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A human-machine collaborative dynamic group
consensus mechanism for mitigating manipulative
tendencies
Yuzhou Hou1, Xuanhua Xu1,2✉, Zongrun Wang1 & Weiwei Zhang2

With the increasing frequency of emergencies, reliable public opinion fusion has become an

important research topic in public opinion analysis and management. However, the public is

unorganized and susceptible to manipulation, which poses a challenge. Therefore, from the

perspective of coevolution, a human-machine collaborative decision-making mechanism

considering manipulative behavior is constructed to ensure the timeliness, democracy, and

reliability of public opinion fusion in emergencies. First, an opinion-trust coevolution process

is proposed to simulate the human group decision-making environment. Next, a function of

the degree of manipulation tendency is constructed based on the extreme opinion expression

and influence behaviors of individuals. Then, a machine moderator is trained to manage

manipulative behaviors via the feedback adjustment parameters of the human group’s social

network, and a human-machine collaborative decision-making mechanism is constructed.

Finally, the proposed method is applied to public opinion fusion by considering a torrential

rainstorm in Fujian Province, China, as a case study. The results of simulation analyses verify

the reliability and effectiveness of the proposed mechanism.
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Introduction

Public emergencies occur with a certain frequency (Ni et al.,
2023), necessitating timely public opinion analysis and
guidance by relevant authorities to effectively respond to

incidents that may have significant societal impact (Song et al.,
2013; Cai and Golay, 2023). The development of information
technology has enabled the rapid acquisition of public opinion
data (Scuotto et al., 2017; Mostafa, 2021; Han, 2023), providing a
valuable source of emergency information and offering significant
support for public opinion analysis and guidance (Gao et al.,
2021; Ren et al., 2023). Nonetheless, there exist phenomena
whereby individuals and groups attempt to manipulate (Li et al.,
2023; Sun et al., 2023) public opinion to maximize personal or
specific group interests. The public is susceptible to manipulation,
and it is sometimes difficult to determine which opinions are true
and objective. When public opinion is subject to manipulation,
the objectivity with which the public perceives the state of events
can be seriously impeded. In such cases, extreme opinions are
amplified and negative emotions spread more rapidly. These
phenomena significantly challenge effective public opinion ana-
lysis and governance, posing considerable risks to governmental
emergency response efforts. Existing studies on public opinion
analysis and management have primarily focused on the
dynamics of opinion dissemination (Zhao et al., 2022; Hong et al.,
2023) and topic extraction (Hui, 2022; Liu et al., 2022). However,
the quality of public opinion deserves equal attention, as it reflects
the public’s capacity to perceive and respond to crisis events. The
concept of consensus level in Group Decision Making (GDM)
theory provides a suitable framework for evaluating opinion
quality. Enhancing consensus among the public can lead to
improved opinion quality, thereby strengthening collective per-
ception and response capabilities. Researchers have widely
applied GDM perspectives to public opinion studies, particularly
in the areas of fuzzy information processing (Zhao et al., 2021; Fu
et al., 2022; Liu et al., 2022), uncertain behavior modeling (Li
et al., 2023), and consensus measurement (Yang et al., 2024). And
this work respond to the problem of public opinion fusion in
emergency scenarios through a group consensus reaching method
based on the regulation of manipulative behaviors, aiming to
obtain high-quality public opinions and improve public
perception.

Manipulative behavior may come from individuals or small
groups with the aim of obtaining a desired decision result. In
recent years, researchers have begun to focus on how to prevent
and control manipulative behaviors in group consensus decision-
making, and have proposed many models and methods with
some achievements. Wu (2023) develops an optimal feedback
model that prevents individual and group manipulation by
minimizing group adjustment costs and ensures that groups are
both efficient and fair in the consensus reaching process (CRP).
Sun (2023) proposed a method based on minimum adjustment
and maximum entropy to prevent weight manipulation behavior
in social network group decision making through power index
and feedback mechanism. Dong (2021) proposes a trust rela-
tionship manipulation model, analyzes how individuals can
influence group decisions by manipulating trust relationships,
and explores management methods based on group strategies.
Chen (2023) proposes an opinion evolution model based on
individual values and constructs an optimized consensus
manipulation model that achieves the desired consensus outcome
by adjusting the initial opinions while considering the effects of
attenuation factors and elasticity of substitution on individual
values. Liu (2024) proposed an anti-manipulation weight function
based on the uninorm operator for managing subgroup manip-
ulation behavior. Sasaki (2023) explored manipulative behavior in
groups from a game-theoretic perspective. In addition,

manipulative tendencies are behavioral tendencies of individuals
to unduly influence the overall outcome of a decision in a group
decision-making process by expressing extreme opinions and
exploiting trust relationships.

With the development of machine intelligence (Bolton et al.,
2018), many algorithms and intelligences are used to solve group
consensus decision making problems. Human-machine colla-
borative consensus reaching mechanisms can significantly
improve decision-making efficiency (Lettieri et al., 2023). The
assistance of machine intelligence can efficiently handle complex
optimization solution problems. He (2023) proposed a dynamic
opinion maximization framework based on reinforcement
learning for selecting seed nodes and propagating positive opi-
nions in signed social networks to achieve optimal node opinion
distribution. Rui (2022) proposed an adaptive algorithm based on
reinforcement learning for dynamically adjusting preference
matrices in group decision making to improve consistency and
consensus among decision makers. Wang (2022) designed a deep
reinforcement learning-based consensus reaching strategy for
opinion dynamics to minimize the adjustment cost to enhance
group consensus and guide opinions under time constraints.
Hassani (2023) proposed a reinforcement learning mechanism
based on a deep deterministic policy gradient (DDPG) algorithm
for dynamically adjusting feedback parameters and decision
maker weights to accelerate the consensus reaching process in
group decision making. And for behavior management in GDM,
the objectivity of machine intelligence is able to take greater
advantage (Hou et al., 2025).

Based on the above analysis, the deficiencies in existing
research addressing behavioral management in group consensus
decision-making are summarized as follows.

(1) Most related research has been carried out from the
perspective of the management of manipulative behavior in
groups through weighting adjustment (Wu et al., 2021;
Xiong et al., 2024; Liu et al., 2024) or opinion feedback
recommendation.(Dong et al., 2021; Gong et al., 2024) While
these studies have made important contributions, it is worth
noting that group decision-making inherently operates
within social network environments. As such, the manage-
ment of manipulative behavior through adjustments in trust
relationships appears to be an essential yet relatively under-
addressed dimension. Moreover, although existing studies on
the identification of manipulation behaviors have primarily
concentrated on extreme opinions and trust dynamics, the
potential role of forecasted influence in trust relationships
remains insufficiently explored. Introducing iterative pro-
cesses to estimate expected influence may present mean-
ingful opportunities to further improve the identification of
manipulation behaviors.

(2) The integration of machine intelligence into group
decision-making has primarily aimed to enhance objectivity
in recommending feedback or optimizing the weights of
individuals or subgroups, thereby leveraging the computa-
tional advantages of intelligent systems. However, relatively
limited attention has been given to employing machine
intelligence for the management of manipulative behaviors.

As an attempt to complement the limitations, an effective
human-machine collaborative dynamic group consensus reaching
mechanism that considers manipulative behavior is developed in
this work. The main contributions of this research include the
following.

(1) A new human-machine collaborative group consensus
reaching mechanism is proposed. This mechanism is
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applicable to behavior management problems, in which the
human group expresses its opinions on the problems to be
solved and communicates continuously to obtain the
collective opinion. The machine moderator learns from
the behavioral data generated during the communication
within the human group and adjusts the parameters with
feedback to control the manipulative behaviors.

(2) A function is proposed to evaluate the degree of manipula-
tion tendency by jointly considering both the extremity of
opinions and the anticipated influence within the decision-
making process. Manipulation tendency is classified into
high, medium, and low levels based on the parameters of
the neural element in the uninorm operator and by
mapping two-dimensional behavior into degrees of manip-
ulation tendency. This can quantitatively describe the
possible degree of manipulation tendency of individuals.

(3) A method for public opinion fusion in emergency response
environments is proposed. This method not only improves the
consensus level of collective opinions through coevolution but
also enhances the reliability of collective opinions through
reinforcement learning (RL). This provides some support for
analyzing and regulating public opinion in emergency
scenarios and improving the accuracy of public perception.

The remainder of this paper is organized as follows. “Pre-
liminaries” introduces some preliminaries to help understand the
proposed model. “Human decision-making with manipulative
behavior” then introduces the opinion-trust coevolution process
and manipulation tendency measurement function in the human
decision environment. “Machine moderator training for behavior
regulation” reports the training of the machine moderator
through RL to feed back the adjustment parameters of the social
network, based on which the human-machine collaborative
mechanism is summarized. “Case example: Public opinion
fusion” presents an application of the proposed mechanism to the
fusion of public opinions in the Fujian rainstorm emergency
response event. “Discussions” presents some simulation experi-
ments, comparative analysis, limitations and future work. Finally,
the conclusions of this research are summarized in “Conclusion”.

Preliminaries
This section details some preliminary knowledge helpful for
understanding the methodology. These details are related to the
behavior-based consensus reaching process (CRP), human-
machine collaboration, trust-based social networks, and RL.

Behavior-based CRP. In the context of GDM, evaluating the
accuracy of the final decision result often presents a challenge.
Researchers have been devoted to enhancing the degree of
agreement among participants in large-scale groups, aiming to

reach decisions that reflect higher levels of consensus. This pro-
cess is commonly referred to as the consensus-reaching process
(CRP). Compared to conventional GDM scenarios, large group
decision-making (LGDM) typically entails the involvement of
more individuals, often representing diverse and sometimes
conflicting interests, which can lead to more equitable and
representative decision results. Let a group of individuals
E ¼ fe1; e2; e3; � � � ; eMg(M ≥ 20) be the large group. The opinion
of individual ei is oi, where oi 2 ½0; 1�. Before reaching a con-
sensus, the members of the decision-making group must go
through several rounds of discussion, and it is assumed that
consensus is reached at round T . After each round of discussion,
the opinion of each individual may change, and the opinion of
individual ei in round t is denoted as oti , t ¼ 1; 2; :::;T. Then, the
evaluation vector of the large group E in round t is obtained as
Ot ¼ ðotiÞ1 ´M .

As the number of individuals involved in decision-making
increases, certain collective behaviors may exert a noticeable
influence on the final decisions. Consequently, numerous
researchers have explored various behavioral patterns exhibited
by decision-makers to foster greater consensus. These include
non-cooperative behavior, manipulative behavior, and limited
compromise behavior, among others. In the LGDM process, the
traditional behavior-based CRP paradigm mainly consists of five
components: opinion expression, consensus measurement, beha-
vior management, feedback adjustment and result output. A
schematic representation of the traditional behavior-based CRP
paradigm[40] is illustrated in Fig. 1.

Trust-based social networks. Social network analysis is a widely
used approach for examining interactions among social entities
(Wu et al., 2015), offering a clear and visual means of repre-
senting both interpersonal trust and social ties. For a group of
individuals E ¼ fe1; e2; e3; ¼ ; eMg, the collection of trust rela-
tionships can be denoted as L, while their corresponding social
network structure G ¼ ðE; L;VÞ is typically modeled using an
adjacency matrix V ¼ ðvijÞM ´M

. If vij≠0, it indicates that a trust
relationship (Liu et al., 2019) exists between individuals ei and ej,
with the corresponding trust strength represented by vij 2 ½0; 1�.
Conversely, vij ¼ 0 signifies the absence of trust between ei and ej.
Let the social network of the human group at discussion round t
be denoted as Gt , with its structure described by the adjacency
matrix Vt ¼ ðvtijÞM ´M

. Table 1 provides an illustrative example of
such a social network, where e1 trusts e3, e2 trusts e1 and e3, and
e3 trusts e1.

Human-machine collaboration. Human-machine collaborative
decision-making refers to a cooperative process in which both

Fig. 1 Traditional behavior-based CRP paradigm.
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humans and intelligent computer systems jointly participate to
complete decision-related tasks. Prior research consistently
indicates that in certain domains, particularly those character-
ized by well-structured and complete datasets, machines can
produce more optimal decisions than humans (Garai et al.,
2023). However, a pivotal study by Wilson and Daugherty
(2018) emphasizes that the most substantial performance gains
are realized when humans and machines work together. Con-
sequently, a growing consensus supports the adoption of a
hybrid decision-making framework, wherein both entities con-
tribute collaboratively. One perspective suggests that machines
can directly participate in decision-making alongside human
members (Haesevoets et al., 2021), though the extent to which
their outcomes are accepted often depends on situational fac-
tors, as illustrated in Fig. 2a. Alternatively, some researchers
emphasize leveraging machine intelligence to monitor and
interpret human behaviors, thereby enhancing decision relia-
bility through behavioral regulation mechanisms (Xiong et al.,
2023; Xue et al., 2024), as depicted in Fig. 2b. In order to prevent
and control human manipulation due to related interests, the
inclusion of objective machine moderators ensures fairness by
analyzing human behavioral data for neutral decision regula-
tion. This human-machine collaborative group consensus
reaching mechanism can ensure an objective and rational
decision result.

Reinforcement learning. RL is a branch of machine learning in
which agents attain objectives through continuous interaction
with their surrounding environment.(Mnih et al., 2015) In this
paradigm, an agent interacts with an environment, taking actions
based on its state. The environment, in turn, provides feedback in
the form of rewards and the next state. The objective of the agent
is to maximize long-term rewards through trial-and-error learn-
ing. The fundamental concept of RL revolves around learning
from rewards. Agents explore their environment, attempting

different actions and adjusting their actions based on the received
rewards to optimize future outcomes. This learning methodology
differs from supervised and unsupervised learning, as it focuses
on maximizing cumulative rewards over extended periods rather
than just predicting labels or uncovering patterns in data. The
interaction in RL is shown in Fig. 3.

Specifically, Deep Deterministic Policy Gradient (DDPG)
(Duan et al., 2020) is an RL algorithm specifically designed for
solving problems with continuous action spaces. By integrating
deep neural networks with deterministic policy gradient techni-
ques, DDPG employs two neural networks, the actor and the
critic, to learn policy and value functions separately, aiming to
optimize long-term rewards.

Human decision-making with manipulative behavior
This section first introduces the opinion-trust coevolution
mechanism to simulate the process of human groups engaging in
a discussion to arrive at a decision result. Then, a function of the
degree of manipulation tendency is constructed based on the
uninorm operator. Finally, the impact of malicious manipulative
behaviors on human decision-making in the absence of regulation
is explored via a simulation experiment.

Opinion-trust coevolution. Given the presence of social net-
works, interpersonal communication becomes inevitable, ren-
dering an individual not entirely independent in their judgments.
Consequently, an individual’s opinions may be shaped and
altered through mutual influence during interactions. Moreover,
as discussions unfold, it is not only opinions that undergo
changes; trust relationships among participants may also shift in
parallel. In certain scenarios, these two dynamics, opinion evo-
lution and trust adjustment, are interdependent and may exert
reciprocal effects. This section presents a summary of the CRP
under the framework of opinion-trust coevolution, synthesizing
insights from existing scholarly research.

Table 1 Social network representation example.

Adjacency matrix Graph

0

0 0 1

1 0 1

1 0 0

0,1ij

V

v

Fig. 2 The two modes of human-machine collaboration. a Collaborative model with simultaneous human and machine decision-making; b Collaborative
model with human decision-making and machine supervision.

Fig. 3 The interaction in reinforcement learning.
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(1) Opinion updating
In real-world scenarios, the evolution of individual opinions
is shaped by two primary factors. First, individuals differ in
their levels of attachment or resistance to changing their
initial opinions, a phenomenon often described as opinion
stubbornness. Second, the progression of opinion adjust-
ment and consensus formation is inherently influenced by
social network structures, whereby individuals are likely to
consider the perspectives or evaluative feedback from those
they trust.
The opinion of individual ei in round t is denoted as oti .
Simultaneously, the trust-based input information gathered
from the social network during the same round is expressed
as trustti ¼ ∑M

j¼1w
t
ijo

t
i , where

wt
ij ¼

vtij
∑M

j¼1 v
t
ij

; vtij≠0

0; vtij ¼ 0

8<
: :

Integrating both personal persistence and external influ-
ences from the social network, the opinion of individual ei
is updated in discussion round t þ 1(Jia et al., 2015):

otþ1i ¼ _xi � oti þ _yi � trustti ð1Þ
where _xi represents the degree of stubbornness individual ei
exhibits toward his/her initial opinion, and _yi ¼ 1� _xi
denotes his/her receptiveness to information received from
trusted connections within the social network. The attitude
parameter _xi, _yi captures individual behavioral tendencies,
reflecting how each person weighs different sources of
opinion. Notably, individuals may assign varying levels of
importance to these sources, leading to heterogeneous
behavior patterns during opinion updating. The opinion
evolution process can be reformulated in matrix notation as
follows:

Otþ1 ¼ _X �Ot þ _Y �Trustt ;
where _X, _Y is the attitude parameter matrix of human
group E. The opinion update process of individual ei is
shown in Fig. 4.

(2) Trust updating
As individuals continue to exchange opinions and prefer-
ences within the group, the underlying trust relationships
among them may dynamically evolve. Social judgment
theory suggests that individuals are more receptive to
opinions that are close to their own and reject those that
deviate significantly (Sherif and Hovland, 1961), which
explains why trust between individuals tends to strengthen
with increasing opinion similarity and decline with
divergence. New trust connections are likely to form
between individuals who share similar opinions, while

existing ties may weaken or even dissolve when significant
opinion differences arise.
The distance matrix of human group E ¼
fe1; e2; e3; ¼ ; eMg in discussion round t is denoted as

Dt ¼ ðdtijÞM ´M
, where dtij ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðoti � otj Þ2

q
is the distance

between the opinions of individuals ei and ej.
The social network trust relationship updating rules based
on the group distance matrix Dt are as follows:

�vtþ1ij ¼
min 1; vtij þ ð1� dtijÞ � vti min

n o
; dtij < r

max 0; vtij � vti min � dtij
n o

; dtij > s

8><
>: ; ð2Þ

where r < s, r is the trust relationship enhanced threshold, s
is the trust relationship broken threshold,
vti min ¼ minfvtijjj ¼ 1; 2; ¼ ;Mg, and

vtþ1ij ¼
min �vtþ1ij þ ηi � vti min; 1

n o
; ηi ≥ 0

max 0;�vtþ1ij þ ηi � vti min

n o
; ηi < 0

8><
>: : ð3Þ

In particular, ηi is the influence adjustment degree
parameter for individual ei; if ηi ¼ 0, there is no external
force intervening in the updating of the trust relationship;
this is used in this work to regulate manipulative behavior.
The trust relationship update process of individual ei is
shown in Fig. 5.

(3) Exit rules

The opinion-trust coevolution process terminates under two
conditions: (i) when a consensus is successfully achieved,
triggering an automatic exit mechanism; or (ii) when the
predefined maximum number of discussion rounds has been
completed.

1) Consensus measurement
Euclidean distance is adopted as a measurement metric to

quantify the divergence between individual and collective
opinions. The distance between the opinion of individual ei and
the collective opinion in round t is defined as

dti ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðoti � �otÞ2

q
; ð4Þ

where �ot ¼ 1
M∑M

i¼1o
t
i . The consensus level of individual ei in

round t is defined as follows.

CLti ¼ 1� dti ð5Þ
The consensus level of group E in round t is defined as follows.

GCLt ¼ 1� 1
M

∑
M

i¼1
dti ð6Þ

2) Stable state identification rules

Fig. 4 The opinion update process.
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The consensus level threshold is denoted as φ and the
maximum number of discussion rounds is denoted as Tmax.
The consensus threshold was set to 0.8, in line with prior research
in emergency decision-making contexts where rapid agreement is
essential (Liu et al., 2022). This threshold reflects a balance
between sufficient group agreement and operational efficiency.
Higher thresholds may be considered in future research for high-
risk decisions requiring stronger unanimity.

The following rules are defined as the termination conditions
under which the coevolution is considered to have reached a
stable equilibrium, after which the evolution is halted and group
opinion O

0 ¼ Ot is obtained:
i) GCLt >φ;
ii) t ≥Tmax.

Manipulative behavior. It is difficult to judge from the decision
result or the level of group consensus whether manipulative
behavior exists and whether it has been successful. Therefore, the
starting point of judgment must be the two possible ways of
implementing manipulative behaviors, i.e., expressing extreme
opinions and influencing others. A two-dimensional manipulative
behavior tendency measurement model for the opinion expres-
sion behavior and influence behavior (i.e., the behavior of being
trusted by other individuals) is constructed for individual ei. First,
the extreme opinion degree is proposed to measure human opi-
nion expression behavior; then, the influence degree forecast is
proposed to measure influence behavior. On this basis, a function
of the degree of manipulation tendency is constructed.

(1) Extreme opinion degree
Engaging in manipulative behavior to pursue personal
interests results in different degrees of damage to collective
interests. Considering the intentionality of manipulative
behavior, extreme opinions are the most convenient and
effective way to successfully achieve manipulation. There-
fore, extreme opinions are significant to the existence of
manipulative behavior.
Definition 1. The extreme opinion degree for individual ei
in discussion round t is defined as follows.

ifeti ¼
oti ; oti ≥�o

t þ 3 � σðotÞ
0; �ot � 3 � σðotÞ< oti <�o

t þ 3 � σðotÞ
1� oti ; oti ≤�o

t � 3 � σðotÞ

8><
>: ð7Þ

In the field of modern quality management, Six Sigma
theory (Rathi et al., 2017) is widely used as a systematic
statistical method for process improvement and defect
control. Through the statistical tools and methods of Six
Sigma, collective data can be systematically analyzed to
effectively identify the relative extreme opinions that
significantly deviate from the goal. Opinions outside the
interval ½�ot � 3 � σðotÞ;�ot þ 3 � σðotÞ� are considered to be

extreme, while those inside the interval are considered to be
normal opinion. Specifically, �ot is collective opinion and
σðotÞ is the standard deviation of the group opinion. When
ifeti ¼ 1, it is assumed that individual ei has extreme
preferences, which implies that individual ei is completely
confident regardless of the presence of manipulative
behavior. If ifeti ¼ 0, it is assumed that individual ei has
no extreme preferences.

(2) Influence degree forecast
If the influence of an individual with an extreme opinion is
high, the individual’s damage to the collective good is usually
greater than that of an individual with less influence.
Influence degree refers to the degree to which an individual
is capable of affecting others within a group. It is typically
quantified by summing the trust intensities that all other
members of the group assign to individual ei. Clearly, the
greater the level of trust placed in individual ei by others, the
higher their overall influence within the group.
However, the degree of influence caused by an individual
opinion is an a posteriori fact that cannot be measured at the
time the opinion is expressed. Thus, the influence of
individual opinions must be predicted. The predicted
influence degree denotes the potential degree to which an
individual ei may influence others in the group at a specific
round t. Unlike static influence, predicted influence degree
incorporates temporal dynamics (i.e., the number of
discussion rounds) as well as the pairwise opinion similarity
between individuals. In group decision-making environ-
ments, individuals gradually enhance their understanding of
the decision issue through iterative discussions. As a result,
their confidence in their own opinions tends to increase over
time, while their susceptibility to being influenced by others
tends to decrease. As the number of discussion rounds
increases, the level of trust between individuals may show an
upward trend; however, the influence of trust on opinion
formation may gradually weaken. To account for this
phenomenon, a time decay function (Maruyama and
Moriya, 2021) is introduced into the computation of
predicted influence degree. Furthermore, it is evident that
the greater the opinion similarity between individual ei and
individual ej, the more likely it is that ei will exert an
predicted influence degree on ej. In summary, the measure-
ment of the predicted influence degree is primarily
determined by three factors: trust intensity, opinion
similarity, and the degree of temporal decay.
Definition 2. The predicted influence degree for individual
ei in discussion round t is defined as

impti ¼ gðtÞ � ∑
P

j¼1;j≠i
trji � 1� oti � otj

��� ���� �β
� �

; ð8Þ

where trji denotes the degree of trust of individual ej in

Fig. 5 The trust relationship update process.
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individual ei, β represents the sensitivity of opinion
similarity to trust. In addition, gðtÞ ¼ e�αðtþlÞ is a time
decay function constructed on the basis of Newton’s law of
cooling (Maruyama and Moriya, 2021), where α is the
attenuation coefficient and the value of gðtÞ decays
exponentially as t increases, meaning that the degree of
influence of the opinion diminishes with time. This is in
line with reality because as time goes on, an individual’s
understanding of a problem becomes progressively deeper.

(3) Degree of manipulation tendency

To prevent and control possible malicious manipulation in a
group discussion, i.e., a GDM process, the degree of manipulation
tendency must be quantified. To do so, the uninorm operator is
first introduced. Uninorm aggregation operators, proposed by
Yager and Rybalov,[39] serve as a unified framework that
encompasses both t-norm and t-conorm operations. The
uninorm operator is applicable to the mapping of two-
dimensional data; this reflects different enhancement character-
istics, both positive and negative, as the input two-dimensional
behavioral data changes. Considering the characteristics of
manipulative behavior, the degree of manipulative behavior
tendency embodied in two-dimensional behavior is quantified
based on the uninorm operator.

Definition 3. A uninorm (Yager and Rybalov, 1996) is a
mapping expressed as U : ½0; 1� ´ ½0; 1� ! ½0; 1�, which has the
following properties for all a; b; c; d 2 ½0; 1�:

i. Commutativity: Uða; bÞ ¼ Uðb; aÞ;
ii. Monotonicity: Uða; bÞ≥Uðc; dÞ for a≥ b; c≥ d;
iii. Associativity: Uða;Uðb; cÞÞ ¼ UðUða; bÞ; cÞ;
iv. Neutral element: 9g 2 ½0; 1�: Uða; gÞ ¼ a for all a.

In contrast to t-norms and t-conorms, whose neutral elements
are fixed at 1 and 0, respectively, uninorms allow the neutral
element to be any value within the unit interval. The definitions
of manipulation thresholds can be reflected by the neutral
element g. For different decision problems, different thresholds
are selected to portray the degree of manipulation tendency. In
this work, a form of the uninorm operator proposed by Foder
(1997) is adopted, as follows.

Uða; bÞ ¼

ab
g ; if 0≤ a; b≤ g

aþb�ab�g
1�g ; ifg ≤ a; b≤ 1

aþb
2 ; else

8>><
>>:

ð9Þ

If all the two-dimensional information of the input operator is
greater than the value of the neutral element, the two-
dimensional information will be positively reinforced for
integration; if all the two-dimensional information of the input
operator is less than the value of the neutral element, it will be
negatively reinforced for integration. The function of the degree
of manipulation tendency can now be introduced.

Definition 4. The degree of manipulation tendency MTt
i of

individuals ei in discussion round t can be calculated by
MTt

i ¼ Uðifeti ; impti Þ, which can be expressed as follows.

MTt
i ¼

ifeti �impti
g ; if 0≤ ifeti ; impti ≤ g

ifetiþimpti�ifeti �impti�g
1�g ; ifg ≤ ifeti ; impti ≤ 1

ifetiþimpti
2 ; if minðifeti ; impti Þ≤ g ≤ maxðifeti ; impti Þ

8>>><
>>>:

ð10Þ
Based on the setting of the neutral element g, which is called

the manipulation threshold in this work, via the uninorm
operator, the individuals involved in decision-making can be

categorized into the following three main groups by measuring
the extreme opinion degree and the predicted value of influence.

i. High possibility of manipulative behavior: g ≤ ifeti ; impti ≤ 1
When the opinion of individual ei is more extreme and
more influential, this individual is considered to have the
intention and ability to manipulate the group, and the
degree of his/her possible manipulation tendency is
positively reinforced by the uninorm operator.

ii. Low possibility of manipulative behavior: 0≤ ifeti ; impti ≤ g
When the opinion of individual ei is less extreme and his/
her influence is weaker, the individual is considered to have
neither the intention nor the ability to manipulate the
group, and the degree of his/her possible manipulation
tendency is reduced by the uninorm operator.

iii. Medium possibility of manipulative behavior:
minðifeti ; impti Þ≤ g ≤ maxðifeti ; imptiÞ

When either the influence or the extreme opinion degree of
individual ei exceeds the threshold g, he/she may have a
manipulation intention or may have the ability to manipulate
the group. For such individuals, no special treatment is needed,
and the degree of his/her possible manipulation tendency can be
averaged by the uninorm operator.

The graph in Fig. 6 illustrates the classification of manipulative
behavior tendency based on the uninorm operator. The extent of
the overall manipulation trend of a group can be measured based
on the degree of manipulation tendency.

Definition 5. The group degree of manipulation tendency MTt

of human group E in discussion round t can be calculated as
follows.

MTt ¼ 1
M

∑
M

i¼1
MTt

i ð11Þ

Manipulation tendency in human decision-making. A simula-
tion experiment was designed to observe how manipulative
behavior affects group discussion, i.e., human decision-making.
The proportion of individuals with a high possibility of manip-
ulative behavior was gradually increased during the opinion-trust
coevolution process, and the corresponding group degree of
manipulation tendency, group consensus degree, number of
group discussion rounds, and decision-making results were
observed. The experiment was conducted 100 times, and the
results were averaged to obtain the final observations. It should be
clarified that, in this simulation setting, individuals with high
manipulative tendencies are intentionally assigned extreme pre-
ferences biased toward 1. The purpose of this design is to analyze

Fig. 6 Behavior classification with manipulation threshold g.
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the influence of unidirectional manipulation on collective opinion
dynamics.

The initial opinion was generated randomly between 0 and 1,
and the initial social network trust relationships among
individuals were randomly generated using a Barabási–Albert
(BA) scale-free social network. The other parameters were set as
follows: the number of individuals M ¼ 100, the consensus level
threshold (Liu et al., 2024) φ ¼ 0:8, the stable threshold
Tmax ¼ 20, the manipulation threshold g= 0.8, and the attitude
parameters xi, yi of individual ei were generated randomly. The
independent and observed variables of the experimental design
are summarized in Table 2, and the results of the simulation
experiment are exhibited in Fig. 7.

The following three conclusions can be drawn from Fig. 7.

1. With the increase of the proportion of individuals with a
high possibility of manipulation tendency high-possibility
manipulation tendency proportion, both the initial and
final group manipulation tendency increased, with the
increase of final group manipulation tendency being
greater. This may be because, during the group discussion
process, a manipulator continues to convert new manip-
ulators to motivate the collective opinion to reach the
manipulator’s preferred opinion.

2. From a consensus perspective, the difference in the final
group consensus level was not large, but the manipulative
behavior caused an increase in the number of discussion
rounds required to reach a consensus. However, when the
high-possibility manipulation tendency proportion was too
high, the number of discussions did not continue to
increase, which is reasonable; when most of the group
members hold extreme opinions and are highly influential,
the correct decision result may be an extreme value.

3. The final collective opinion differed greatly from the correct
opinion. The initial opinion was randomly generated

between 0 and 1, which indicates that the final collective
opinion comes to about 0.5 is the correct decision-making
results. Observation of the purple dotted line in Fig. 7b
shows that as the proportion of high manipulation
trendsetters increases, the collective opinion is significantly
biased from 0,5 to 1. Therefore, the existence of
manipulative behavior easily pushes the collective opinion
toward the manipulator’s preferred opinion.

Machine moderator training for behavior regulation
The preceding content indicates that unregulated opinions and
the mechanisms governing social network evolution are suscep-
tible to deliberate manipulation, which consequently leads to
diminished reliability of collective opinions derived from infor-
mation fusion. Hence, with the goal of elevating the consensus
level within collective group opinions, the utilization of RL
methodologies is proposed to introduce machine moderators for
the supervision of manipulative behaviors via the adjustment of
group trust relationships.

In this section, a Markov process for coevolution is first con-
structed, and the machine moderator agent is trained by the
DDPG algorithm. Finally, the proposed human-machine colla-
borative decision-making mechanism that considers manipulative
behaviors is summarized.

The construction of a Markov decision process. The proposed
reinforcement learning model is built upon the following foun-
dational assumptions: (1) Markov property: the opinion–trust
coevolution follows a Markov process, enabling decision-making
based solely on the current state; (2) continuity of spaces: both
state (group consensus) and action (influence adjustment) are
continuous, aligning with DDPG’s requirements for high-
dimensional control; (3) reward design: the reward function
integrates consensus level and manipulation tendency, guiding
the agent to enhance consensus while reducing manipulation; (4)
behavioral response: individuals update opinions iteratively, and
machine moderation effectively reshapes trust ties, ensuring agent
influence; (5) scalability: the model generalizes to varied group
sizes and network structures, provided dimensional consistency is
maintained. These assumptions underpin the model’s theoretical
soundness and practical applicability in regulating manipulative
behavior in group decision-making.

Then, given that past studies have confirmed the Markov
properties of opinion-trust coevolution processes, the Markovian
environment can be constructed (Hassani et al., 2023). The

Table 2 Variable descriptions.

Variable Symbolic

High-possibility manipulation tendency proportion PHM
Initial group manipulation tendency MTinitial
Final group manipulation tendency MTfinal

Group consensus level GCLfinal
Discussion rounds Tfinal

Collective opinion O′

Fig. 7 Simulation result of manipulation tendency. a MTinitial, MTfinal and GCLfinal with different high-possibility manipulation tendency proportion; b Tfinal

and O
0
with different high-possibility manipulation tendency proportion.
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Markov decision process encompasses three primary elements,
namely the state space, action space, and reward function. For the
problem of manipulative behavior regulation in public opinion
management, these three elements are constructed as follows.

(1) State space
The state space is set to encompass all potential individual
opinions that may arise. Suppose that M individuals
participate in the group discussion; the state space is
represented as S ¼ fsijsi 2 ½0; 1�; i ¼ 1; 2; ¼ ;Mg, where si
is the opinion of individual ei, i.e., si ¼ oi.

(2) Action space
The adjustment parameters of individuals’ influence
recommended by the machine moderator, which are also
the parameters for adjusting social network trust relation-
ships, are considered the action space
A ¼ faijai 2 ½�1; 1�; i ¼ 1; 2; ¼ ;Mg, where ai denotes
the influence adjustment degree for individual ei, i.e.,
ai ¼ ηi. In this context, when ai > 0, the influence of
individual ei is increased to its maximum extent (denoted as
1) by recommending the opinions of this individual to
more people on public platforms. Conversely, when ai < 0,
the influence of individual ei is decreased to its minimum
extent (denoted as -1) by blocking the opinions of this
individual from reaching more people on public platforms.

(3) Reward function

The reward function is used to provide feedback on the actions
of the agent, thus guiding the agent to take better actions. For the
manipulative behavior regulation problem, the reward function
consists of the group consensus level and the group manipulation
tendency, and is calculated as follows:

rrt ¼ ω � rrt1 þ ð1� ωÞ � rrt2; ð12Þ
where ω is the coefficient between rewards rrt1 and rrt2. One the
one hand, for emergency problems, it is necessary to quickly
obtain public opinions with high consensus levels. Thus, the
group consensus level must be set as part of the reward function
rrt1, which is calculated as follows.

rrt1 ¼ GCLt ð13Þ
On the other hand, collective opinions under the influence of

manipulative behavior are biased and less reliable. Thus, the
group degree of manipulation tendency is used as a partial reward
function rrt2, which is calculated as follows.

rrt2 ¼ �MTt ð14Þ

Training of the η-agent. According to the constructed Markov
decision process, η-agent training is further proposed based on
the DDPG algorithm, which is attributed to the continuous
nature of both the environment state (the consensus level of
individuals) and the agent’s actions (the values for all ηi). DDPG
agents leverage two distinct networks respectively known as the
“actor” and the “critic.” The actor network τðsjθτÞ, whose input is
environment states, exploits an action, while the critic network
Qðs; ajθQÞ makes use of the environment states and the generated
action by the actor network to estimate the expected reward.

The η-agent training process necessitates the implementation
of a replay buffer Φ. This component stores critical interaction
tuples Φðs1; rr; sFÞ, with s1 representing the environmental state at
the beginning of an episode, rr denoting the immediate reward
obtained by the agent, and sF corresponding to the terminal state
observed after action execution. To optimize the critic network, K
randomly selected transition tuples are first extracted from the
replay memory. These sampled experiences are then utilized to

compute and minimize the subsequently defined loss function:

LðθQÞ ¼ 1
K
∑iðzi � Qðsi; aijθQÞÞ

2
; ð15Þ

where K is the size of the minibatch, and the target

zi ¼ rri þ γ � Q0ðsiþ1; τ0ðsiþ1jθτ
0 ÞjθQÞ2, with γ being the discount

factor. zi is modeled via target critic Q0 and actor τ0 networks. In
the training pipeline, the agent executes synchronized updates to
its target network at predefined intervals. Concurrently, the
parameters of the policy network undergo optimization through
gradient ascent, driven by the maximization of this strategic
performance metric:

∇θτ J �
1
K
∑i∇aQðs; ajθQÞjs ¼ si; a ¼ τðsiÞ∇τ

θτðsjθτÞjsi : ð16Þ

The training of the η-agent is summarized in Algorithm 1. In
each episode, the agent takes an action to adjust η in each step.
This is continued until the group reaches the desired consensus
level with a low manipulation tendency. The parameters of the RL
algorithm in this paper are set as follows: the critic learning rate
to ρc ¼ 0:001, the actor learning rate to ρa ¼ 0:0001, the discount
factor to γ ¼ 0:99, the size minibatch to K ¼ 128, and the total
number of episodes to N ¼ 15000.

Algorithm 1. Training of the η-agent
Input: critic learning rateρc, actor learning rateρa, discount

factor γ, total number of episodesN , exploration noise Ψ
Output: η
1 Initialize the replay buffer Φ;
2 Initialize the critic network Qðs; ajθQÞ with random weights

θQ and the actor network τðsjθτÞ with random weights θτ ;
3 Initialize the target network Q0 and τ0 with θQ0  θQ and

θτ0  θτ ;
4 for episode= 1 to N do
5 Reset the decision environment and compute the initial

observation s1;
8 Select action η ¼ τðs1jθτÞ þ Ψ with exploration noise Ψ ;
9 Execute coevolution process with action η, calculate the

reward rr with Eq. (12);
10 Compute the next state sF based on the coevolution

process;
11 Store tuple ðs1; rr; sFÞ in the replay buffer Φ;
12 if Φ contains enough samples for a minibatch then
13 Sample a minibatch of size K from Φ;
14 for each sample in minibatch do
15 Compute target Q-value using target networks:

zi ¼ rri þ γ � Q0ðsiþ1; τ0ðsiþ1jθτ0ÞjθQÞ
2
;

16 Update critic network by minimizing the loss:
LðθQÞ ¼ 1

K ∑iðzi � Qðsi; aijθQÞÞ
2
;

17 end
18 Update actor network using gradient ascent:

∇θτ J � 1
K ∑i∇aQðs; ajθQÞjs ¼ si; a ¼ τðsiÞ

∇τ
θτðsjθτÞjsi j;

19 Update target networks:
critic θQ0  ρcθ

Q þ ð1� ρcÞθQ0 and actor
θτ0  ρaθ

τ þ ð1� ρaÞθτ0;
20 end

Human-machine collaborative mechanism. For the decision
problem to be solved, a human group is formed by assembling
relevant people to express their opinions and social network trust
relationships. The consensus level of the human group is
improved by communicating repeatedly, and in each round of
discussion, the opinions of individuals and the trust relationships
between them are updated.
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To control manipulative behavior while improving the
consensus level, an agent is introduced as a machine moderator,
with the consensus level and the group degree of manipulation
tendency as the objective function. The agent is continuously
trained by the DDPG algorithm to recommend the optimal
adjustment parameter for updating the social network relation-
ship between individuals. Until the opinion is no longer updated
(when the consensus level is sufficient or the time threshold is
reached), the collective opinion of the group at that moment is
assembled as the output of the decision-making results. The
human-machine collaborative consensus reaching mechanism is
detailed in Fig. 8.

The specific process of the proposed human-machine colla-
borative consensus reaching mechanism is summarized as
follows.

Step 1. Construction of the initial human decision
environment

First, the relevant decision-making group E ¼
fe1; e2; e3; ¼ ; eMg is gathered based on the problem to be solved,
and each decision-making member expresses his/her initial
opinion in the form of a rating between 0 and 1. Then, the
initial social network trust relationship of the decision-making
group is established based on the expression of the degree of trust
of each decision-making member in the form of a number
between 0 and 1. Then, t ¼ 0.

Step 2. Group discussion
First, t ¼ t þ 1. Then, the group discussion is initiated, and the

updated opinion and the social network trust relationships after
the group discussion, respectively denoted as Ot and Vt , are
recorded. Group discussion is the process of opinion-trust
coevolution, whereby decision-making members respectively
update their opinions and their trust relationships based on
Eqs. (1) and (2) when no real data is available.

Step 3. Consensus measurement
The group consensus level GCLt in the current round is

measured by Eq. (6). If GCLt >φ, the process skips to Step 5. If

GCLt ≤φ, it is determined whether the maximum number of
discussion rounds Tmax has been reached. If t ≥Tmax, then the
process skips to Step 5; otherwise, the process continues to Step 4.

Step 4. Manipulative behavior regulation
First, the individual degree of manipulation tendency MTt

i is
measured via Eq. (10). Second, the group degree of manipulation
tendency MTt is measured via Eq. (11). Then, to manage the
manipulative behavior and decrease the manipulation tendency
while increasing the consensus level, the machine moderator,
namely the η-agent, is trained by Algorithm 1 to recommend the
trust relationship adjustment parameters. Finally, the process
returns to Step 2.

Step 5. Collective opinion fusion
The final collective opinion with a high consensus level is

obtained as O0 ¼ Ot .

Case example: Public opinion fusion
The public opinion fusion case comprises three parts: case
background, data processing and result analysis.

Case background. The frequency of natural disasters has
increased in recent years, making it particularly important to
study responses to disaster emergencies (Lillywhite and Wolbring,
2022; Ashraf et al., 2023). Understanding how to respond effec-
tively to natural disasters, including the formulation of emergency
response plans, the rapid mobilization of resources, and the
organization of rescue operations, is crucial to safeguarding
people’s lives and property. Through the study of disaster
response (Abounacer et al., 2014; Morgan and Fa Aui, 2018; Ni
et al., 2018), it is possible to continuously summarize lessons
learned, improve response and public perception capacity, reduce
losses, and provide an important reference for building a safer
and more stable society. At 08:00 on April 3, 2024, Fujian Pro-
vince, China, was hit by a torrential rainstorm, resulting in
flooding and severe disasters in many areas. In the face of this

Fig. 8 Human-machine collaborative decision-making mechanism.
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sudden natural disaster, the Fujian Provincial Government
quickly activated a Level IV emergency response and released a
report through the official “Fujian Daily” account. During the
emergency response to the rainstorm, the social media platform
TikTok became an important channel for people to express their
emotions and concerns about the disaster. Many users posted
rainstorm-related comments under the reports, expressing their
attitudes toward the emergency event. Related reports and com-
ments are shown in Fig. 9a and 9b.

Data processing. To empirically evaluate the proposed human-
machine collaborative consensus reaching mechanism, this study
selects public opinion data from the social media platform Tik-
Tok during a real-world emergency as the experimental dataset.
The full process of data acquisition and preprocessing is outlined
as follows.

(1) Data collection
Publicly available user comment data and interaction data
(including reposts, likes, and replies) were collected under
the official post published by Fujian Daily on TikTok
regarding the Level IV emergency response. The data
collection window spanned from 08:00 to 18:00 on April 3,
2024, capturing 20 discussion rounds at an hour interval.
To ensure analytical validity, we selected the top 100 active
users based on interaction frequency.

(2) Opinion and trust construction
To quantitatively represent subjective public opinions
extracted from TikTok comment texts, this study applies
a lexicon-based sentiment analysis method. First, all
collected comments were preprocessed using the Jieba
Chinese word segmentation tool, which includes removing
stop words and performing tokenization based on Chinese
grammar and semantics. Second, the sentiment polarity of
each word in the comment was determined with HowNet
sentiment lexicon, which classify words into positive (e.g.,
“安全”, “感动”, “希望”) and negative (e.g., “危险”, “担忧”,
“愤怒”). Then, the sentiment score of user ei in round t can
be calculated by

ssti ¼ ∑
#wnti

j¼0
wstij �mf tij; ð17Þ

where, #wnti is the number of sentiment words after
segmentation for all comments posted by user ei in round t,
wstij is the word strength of the j-th sentiment word, mf tij is

the modification factor of the jth sentiment word, which
mainly includes adverbs of degree and negatives (reversed
polarity). Finally, the opinion of user ei in round t can be
quantified as

oti ¼
sst � sstmin

sstmax � sstmin
; ð18Þ

where, sstmax and sstmin are the maximum and minimum of
all the sentiment scores in round t, respectively.
To quantify the subjective trust relationships among users
in the online network, this study maps user interaction
behaviors, including reposts, likes, and comments, into
numerical trust strength values. The interaction strength
toward user ei to user ej in round t can be calculated by

isttij ¼ 0:5 � Rt
ij þ 0:3 � Ltij þ 0:2 � Ct

ij; ð19Þ
where, Rt

ij, L
t
ij and Ct

ij are the number of reposts, likes, and
comments toward user ei to user ej in round t, respectively.
Then, trust strength toward user ei to user ej in round t can
be quantified as

vtij ¼
isttij � isttmin�i

isttmax�i � isttmin�i
; ð20Þ

where, isttmax�i and isttmin�i are the maximum and
minimum of all the interaction strength of user ei in round
t, respectively.
The public opinions without manipulative behavior regula-
tion of the 100 chosen users are reported in Table 3 and the
initial social network is shown in Fig. 9c.

(3) Attitude parameter fitting
Based on the constructed data, the attitude parameter of
each user was fitted. Figure 10 presents a boxplot of the
fitted stubbornness degree parameter _xi and a histogram of
the cumulative probability distribution. The degree of
public stubbornness was mostly distributed around 0.6,
which can easily be incited and is applicable to the
mechanism proposed in this work.

(4) Manipulation threshold determination

Based on the fitting results of the above user group attitude
parameters, we can manage the manipulation behavior through
the human-machine collaborative consensus reaching mechan-
ism. The other parameters (Wu et al., 2021) were set as follows:
the consensus level threshold φ ¼ 0:8, the stable threshold
Tmax ¼ 20. However, the parameter setting of the manipulation

Fig. 9 Related reports, comments, and social network on the case of Fujian rainstorm. a Screenshot of the related report posted by the official “Fujian
Daily” account; b Screenshot of some of the comments on the related report; c Initial social network among related users.
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threshold is difficult to determine subjectively, and we select the
most appropriate manipulation threshold through simulation.
The speed of consensus reaching under different manipulation
thresholds, i.e., the number of iteration rounds needed to reach
consensus, is recorded in Table 4. The results show that the
manipulation threshold to g= 0.8, achieves optimal consensus
speed while ensuring stable detection of manipulative tendencies,
and was adopted in the case study.

Result analysis. After the manipulation threshold was determi-
nate, the proposed human-machine collaborative mechanism
was used to regulate the manipulative behavior in the chosen
public group. The comparative results are exhibited in Fig. 11.
On the one hand, as presented in Fig. 11a, the proposed human-

machine collaborative decision-making mechanism accelerated
the consensus reaching speed. It can be seen that the public
opinion reaches a consensus level of 0.8 around 15:30, while the
intervention of the human-machine collaborative mechanism
allows the public to reach a higher quality of consensus around
13:40. Although the public opinion eventually reached

Fig. 10 Distribution the fitted public stubbornness degree. Attitude parameters were fitted to the selected 100 users based on the relevant case data
collected.

Table 4 The iteration rounds under different manipulation
threshold.

Manipulation threshold 0.7 0.75 0.8 0.85 0.9 0.95

Iteration rounds 6 6 5 6 8 10

Table 3 Unregulated opinions in 20 rounds.

Rounds e1 e2 e3 e4 e5 e6 … e95 e96 e97 e18 e99 e100
1 0.74 0.61 0.11 0.98 0.68 0.24 … 0.14 0.74 0.40 1.00 0.71 0.12
2 0.27 0.77 0.67 0.49 0.20 0.00 … 0.70 0.09 0.18 1.00 0.63 0.60
3 0.99 0.97 0.05 0.03 0.14 0.47 … 0.33 0.48 0.75 0.14 0.00 0.97
4 0.13 0.93 0.74 0.99 0.55 0.20 … 0.04 0.90 0.63 0.53 0.34 0.72
5 0.86 0.34 0.97 0.74 0.83 0.80 … 0.86 0.65 0.64 0.87 0.63 0.56
6 0.25 0.66 0.05 0.34 0.95 0.79 … 0.33 0.64 0.65 0.10 0.20 0.55
7 0.42 0.60 0.24 0.59 0.01 0.49 … 0.20 0.20 0.06 0.69 0.08 0.48
8 0.07 0.65 0.73 0.04 0.90 0.79 … 0.28 0.76 0.61 0.05 0.26 0.95
9 0.33 0.13 0.24 0.46 0.43 0.36 … 0.71 0.11 0.84 0.59 0.97 0.07
10 0.16 0.16 0.61 0.22 0.62 0.83 … 0.05 0.27 0.65 0.79 0.54 1.00
11 0.75 0.27 0.73 0.53 0.91 0.23 … 0.99 0.32 0.76 0.77 0.41 0.23
12 0.64 0.88 0.77 0.74 0.29 0.32 … 0.66 0.43 0.55 0.55 0.61 0.27
13 0.80 0.76 0.03 0.09 0.96 0.63 … 0.51 0.00 0.00 0.78 0.54 0.21
14 0.55 0.33 0.94 0.04 0.13 0.58 … 0.45 0.02 0.69 0.77 0.74 0.82
15 0.35 0.77 0.14 0.58 0.32 0.57 … 0.22 0.32 0.46 0.14 0.15 0.13
16 0.54 0.83 0.64 0.29 0.04 0.45 … 0.63 0.86 0.33 0.23 0.98 0.94
17 0.14 0.17 0.55 0.65 0.02 0.33 … 0.39 0.62 0.90 0.22 0.81 0.71
18 0.78 0.99 0.12 0.73 0.25 0.79 … 0.88 0.71 0.03 0.60 0.25 0.65
19 0.09 0.17 0.85 0.21 0.80 0.79 … 0.62 0.14 0.93 0.90 0.41 0.88
20 0.21 0.12 0.42 0.57 0.32 0.29 … 0.69 0.74 0.05 0.65 0.57 0.58
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consensus even without the intervention. However, in the Fujian
rainstorm event, the public consensus reached almost two hours
faster with the human- machine collaborative mechanism
intervention, and the faster formation of high quality public’s
situational awareness may have more preparation time when the
public responds to the crisis event, which is important in the
emergency situation.

On the other hand, as can be seen from Fig. 11b, before the
proposed mechanism intervened, the collective opinion first
increased and then decreased to around 0.5. This is far from the
value of 0.3 that was reached after the mechanism intervened. The
day after the occurrence of the rainstorm event, the official Fujian
Daily account reported that the emergency response level was
adjusted from Level IV to Level III, indicating that the actual
disaster situation was more serious than the previous estimation.
In this case, the collective opinion reaching a value of 0.3 is more
in line with the actual situation; the public held negative attitudes
toward both the rainstorm event itself and the report that the
emergency response level was set at Level IV. And the public
opinion without intervention has been staying near 0.5, which
says that the public concerned about the rainstorm in Fujian is far
from enough to perceive the emergency state of affairs crisis. In
this paper, the human-machine collaborative mechanism con-
sidering the manipulation behavior guides the direction of public
opinion better, and recommends the more realistic opinions to
the public, which provides a certain reference value for public
opinion analysis and public opinion guidance.

The findings indicate that the proposed mechanism can not
only quickly integrate high-consensus public opinions, but can
also correct the bias that occurs when public opinions are
influenced by incitement comments. Public opinions in line with
the actual situation are ultimately obtained. Managing manip-
ulative behaviors in public opinion through human- machine
collaborative consensus reaching mechanisms can enhance the
public’s ability to perceive crisis situations, which provides some
guidance for public opinion analysis and public opinion
management.

Discussions
The discussion comprises four parts: (1) the convergence analysis
on the opinion-trust coevolution process; (2) a quantitative
effectiveness analysis with other existing methods to verify the
necessity of the proposed manipulative behavior regulation
mechanism and the machine moderator; (3) a qualitative com-
parative analysis with other existing methods to illustrate the

methodological innovations of this work; (4) limitations and
future work. To avoid repetitive descriptions, the parameters in
this chapter are the same as section 2.3.

Convergence analysis of coevolution. The impacts of the three
parameters of the GDM scale, the initial social network connectivity,
and the trust evolution speed on opinion–trust coevolution and the
CRP were explored. The consensus-reaching speed can be expressed
by the number of iterations required to reach a consensus.

The parameter values were as follows: (i) the GDM scale P
could be small ð30Þ, medium ð50Þ, or large ð100Þ; (ii) the initial
social network connectivity could be sparse (0.2), normal (0.5), or
intensive (0.8); and (iii) the social network evolution speed ðr; sÞ
could be slow ð0:8; 0:1Þ, mediumð0:7; 0:2Þ, or fast ð0:6; 0:3Þ.
Random initial opinions and a random initial social network were
used to simulate coevolution 1000 times. The simulation results
are reported in Table 5. The proposed opinion-social network
coevolution process was convergent. And only the number of
rounds to reach consensus will be different.

Effectiveness analysis. The proposed human-machine colla-
borative mechanism aims to improve the group consensus level
with a low group manipulation tendency. To explore whether the
method is effective, the following five simulation experiments
were designed:

Group 1: Natural coevolution without added intervention;

Fig. 11 Comparison results between with and without intervention. a Public consensus level comparison between with and without intervention;
b Collective public opinion comparison between with and without intervention.

Table 5 The consensus-reaching speed under different
parameters.

Iterations Trust evolution speed

Initial social
network
connectivity

Slow Medium Fast

(0.8,
0.1)

(0.7,
0.2)

(0.6,
0.3)

GDM
scale

Small (30) Sparse 0.2 3.59 3.12 2.73
Normal 0.5 2.29 2.31 2.27
Intensive 0.8 1.98 1.92 2.17

Medium (50) Sparse 0.2 10.26 7.98 5.39
Normal 0.5 3.87 4.84 4.69
Intensive 0.8 2.97 3.43 3.73

Large (100) Sparse 0.2 20.07 16.69 11.55
Normal 0.5 19.97 16.12 11.31
Intensive 0.8 15.1 14.58 11.04
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Group 2: Managing manipulative behaviors through the weight
adjustment method proposed in reference (Liu et al., 2023);

Group 3: Managing manipulative behaviors through the
opinion modification method proposed in reference (Gong
et al., 2024);

Group 4: Managing manipulative behaviors through the trust
relationship recommendation method proposed in this study;

Group 5: Reaching consensus through the RL method
proposed in reference (Hassani et al., 2023).

Without loss of generality, each experimental group was adjusted
to comprise 10% manipulators with a manipulation tendency
degree of “1”. The manipulative behavior management experi-
ments were repeated 500 times. First, a one-way ANOVA was used
to measure the significance of the effect of the behavioral
management approach on the speed of consensus attainment,
i.e., the number of rounds of consensus attainment, across the five
experimental groups. F= 12.31 indicates a strong difference
between group means compared to internal variance. And
p < 0.001 shows that the differences in consensus speed across
the five groups are statistically significant. The results of the one-
way ANOVA are displayed in Table 6.

Furthermore, each group of simulation experiments was
repeated 500 times and the experimental results were averaged.
Because this research focuses on manipulation, the validity of the
methodology is analyzed by comparing the group consensus level,
the group manipulation tendency, and the final collective
opinion, the comparative results of which are displayed in
Fig. 12a, b, and c, respectively.

Compared with the control group (Group 1), the three
mainstream manipulative behavior management methods
(Groups 2, 3, and 4) were able to regulate manipulative behaviors
to a certain extent, enhance the consensus reaching speed, and
correct the group preference to around 0.5. The proposed method
(Group 4) was more efficient and significantly reduced the
tendency of group manipulation compared to the methods

proposed in references (Liu et al, 2023) and (Gong et al., 2024)
(Groups 2 and 3, respectively). This may be because opinion
modification and weight adjustment can only regulate a single
individual, whereas the proposed social network trust relationship
recommendation can extend the influence to an individual’s circle
of trust, and may even affect the whole group, which has a great
influence on the collective opinion. Therefore, in LGDM
problems, it is more effective to recommend social network trust
relationships to regulate manipulative behaviors and reduce the
tendency of manipulation by the proposed method.

Regarding the method proposed in reference (Hassani et al.,
2023) (Group 5), the introduction of RL algorithms caused the
consensus level to approach 0.8 in the first round of discussion,
which intensely sped up the CRP. However, the group manipula-
tion tendency was as high as 0.9. and the final collective opinion
converged to 0.9, which was completely influenced by the added
anomalous data. This indicates that it is unreasonable to promote
the CRP through machine intelligence without considering human
behavior. Moreover, when abnormal data were added artificially,
this human-machine collaborative model was less risk-resistant.
Although a consensus could be reached quickly, the final decision-
making results were unreasonable and the decision-making quality
was lower. In contrast, the proposed method (Group 4) utilizes the
objective and impartial characteristics of machine intelligence,
which can accelerate consensus reaching while considering
manipulative behaviors, ultimately providing a risk-resistant
capability to ensure the reliability of the group’s final collective
opinion. The proposed collaborative model of human decision-
making and machine supervision further strengthens the degree of
human-machine collaboration, giving fair play to their respective
advantages and effectively improving the quality of GDM.

Comparative analysis. To highlight both the commonalities and
distinctions, the proposed approach is evaluated alongside ten

Table 6 The results of the one-way ANOVA.

Source of variation Sum of squares (SS) Degrees of freedom (df) Mean square (MS) F Value p-value

Between groups 160.0 4 40.00 12.31 <0.001
Within groups 308.0 95 3.24
Total 468.0 99

Fig. 12 Effectiveness simulation results. a Group consensus level comparison between five experiment groups; b Group manipulation tendency
comparison between five experiment groups; c Collective opinion comparison between five experiment groups.
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representative state-of-the-art GDM methods. A detailed com-
parison is provided in Table 7.

(1) Compared with (Sun et al, 2023), (Wu et al, 2021), (Dong
et al, 2021), (Chen et al, 2023), (Liu et al, 2023), (Sasaki et al, 2023).
Scholars at home and abroad have designed different identification
rules for different manipulative behaviors, such as weight
manipulation, trust relationship manipulation, strategic manipula-
tion, and consensus manipulation. The research is more detailed,
but there is less literature on managing manipulative behaviors
through social network trust relationships, and only reference
(Dong et al, 2021) has conducted a preliminary study on the impact
of manipulative behaviors through leadership relationships. This
paper is innovative in abating manipulation tendency through the
feedback adjustment of social network trust relationship.

(2) Compared with (Wang et al, 2022), (Hassani et al., 2023),
(Hou et al, 2025). There has been some research on scholars’
enhancement of GDM through machine intelligence, such as
solving the problems of consensus enhancement and weight
adjustment. However, there are fewer studies on managing human
behavior from the perspective of human-machine collaboration,
and although reference (Hou et al, 2025) studies the herd behavior,
the method used is clustering, and its adaptivity is still to be
improved. In this paper, training machine facilitators to manage
manipulation behavior through RL, so as to realize dynamic
human-machine collaboration still has certain research value.

Limitations and future work. While this study represents an
initial attempt to explore theoretical and practical aspects of
public opinion management, it is not without limitations. First,
the proposed opinion-trust coevolution model, while effective in
simulating group decision-making processes, is based on simpli-
fied assumptions regarding individual behavior and social influ-
ence, which may not fully capture the complexity of real-world
public opinion dynamics. Second, the machine moderator was
trained and tested within a simulated environment based on a
specific scenario (i.e., the torrential rainstorm in Fujian Province),
and the model involves relatively high computational complexity.
These factors may limit the generalizability and practical
applicability of the proposed approach to other types of emer-
gency events or more complex social environments.

Future work can be extended in several directions. First, trust
in real-world social networks often exhibits propagation char-
acteristics, whereby individuals extend or transfer trust to others
based on existing relational ties. Such propagation plays a critical
role in the diffusion of influence and the evolution of group
opinions. Therefore, an important direction for future research

lies in integrating trust propagation mechanisms into opinion-
trust coevolution model. This would enable a more comprehen-
sive representation of opinion and trust dynamics. Then,
deploying the proposed human-machine collaborative decision-
making mechanism in real-world public opinion management
platforms and conducting field-based validations with user
feedback will help translate theoretical advances into practical
implementations and continuous system improvement.

Conclusion
This work proposed a human-machine collaborative consensus
reaching mechanism that considers manipulation tendency. This
mechanism can greatly improve the consensus level and reliability of
collective public opinion in emergency situations. The contributions
of this research can be summarized in the following three points.

(1) Considering the objectivity, impartiality, and data sensitiv-
ity of machines, a new collaborative decision-making
mechanism to manage manipulative behavior was pro-
posed. Specifically, the human group discusses and
assembles collective opinions, and the machine moderator
learns human behavioral data and feeds back adjustment
parameters to supervise their social network. This allows for
a high consensus collective opinion while controlling the
manipulation of tendency.

(2) Manipulators can only influence the collective opinion
through two behaviors: expressing their own opinion and
influencing the opinion expression of others. With this in
mind, a two-dimensional behavioral manipulation ten-
dency measurement function based on extreme opinions
and expected influence is proposed, emphasizing the
importance of predicted influence in manipulation identi-
fication. Further, we measure the manipulation tendency
through the neutral element parameter of the non-matrix
operator and set it as a gain function to train machine
moderators, which achieves some effectiveness in managing
manipulative behaviors.

(3) Considering that the public is unorganized and easily
influenced, and that its reliability and stability are
debatable, an opinion fusion method for use in emergency
environments was proposed. The proposed method not
only improves the consensus of collective public opinion
through coevolution but also improves the reliability of
collective public opinion through RL. The result not only
enhances the reliability and democracy of public opinion,
but also rapidly improves the public’s ability to perceive the
state of affairs in emergency scenarios.

Table 7 The comparative analysis with existing methods.

Reference Research problem Behavior Identification Behavior Management Human-machine
collaboration

Sun et al. Subgroup weight manipulation Power index Weight punishment, feedback
model

×

Wu et al. Individual and subgroup
manipulation

Clustering Feedback model ×

Dong et al. Trust relationship manipulation Clustering Leadership improvement ×
Chen et al. Consensus manipulation Value measurement Adjust initial opinion ×
Liu et al. Subgroup manipulation Subgroup manipulation

tendency
Anti-Manipulation Weight
Function

×

SASAKI et al. Strategic manipulation Game theory × ×
Wang et al. Consensus achievement × × Deep RL
HASSANI et al. Weight adjustment × × RL
Hou et al. Herd behavior Behavior consistency Weight punishment Clustering
Proposed method Manipulation Manipulation tendency Trust adjustment RL
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However, this work is still in its infancy, leaving ample room
for exploration in the future. The opinion-trust coevolution
model, while effective, is based on simplified assumptions and
may not fully capture real-world complexities. Additionally, the
machine moderator was tested in a specific simulated scenario,
which limits its generalizability. Future research should integrate
trust propagation mechanisms into the model and validate the
approach in real-world public opinion platforms to ensure its
practical applicability and improvement.

Data availability
No datasets were generated or analyzed during the current study.
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