full model can infer hidden offline
dynamics and guide differentiated interventions.

better with the blue line, indicating that the time evolution of
online spreaders in the model more accurately simulates the
real data and verifies the model’s validity.

In addition, the large difference between the gray line and
the blue line indicates that there is a significant difference
between the total spreader density s and the trend of the
real data, and this difference is mainly due to the existence
of offline single-channel spreaders. Therefore, the relevant
management departments can use the model in this paper to
predict the spread of offline rumors and take targeted measures
for different types of spreaders to more accurately understand
and predict the spreading dynamics of rumors.

IV. DISCUSSION AND CONCLUSIONS

This study investigated how heterogeneous communication
behaviors, heterogeneous mass media, and social reinforce-
ment jointly reshape rumor propagation dynamics across
multiple communication channels. To address this question,
we developed a multilayer rumor propagation framework
integrating these mechanisms and analyzed its dynamical be-
havior using mean-field theory. The propagation threshold
was derived through the next-generation matrix method, and
the theoretical results were further supported by numerical
simulations and validated using Twitter data. This unified
framework enables the interplay among these mechanisms
to be analyzed systematically within a common dynamical
system.
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The findings highlight the differential influence of mass
media interventions across spreader types. Traditional media
interventions proved most effective in curbing single-channel
spreaders, particularly those active in offline settings. In con-
trast, new mass media interventions had a stronger impact on
dual-channel spreaders, who operate simultaneously in online
and offline networks. These results suggest that the design of
intervention strategies should consider not only the type of
rumor and its audience but also the specific characteristics
of spreaders. Policies that overlook this heterogeneity may
underestimate the influence of certain groups or misallocate
resources.

The results also reveal important interactions between tra-
ditional and new media. When traditional media pressure
is relatively weak, new media interventions can reduce the
prevalence of offline spreaders to some degree. However,
once traditional media interventions become strong, addi-
tional efforts by new media may yield diminishing or even
counterproductive effects. Such outcomes could increase con-
trol costs or, in some cases, amplify unintended side effects.
This observation underscores the need for careful calibration
of interventions, as uncoordinated media campaigns may un-
dermine their own effectiveness.

Another central insight concerns the dynamics between
online and offline channels. At the early stage of propagation,
these channels tend to reinforce one another, as exposure in
one space enhances the likelihood of activity in the other.
Over time, however, competition emerges. Individuals have
limited cognitive and temporal resources, and as one channel
dominates attention, engagement in the other may decline.
This shift indicates that the interaction between online and
offline communication channels is dynamic rather than static,
providing a mechanistic explanation for the evolution of ru-
mor propagation in heterogeneous communication systems.
Dual-channel spreaders are especially sensitive to changes
in online rumor prevalence, suggesting that online activity
often serves as a leading indicator for broader propagation
trends.

Our analysis further demonstrates the critical role of
dual-channel spreaders. Unlike single-channel spreaders, who
are confined to either online or offline networks, dual-
channel spreaders bridge the two environments and exert
disproportionate influence on the overall dynamics. Their
sensitivity to online fluctuations and their ability to amplify
rumors across contexts make them central drivers of ru-
mor cascades. These findings demonstrate that heterogeneous
communication behaviors are not merely individual-level
characteristics but fundamentally reshape the collective dy-
namics of rumor propagation across multiple communication
channels.

The empirical validation using Twitter data adds practical
relevance to the model. By aligning theoretical predictions
with real-world dynamics, we show that the model can cap-
ture not only online propagation but also its implications for
offline spread. This predictive capacity is particularly valuable
for policymakers and authorities, as it provides a tool for
anticipating offline consequences of online activity and for
designing interventions that address spreaders across different

channels. Such applications highlight the model’s potential to
inform practical strategies for rumor management.

Despite these contributions, several avenues remain for fu-
ture research. First, the current model assumes static network
structures, yet in reality, social networks are dynamic, with
ties forming and dissolving over time. Incorporating adaptive
network structures would allow for the simulation of evolving
social relationships and their influence on rumor dynamics.
Second, while this study focused on behavioral and structural
heterogeneity, emotional and psychological factors also play
a significant role in rumor acceptance and dissemination. In-
tegrating these dimensions would further extend the proposed
framework and provide a more comprehensive understanding
of rumor propagation dynamics.

Another promising direction is the study of rumor propa-
gation in multilingual and multicultural contexts. Differences
in language, cultural norms, and media ecosystems can sig-
nificantly shape the pathways and velocity of rumor spread.
Comparative studies across cultural settings could yield in-
sights into how interventions should be tailored to specific
social environments. Furthermore, incorporating machine
learning methods for parameter estimation and optimization
could improve the model’s accuracy and predictive perfor-
mance. Such approaches would also help authorities design
adaptive, data-driven intervention strategies that respond in
real time to changes in rumor dynamics.

In conclusion, this work demonstrates that rumor propaga-
tion in heterogeneous communication environments cannot be
understood as the simple superposition of multiple communi-
cation channels. Instead, the interaction among heterogeneous
communication behaviors, social reinforcement, and hetero-
geneous mass media fundamentally reshapes the collective
spreading dynamics. In particular, the shift from cooper-
ation to competition and the distinct dynamical roles of
dual-channel spreaders provide new mechanistic insights into
rumor propagation on multilayer communication networks.
These findings demonstrate that the collective spreading
dynamics arise from the interaction among heterogeneous
communication behaviors, social reinforcement, and het-
erogeneous mass media, rather than from any individual
mechanism alone. Collectively, these results contribute to a
deeper understanding of multilayer rumor dynamics while
also providing useful guidance for designing targeted inter-
vention strategies.
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