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Abstract: This paper is a note for discussion and organization of computational experiments and
methods.This note examines a new game-theoretic model for analyzing strategic interactions among
news providers in the context of fake news dissemination and fact-checking efforts, integrating
Bonacich centrality and Trembling Hand Perfect Equilibrium (THPE) concepts are integrated to
explore how information providers, modeled as players in a network game with imperfect information,
make strategic decisions regarding the publication of news and the verification of information.
Bonacich centrality is employed to quantify the relative influence of each information provider in the
network, highlighting the role of central nodes in shaping the flow of information; THPE accounts
for the possibility of suboptimal behavior due to errors and uncertainty and to explain the strategies
employed by information providers Used for. The analysis reveals the conditions under which a
network reaches a pairwise stable state where two providers cannot mutually benefit from a change
in strategy. The model highlights the complex dynamics of news diffusion and the key factors that
influence the effectiveness of fact-checking initiatives. The experimental design of this paper should
contribute to policymakers, media organizations, and fact-checkers striving to combat the spread of
fake news and promote the dissemination of accurate information.
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1. Introduction
This paper is a note for discussion and organization of com-
putational experiments and methods. In game-theoretic net-
work analysis, the combination of Bonacich centrality and
trembling hand perfect equilibrium (THPE) plays a crucial
role in capturing the dynamic relationship between the influ-
ence and strategic behavior of news providers in informational
and digital health contexts. This approach allows us to iden-
tify key players in the dissemination of health information,
understand the impact of their actions on the network as a
whole, and develop strategies to effectively curb fake news
and misinformation and promote accurate health information.

By quantifying the relative influence that news providers
have within a network, Bonacich Centrality reveals which
providers play the most important role in the flow of health in-
formation. This information is essential in developing strate-
gies for spreading accurate information through the most in-
fluential providers in health awareness campaigns and pub-
lic health initiatives. It can also help identify the risk of
spreading misinformation by influential providers and plan

Fig. 1: Bonacich Centrality and Expected Gains in Network
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Fig. 2: Selection influence probability of shaking hands
(error probability)

interventions to address it.
On the other hand, THPE considers the strategic actions

that news providers may take and analyzes how each action
affects their position within the network and the actions of
other providers. In particular, by considering the possibil-
ity of taking non-optimal actions with minute probability,
we can model real-world situations of uncertainty and im-
perfect information. This allows us to better understand the
incentives for news providers to spread fake news or con-
duct fact-checking, and to develop more effective strategies
to promote or discourage these behaviors.

Thus, the game-theoretic approach of combining
Bonacich centrality and THPE provides important insights
for protecting and promoting informational and digital health.
Understanding the strategic behavior of news providers and
their relative influence within networks will enable us to de-
sign more effective policies, programs, and interventions
to improve the quality of health information and prevent
the spread of misinformation. This paper focuses on non-
complete information unfolding form games between news
providers in the context of fake news and fact-checking, and
proposes a new approach in the analysis of such networks.
In particular, we analyze the interaction between the strategic
behavior of news providers and their influence in the network
using a model that combines Bonacich centrality and trem-
bling hand perfect equilibrium (THPE). The study aims to
provide new perspectives in understanding the role of news
providers in propagating information and suppressing misin-
formation.

The issue of fake news and fact-checking has become
an important challenge in today’s society. In particular, the
speed and scope of information dissemination has expanded

dramatically with the spread of social media, making it im-
perative to develop effective methods to minimize the impact
of misinformation. This study examines a method for model-
ing and analyzing the strategic decisions that news providers
make in the process of selecting and publishing information,
using a game theory framework.

Bonacich centrality is a measure of the relative influence
of individual nodes in a network, which indicates the mag-
nitude of the news provider’s influence. On the other hand,
trembling hand perfect equilibrium (THPE) is an equilibrium
concept in game theory that takes into account the possibility
of players taking non-optimal actions with minute probability.
By combining these two concepts, this research can model
and analyze, in a more realistic way, the strategic decisions
that news providers make when choosing actions such as pub-
lishing information or conducting fact-checking.

Specifically, we reveal the strategic interactions among
news providers and their outcomes in a non-complete infor-
mation deployment game defined in the context of fake news
and fact-checking through a redefinition of expected gains
that takes into account Bonacich centrality, the derivation of
THPEs, and the analysis of network-wide equilibrium states
This will help to identify strategies for suppressing misinfor-
mation. By doing so, we aim to contribute to the development
of strategic approaches to curb misinformation.

Our approach is unique in that it considers how the strate-
gic behavior of news providers affects their relative influence
within the network. We consider this analysis as a method
that provides a new perspective when dealing with the is-
sues of fake news and fact-checking, and that deepens our
understanding of the propagation of information and the sup-
pression of misinformation.

The framework of this study is designed to formalize the
complex decision-making process faced by news providers
and to analyze how their strategic interactions affect pat-
terns of information propagation. In particular, we aim to
capture the dynamic relationship between news providers’ in-
fluence and their strategic behavior by combining Bonacich
centrality and trembling hand perfect equilibrium (THPE).
This is an important step toward understanding the role of
news providers in information dissemination and misinfor-
mation suppression strategies.

The debate about fake news and fact-checking highlights
the issues of credibility and transparency in the public debate
arena. The actions of news providers, the originators of
information, are key to addressing this issue. This study
uses a theoretical framework to analyze the various strategic
choices that news providers can take and their impact on the
dissemination and reception of information. Through this
approach, we aim to provide strategic insights to curb the
spread of fake news and maximize the effectiveness of fact-
checking.



In addition, this research will model the interaction be-
tween news providers as a network, allowing for a more
detailed understanding of information propagation patterns.
Through this network model, the impact of specific news
providers and information flows on the network as a whole
can be analyzed to identify effective approaches to combat
the spread of fake news and misinformation.

In the context of informational and digital health, the
framework of this study is of particular importance. The dy-
namics of fake news and fact-checking must be considered
from a public health perspective, as the quality and accessi-
bility of information has a direct impact on individuals’ health
awareness and behavior. The spread of misinformation about
health information can cause unnecessary anxiety and pro-
mote risky health behaviors. Therefore, understanding the
strategic actions of news providers and their information dis-
semination is essential to protect informational health and
improve the quality of health information in the digital envi-
ronment.

Insights from this study can help in the design of digital
health promotion programs and strategies to improve health
information literacy. Understanding how information propa-
gates within a network will enable the development of strate-
gies to maximize the accuracy and impact of health informa-
tion. Maximizing the effectiveness of fake news suppression
and fact-checking will also help increase the effectiveness of
health promotion efforts through digital media.

Furthermore, this research will contribute to the devel-
opment of public health policies that take into account the
impact of digital media on individual health attitudes and
behaviors. Understanding patterns of information dissemina-
tion will facilitate the development of policies and programs
that promote equitable access to health information and the
positive contributions of digital media to health.

Overall, this study provides insight into the dissemination
and acceptance of health information, highlighting the role
of news providers in the protection and promotion of infor-
mational and digital health. We hope that this will improve
the quality of health information and contribute to improving
public health in the digital environment.

2. Discussion:Investigation of Methods
Introducing Pairwise Stability

When considering the context of fake news and fact-checking
in a game of incomplete information among news providers,
combining pairwise stability and network analysis requires
first defining the framework of the model. Below outlines
a general approach, but the actual model needs adjustments
based on the research objectives and available data.

2.1 Model Construction
(1) Network Definition:

Define the network among news providers as a graph
𝐺 = (𝑉, 𝐸), where𝑉 is the set of nodes (news providers)
and 𝐸 is the set of edges (relationships among news
providers).

(2) Utility Functions:
Define the utility function 𝑈𝑖 for each news provider
𝑖. This function may depend on multiple factors such as
relationships with other news providers and the accuracy
of information.

(3) Pairwise Stability Condition:
For any pair 𝑖 and 𝑗 , if both their utilities improve by
having a relationship (𝑖, 𝑗) ∈ 𝐸 , then this relation-
ship is considered pairwise stable. Mathematically, if
there does not exist 𝐸 ′ such that 𝑈𝑖 (𝐸 ′) > 𝑈𝑖 (𝐸) and
𝑈 𝑗 (𝐸 ′) > 𝑈 𝑗 (𝐸), then 𝐸 is pairwise stable.

2.2 Computation Process
(1) Network Initialization:

Set the initial network state 𝐺0 = (𝑉, 𝐸0). This is
constructed based on known relationships among news
providers and initial patterns of information exchange.

(2) Evaluation of Utility Functions:
Calculate the utility 𝑈𝑖 (𝐸0) for each news provider in
the initial state. This involves considering factors like
the accuracy of news, influence, and reach.

(3) Search for Pairwise Improvements:
Evaluate whether the utility function improves for all
possible additions or removals of edges. Specifically,
calculate 𝑈𝑖 (𝐸 ′) and 𝑈 𝑗 (𝐸 ′) for the new network 𝐺′ =

(𝑉, 𝐸 ′) obtained by adding or removing the edge (𝑖, 𝑗),
and determine if there is an improvement.

(4) Determination of Stable States:
The goal is to find a state where no pairwise improve-
ments exist, meaning there are no edges where utility
improves simultaneously by addition or removal. This
state is considered a pairwise stable network.

2.3 Considerations
This approach requires modeling complex factors such
as network dynamics and asymmetry of information.

Defining utility functions and selecting parameters sig-
nificantly impact the predictive accuracy of the model. It
is essential to define them appropriately based on actual
data and prior research.

When considering the elements that can be expected by
introducing the concept of pairwise stability into the game of
incomplete information among news providers in the context



of fake news and fact-checking, a network analysis perspective
can be valuable. Pairwise stability refers to situations where,
in a given state, no pair of actors can simultaneously achieve
a better outcome by changing their relationship.

2.4 Expected Elements from Network Analysis
(1) Understanding Patterns of Information Propagation:

Analyzing the network structure among news providers
can reveal patterns of how information and fake news
propagate. The concept of pairwise stability helps un-
derstand which links are stable and which ones are more
prone to variation when capturing the dynamics of in-
formation propagation.

(2) Identifying Strategic Positions of Information
Providers:
Identifying the positions of information providers within
the network (such as centrality or roles as bridges) can
help strategize to maximize the suppression of fake news
and the effectiveness of fact-checking. Pairwise stability
may help identify which relationships are strategically
significant.

(3) Community Structure and Misinformation Diffu-
sion:
Network analysis can reveal the community structure of
information providers. From the perspective of pairwise
stability, one can evaluate strategies for the flow of infor-
mation and suppression of misinformation both within
and outside these communities.

(4) Asymmetry of Information and Network Influence:
Network analysis considering pairwise stability can help
understand how the asymmetry of information influ-
ences strategic interactions among news providers. It
allows for considering how the types and amounts of
information possessed by specific providers affect their
relationships and strategies within the network.

(5) Analysis of Dynamic Networks:
The relationships among information providers change
over time. Incorporating the concept of pairwise stabil-
ity into network analysis enables tracking these dynamic
changes and analyzing how the strategies of information
providers evolve.

Introducing network analysis into the framework al-
lows for a deeper understanding of interactions among news
providers within the context of fake news and the develop-
ment of new strategic approaches in combating fake news.
However, implementing this approach requires advanced net-
work analysis techniques and detailed data on the behavior of
news providers.

2.5 Pairwise Stability and Trembling Hand Per-
fect Equilibrium (THPE) Incorporated Net-
work Analysis

When designing the formulas and computational process for
network analysis incorporating pairwise stability and Trem-
bling Hand Perfect Equilibrium (THPE) in the context of
games among news providers considering fake news and fact-
checking, which is also addressed as a challenge in the pre-
ceding paragraph, it is necessary to consider the extensive
form structure of the game and the incomplete information
of each player. Below, we outline a general framework for
analyzing such games.

The calculation of Trembling Hand Perfect Equilibrium
(THPE) with pairwise stable trembling hands in an incom-
plete information extensive-form game is difficult to estab-
lish a single "generic" calculation process due to its highly
advanced nature. However, here we provide an overview of
the basic framework using several steps and formulas.

Definition of Game Extensive Form and Infor-
mation Sets
The extensive form of the game is usually represented by
a game tree. Each node 𝑛 represents a decision point in
the game, and each edge represents possible actions. The
information set 𝐼𝑖 is a set of decision nodes that player 𝑖

cannot distinguish.

Definition of Player Beliefs and Strategies
Let 𝛽𝑖 (𝑛|𝐼𝑖) denote the probability that player 𝑖 believes they
are at node 𝑛 in information set 𝐼𝑖 . Player 𝑖’s strategy𝜎𝑖 speci-
fies the probability distribution of actions in each information
set.

Calculation of Expected Payoffs
The expected payoff for action 𝑎 of player 𝑖 in information
set 𝐼𝑖 is the weighted average of payoffs over all possible
outcomes of that action. The expected payoff is calculated as
follows:

𝐸 [𝑈𝑖 (𝜎)] =
∑︁
𝑛∈𝐼𝑖

𝛽𝑖 (𝑛|𝐼𝑖)
∑︁

𝑎∈𝐴(𝑛)
𝜎𝑖 (𝑎 |𝐼𝑖)𝑈𝑖 (𝑛, 𝑎)

Here, 𝐴(𝑛) is the set of possible actions at node 𝑛, and
𝑈𝑖 (𝑛, 𝑎) is the payoff at node 𝑛 when action 𝑎 is taken.

Examination of Pairwise Stability
To confirm pairwise stability, it is necessary to ensure that
for any two players 𝑖 and 𝑗 , their expected payoffs do not
simultaneously improve by changing their strategies. This
can be confirmed by examining all pairs of strategies (𝜎𝑖 , 𝜎𝑗 )
for all players.



Calculation of THPE
In Trembling Hand Perfect Equilibrium, each player may take
suboptimal actions with a small probability 𝜖 . In THPE, it
is necessary to confirm that all players’ strategies are optimal
responses to other players’ strategies and that equilibrium is
maintained even with the inclusion of suboptimal actions with
a small probability.

Pairwise Stability and Trembling Hand
Perfect Equilibrium (THPE)

Incorporated Network Analysis
When designing the formulas and computational process for
network analysis incorporating pairwise stability and Trem-
bling Hand Perfect Equilibrium (THPE) in the context of
games among news providers considering fake news and fact-
checking, which is also addressed as a challenge in the pre-
ceding paragraph, it is necessary to consider the extensive
form structure of the game and the incomplete information
of each player. Below, we outline a general framework for
analyzing such games.

The calculation of Trembling Hand Perfect Equilibrium
(THPE) with pairwise stable trembling hands in an incom-
plete information extensive-form game is difficult to estab-
lish a single "generic" calculation process due to its highly
advanced nature. However, here we provide an overview of
the basic framework using several steps and formulas.

Definition of Game Extensive Form and Infor-
mation Sets
The extensive form of the game is usually represented by
a game tree. Each node 𝑛 represents a decision point in
the game, and each edge represents possible actions. The
information set 𝐼𝑖 is a set of decision nodes that player 𝑖

cannot distinguish.

Definition of Player Beliefs and Strategies
Let 𝛽𝑖 (𝑛|𝐼𝑖) denote the probability that player 𝑖 believes they
are at node 𝑛 in information set 𝐼𝑖 . Player 𝑖’s strategy𝜎𝑖 speci-
fies the probability distribution of actions in each information
set.

Calculation of Expected Payoffs
The expected payoff for action 𝑎 of player 𝑖 in information
set 𝐼𝑖 is the weighted average of payoffs over all possible
outcomes of that action. The expected payoff is calculated as
follows:

𝐸 [𝑈𝑖 (𝜎)] =
∑︁
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∑︁
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Here, 𝐴(𝑛) is the set of possible actions at node 𝑛, and
𝑈𝑖 (𝑛, 𝑎) is the payoff at node 𝑛 when action 𝑎 is taken.

Examination of Pairwise Stability
To confirm pairwise stability, it is necessary to ensure that
for any two players 𝑖 and 𝑗 , their expected payoffs do not
simultaneously improve by changing their strategies. This
can be confirmed by examining all pairs of strategies (𝜎𝑖 , 𝜎𝑗 )
for all players.

In Trembling Hand Perfect Equilibrium, each player may
take suboptimal actions with a small probability 𝜖 . In THPE,
it is necessary to confirm that all players’ strategies are opti-
mal responses to other players’ strategies and that equilibrium
is maintained even with the inclusion of suboptimal actions
with a small probability.

3. Discussion:Definition of the Game
Tree

To explain the specific calculation process for the game tree
and Trembling Hand Perfect Equilibrium (THPE) in an in-
complete information extensive-form game, here we provide
a step-by-step approach using a simplified example. In this
example, we consider a game with two players (A and B).
Player A acts first, followed by Player B, who does not know
exactly what Player A chose (incomplete information).

First, represent the extensive form of the game using a
game tree. Consider the following simple game tree:

(1) Player A can choose action 𝑎1 or 𝑎2.

(2) Player B, without knowing Player A’s choice, chooses
action 𝑏1 or 𝑏2.

Definition of Information Sets
Player B’s information set 𝐼𝐵 includes B’s decision nodes
when Player A chooses 𝑎1 or 𝑎2.

Definition of Player Beliefs
Player B believes that Player A chooses 𝑎1 with proba-
bility 𝛽 and 𝑎2 with probability 1 − 𝛽.

Definition of Strategies
Let 𝜎𝐴 and 𝜎𝐵 denote the strategies of Player A and
B, respectively. These are probability distributions over
actions in information sets.

Calculation of Expected Payoffs
The expected payoffs for Player A and B can be calculated as
follows:



𝐸 [𝑈𝐴(𝜎𝐴, 𝜎𝐵)] = 𝛽 ·𝑈𝐴(𝑎1, 𝜎𝐵 (𝐼𝐵)) + (1 − 𝛽) ·𝑈𝐴(𝑎2, 𝜎𝐵 (𝐼𝐵))
𝐸 [𝑈𝐵 (𝜎𝐴, 𝜎𝐵)] = 𝛽 ·𝑈𝐵 (𝜎𝐴(𝐼𝐴), 𝑏1) + (1 − 𝛽) ·𝑈𝐵 (𝜎𝐴(𝐼𝐴), 𝑏2)

Here, 𝑈𝐴 and 𝑈𝐵 are the payoff functions for Player A
and B, respectively, for specific combinations of actions.

Confirmation of THPE
To find THPE, confirm that each player’s strategy is an op-
timal response to the strategies of the other players. This
includes considering the possibility of players taking subop-
timal actions with a small probability (trembling hand).

Confirm that the strategies of Player A and B are optimal
responses to each other’s strategies.

Confirm that these strategies remain optimal even if play-
ers take suboptimal actions with a small probability 𝜖 .

To demonstrate the calculation process for THPE in an in-
complete information extensive-form game considering pair-
wise stability, specific contexts of the game are required.
However, as a general guideline, the following steps are pre-
sented for deriving pairwise stable THPE. This extends the
framework of the simplified game mentioned earlier.

Expansion of Game Tree and Information Sets
In the game tree, include all possible game states that occur
after each action by Player A and B. Expand Player B’s infor-
mation set to reflect the uncertainty about Player A’s actions.

Definition of Expanded Beliefs and Strategies
Update Player B’s beliefs to probabilities for each of Player
A’s possible actions. These beliefs are updated based on the
signals or observations Player B might receive. Define the
strategies for Player A and B based on the expanded game
tree.

Recalculation of Expected Payoffs
Recalculate the expected payoffs for each player based on the
expanded beliefs and strategies. The calculation of expected
payoffs is performed for each node and information set in the
new game tree.

Confirmation of Pairwise Improvement
Considering pairwise stability, confirm that there is no oppor-
tunity for both players’ expected payoffs to simultaneously
improve by changing one player’s strategy in any player pair
(𝑖, 𝑗). This confirmation is done for all information sets and
possible belief updates.

Derivation of THPE and Integration with Pair-
wise Stability
In THPE, considering the possibility of players taking subop-
timal actions with a small probability, derive a set of strategies
that maintains pairwise stability under this condition. This
process involves finding strategies that maximize the expected
payoffs for each player and ensuring that they are not improved
by pairwise improvement.

To illustrate the specific calculation process for pairwise
stable THPE, specific parameters of the game (players’ pay-
off functions, possible actions, information sets, etc.) are
required. In a general form, it typically involves solving op-
timization problems like the following:

Find strategies that maximize the expected payoff for each
player:

max
𝜎𝑖

𝐸 [𝑈𝑖 (𝜎𝑖 , 𝜎−𝑖)]

Confirm that there is no opportunity for both players’
expected payoffs to simultaneously improve by changing one
player’s strategy for all player pairs (𝑖, 𝑗).

This process is often performed numerically for specific
games using methods such as linear programming or iterative
optimization algorithms.

3.1 Discussion:Expanding Game Tree and In-
formation Sets in an Incomplete Information
Extensive-Form Game

Game Setup
Consider a game with two players, A and B. Player A acts
first and can choose either "Left (L)" or "Right (R)." Next,
player B acts, but does not know what action player A chose.
Player B can choose either "Up (U)" or "Down (D)." Player
B has an information set 𝐼𝐵 regarding player A’s choice, but
this information is incomplete.

Expansion of Game Tree and Information Sets
The game tree is expanded as follows:

(1) Player A chooses "Left (L)" or "Right (R)."

(2) Player B, based on incomplete information about player
A’s choice, chooses "Up (U)" or "Down (D)."

Player B’s information set 𝐼𝐵 represents a state where
player A has chosen either "Left (L)" or "Right (R)," but it
cannot distinguish which one.

Definition of Expanded Beliefs and Strategies
Player B’s beliefs are defined by the probability 𝛽𝐿 that player
A chooses "Left (L)" and the probability 𝛽𝑅 = 1 − 𝛽𝐿 that
player A chooses "Right (R)."



The strategies for player A and player B are defined by
the probability distributions of their respective action choices.
Player A’s strategy is 𝜎𝐴(𝐿) and 𝜎𝐴(𝑅) = 1 − 𝜎𝐴(𝐿), while
player B’s strategy is the probability of choosing "Up (U)"
and "Down (D)" based on information set 𝐼𝐵, denoted as
𝜎𝐵 (𝑈 |𝐼𝐵) and 𝜎𝐵 (𝐷 |𝐼𝐵) = 1 − 𝜎𝐵 (𝑈 |𝐼𝐵).

Example Calculation of Player B’s Expected
Payoff
𝐸 [𝑈𝐵] = 𝛽𝐿 (𝜎𝐵 (𝑈 |𝐼𝐵)𝑈𝐵 (𝐿,𝑈) + 𝜎𝐵 (𝐷 |𝐼𝐵)𝑈𝐵 (𝐿, 𝐷))

+𝛽𝑅 (𝜎𝐵 (𝑈 |𝐼𝐵)𝑈𝐵 (𝑅,𝑈) + 𝜎𝐵 (𝐷 |𝐼𝐵)𝑈𝐵 (𝑅, 𝐷))

In this equation, player B’s expected payoff is calculated
using player B’s beliefs 𝛽𝐿 and 𝛽𝑅 about player A’s choice
of "Left (L)" or "Right (R)" and player B’s strategy 𝜎𝐵 of
choosing "Up (U)" or "Down (D)" at each information set.
𝑈𝐵 (𝐿,𝑈),𝑈𝐵 (𝐿, 𝐷),𝑈𝐵 (𝑅,𝑈), and𝑈𝐵 (𝑅, 𝐷) represent the
payoffs for specific combinations of actions.

In this step, expected payoffs are calculated using player
strategies and beliefs, and optimal strategies are selected
based on the results. The specifics of the equations may
vary depending on the scenario and payoff structure of the
game.

By examining the potential for pairwise improvement be-
tween players, we confirm that a set of strategies is pairwise
stable. This means that no two players can simultaneously
improve their expected payoffs by cooperating to change their
strategies.

Confirmation of Pairwise Improvement in Computa-
tional Experiments

In this process, we consider whether player 𝑖 can improve
their expected payoff by changing their strategy, which then
induces player 𝑗 to also change their strategy. This evaluation
is conducted for all pairs of players (𝑖, 𝑗) and all combinations
of strategies 𝜎𝑖 and 𝜎𝑗 .

To demonstrate the absence of pairwise improvement, the
following condition must be satisfied:

∀𝜎′
𝑖 , 𝜎

′
𝑗 , 𝐸 [𝑈𝑖 (𝜎′

𝑖 , 𝜎−𝑖)] ≤ 𝐸 [𝑈𝑖 (𝜎𝑖 , 𝜎−𝑖)]

or 𝐸 [𝑈 𝑗 (𝜎𝑖 , 𝜎
′
𝑗 )] ≤ 𝐸 [𝑈 𝑗 (𝜎𝑖 , 𝜎𝑗 )]

Here, 𝜎′
𝑖

and 𝜎′
𝑗
represent the new strategies that players 𝑖

and 𝑗 might choose. 𝜎−𝑖 denotes the combination of strategies
chosen by all players except player 𝑖.

This condition indicates that if player 𝑖 changes their strat-
egy to 𝜎′

𝑖
, this change either decreases player 𝑗’s expected

payoff or does not improve player 𝑖’s expected payoff even if
player 𝑗 changes their strategy to 𝜎′

𝑗
.

Computational Example
To illustrate this, let’s consider a simple game with only player
A and player B. Suppose player A takes strategy𝜎𝐴 and player

B takes strategy 𝜎𝐵. If player A changes to a new strategy
𝜎′
𝐴
, player B’s expected payoff is calculated as:

𝐸 [𝑈𝐵 (𝜎′
𝐴, 𝜎𝐵)]

If player B responds to this change by switching to strategy
𝜎′
𝐵

, player A’s expected payoff becomes:

𝐸 [𝑈𝐴(𝜎′
𝐴, 𝜎

′
𝐵)]

For pairwise improvement to be absent, the following
condition must hold:

𝐸 [𝑈𝐵 (𝜎′
𝐴, 𝜎𝐵)] ≤ 𝐸 [𝑈𝐵 (𝜎𝐴, 𝜎𝐵)]

or

𝐸 [𝑈𝐴(𝜎′
𝐴, 𝜎

′
𝐵)] ≤ 𝐸 [𝑈𝐴(𝜎𝐴, 𝜎𝐵)]

This condition implies that even if players A and B coop-
erate to change their strategies, at least one player’s expected
payoff does not improve.

Such considerations of pairwise improvement must be
conducted for all pairs of players and possible changes in
strategies. In practice, this process depends on the specific
rules and payoff structures of the game and is often executed
using numerical methods or game theory.

4. Discussion:Modeling Overview
To model the imperfect-information extensive-form game
among news providers in the context of fake news and fact-
checking, and to explain the process of constructing its net-
work in detail, we present specific computational procedures
and formulas below.

Game Modeling
Player Definitions
Model news providers as players. For example, define the set
of news providers as 𝑃 = {𝑝1, 𝑝2, . . . , 𝑝𝑛}.

Action Definitions
Define the possible actions for each news provider 𝑝𝑖 as 𝐴𝑖 =

{𝑎𝑖1, 𝑎𝑖2, . . . , 𝑎𝑖𝑚}. For instance, 𝑎𝑖1 could be "publish fake
news" and 𝑎𝑖2 could be "conduct fact-checking".

Payoff Functions
Define payoffs for each action combination. For instance, if
player 𝑝𝑖 takes action 𝑎𝑖𝑘 and the other players take actions
from set 𝐴−𝑖 , denote the payoff as 𝑈𝑖 (𝑎𝑖𝑘 , 𝐴−𝑖). Payoff func-
tions are defined based on factors like influence, credibility,
and reach.



Network Construction
Node Definitions
Represent each player 𝑝𝑖 in the network as a node. The set of
nodes 𝑉 in the network 𝐺 = (𝑉, 𝐸) corresponds to the set of
news providers 𝑃.

Edge Definitions
Represent interactions between players as edges. An edge
(𝑝𝑖 , 𝑝 𝑗 ) indicates interaction between players 𝑝𝑖 and 𝑝 𝑗 . The
weight 𝑤𝑖 𝑗 of an edge represents the strength or magnitude of
the interaction. The set of edges 𝐸 contains all interactions.

Construction of the Adjacency Matrix of the
Network
Construct the adjacency matrix 𝐴 of the network. Each ele-
ment 𝑎𝑖 𝑗 of 𝐴 corresponds to the weight 𝑤𝑖 𝑗 of the edge from
player 𝑝𝑖 to 𝑝 𝑗 . If there is no edge, set 𝑎𝑖 𝑗 = 0.

𝐴 =


𝑎11 𝑎12 · · · 𝑎1𝑛
𝑎21 𝑎22 · · · 𝑎2𝑛
...

...
. . .

...

𝑎𝑛1 𝑎𝑛2 · · · 𝑎𝑛𝑛


Calculation of Interaction Strength
The strength of interaction between players is determined by
the weights of the edges. The total influence of a specific
player 𝑝𝑖 on others is calculated by summing the elements in
the 𝑖th row of the adjacency matrix.

Influence𝑖 =
𝑛∑︁
𝑗=1

𝑎𝑖 𝑗

This model and computational process define the game
among news providers and its network, providing a founda-
tion for analyzing interactions and influence among players.
Further modeling and calculations may be required depend-
ing on specific game scenarios and network structures.
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weight 𝑤𝑖 𝑗 of an edge represents the strength or magnitude of
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Network
Construct the adjacency matrix 𝐴 of the network. Each ele-
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Modeling Organization 2
We describe the computational process for incorporating the
Bonacich Power and Trembling-Hand Perfect Equilibrium
(THPE) into the network of news providers in the context of
imperfect-information extensive-form games involving fake
news and fact-checking.

Introduction of Bonacich Power
Bonacich Power is a measure to quantify the influence of
players within a network. The Bonacich Power index 𝐵𝑖 is
calculated as follows:

𝐵𝑖 =

𝑛∑︁
𝑗=1

𝑎𝑖 𝑗 +𝛼
𝑛∑︁
𝑗=1

𝑛∑︁
𝑘=1

𝑎𝑖 𝑗𝑎 𝑗𝑘+𝛼2
𝑛∑︁
𝑗=1

𝑛∑︁
𝑘=1

𝑛∑︁
𝑙=1

𝑎𝑖 𝑗𝑎 𝑗𝑘𝑎𝑘𝑙+· · ·

Here, 𝑎𝑖 𝑗 represents the influence (edge weight) from
player 𝑖 to 𝑗 , 𝛼 is the decay parameter (usually a positive
value less than 1), and 𝑛 is the total number of players.

Bonacich Power takes into account not only direct influ-
ence but also indirect influence (such as influence through
friends of friends). The decay parameter 𝛼 adjusts the impor-
tance of indirect influence.

Introduction of Trembling-Hand Perfect Equi-
librium (THPE)
To derive THPE, it is necessary to ensure that each player’s
strategy accounts for trembling hand (the selection of subop-
timal actions with a small probability). The specific compu-
tational process is as follows:

1. **Definition of Probability Mixed Strategies**: De-
fine strategy 𝜎𝑖 (𝑎) for each action 𝑎 of player 𝑖, representing
the probability of selecting action 𝑎.

2. **Calculation of Expected Payoffs**: Calculate the
expected payoff 𝐸 [𝑈𝑖 (𝑎, 𝜎−𝑖)] for player 𝑖’s action 𝑎. This
is the expected value of the payoff for action 𝑎 given the
strategies 𝜎−𝑖 of the other players.

𝐸 [𝑈𝑖 (𝑎, 𝜎−𝑖)] =
∑︁
𝜎−𝑖

𝑝(𝜎−𝑖)𝑈𝑖 (𝑎, 𝜎−𝑖)

Here, 𝑝(𝜎−𝑖) is the probability of the combination of
strategies of the other players.

Consideration of Trembling Hand
Consider that each player takes suboptimal actions with a
small probability 𝜖 . The optimal strategy includes the op-
timal response to the strategies of other players, while also
considering the possibility of taking suboptimal actions with
a small probability.

Derivation of THPE
Ensure that each player’s strategy, being the optimal response
to the strategies of other players, does not break the equi-
librium even with the inclusion of suboptimal actions with a
small probability.

∀𝑖,∀𝑎 ∈ 𝐴𝑖 , 𝐸 [𝑈𝑖 (𝑎, 𝜎−𝑖)] ≥ 𝐸 [𝑈𝑖 (𝑎′, 𝜎−𝑖)] − 𝜖

Here, 𝑎′ represents all other possible actions of player 𝑖.
This computational process needs to be adapted based on

the specific rules, payoff structures, and network topology of
the game. In practice, these calculations are often complex
and numerical solution methods or simulations are commonly
used.

Modeling Organization 3
In the integration of network analysis, we analyze the in-
teraction between news providers and the influence of their
strategic decisions using the concepts of Bonacich Power and
Trembling-Hand Perfect Equilibrium (THPE). While we can
outline a general framework for this process, the specific cal-
culations depend on the particular settings of the game.

Calculation of Influence Using Bonacich Power
The Bonacich Power 𝐵𝑖 of each news provider 𝑖 is calculated
as described earlier. This indicates the relative influence that
news providers hold within the network.

Decision of Strategies Using THPE
For each news provider 𝑖, considering the strategies of other
news providers 𝜎−𝑖 , we determine the optimal strategy 𝜎∗

𝑖

that maximizes the expected payoff 𝐸 [𝑈𝑖 (𝜎𝑖 , 𝜎−𝑖)].

Integration of Network Analysis
Association between Strategies and Bonacich Power

We evaluate how the strategy choices of each news provider
affect their Bonacich Power. For example, if a news provider
with high Bonacich Power chooses to spread fake news, we
analyze the impact it has on the overall network.

Adaptation of Strategies Based on THPE

News providers select optimal strategies based on THPE,
taking into account the strategies of other providers and their
own position in the network (Bonacich Power). This may
include the possibility of taking suboptimal actions with a
small probability.



Integration of Strategies

Taking into consideration the optimal strategies and Bonacich
Power of all news providers, we analyze the dynamics of the
entire network. This allows us to evaluate the impact of
specific actions on the entire network, such as the spread of
fake news or the effectiveness of fact-checking.

Specific Calculation Example
When calculating the change in expected payoff based on the
interaction between news providers 𝑖 and 𝑗 :

Δ𝐸 [𝑈𝑖] = 𝐵𝑖 ·
∑︁
𝑗≠𝑖

𝜎∗
𝑗 ·𝑈𝑖 𝑗 (𝜎∗

𝑖 , 𝜎
∗
𝑗 )

Here, Δ𝐸 [𝑈𝑖] is the change in expected payoff for news
provider 𝑖, 𝐵𝑖 is the Bonacich Power of news provider 𝑖, 𝜎∗

𝑗

is the optimal strategy of news provider 𝑗 , and 𝑈𝑖 𝑗 (𝜎∗
𝑖
, 𝜎∗

𝑗
)

is the change in payoff resulting from that combination of
strategies.

This computational process provides the foundation for
understanding the impact of interactions between news
providers and their strategic decisions on the entire network.

Modeling Organization 4:
Consideration of Payoffs

In modeling the game, we present a detailed computational
process for constructing an imperfect-information extensive-
form game among news providers in the context of fake news
and fact-checking. Here, we model the strategic decisions
among news providers and the associated payoffs.

Definition of Players
We define the set of news providers as 𝑃 = {𝑝1, 𝑝2, . . . , 𝑝𝑛},
where 𝑛 is the total number of news providers.

Definition of Actions
Each news provider 𝑝𝑖 can take a set of actions defined as
𝐴𝑖 = {𝑎𝑖1, 𝑎𝑖2, . . . , 𝑎𝑖𝑚}. Examples of actions include 𝑎𝑖1 for
"publishing true news", 𝑎𝑖2 for "publishing fake news", and
𝑎𝑖3 for "fact-checking other providers’ news".

Definition of Payoff Functions
We set up a function𝑈𝑖 (𝑎𝑖𝑘 , 𝐴−𝑖) to define the payoff for each
news provider 𝑝𝑖 given their action 𝑎𝑖𝑘 and the combination
of actions by other players 𝐴−𝑖 . Payoffs are determined based
on factors such as the influence of the news, reliability, and
reach.

Calculation of Expected Payoff for Actions
The expected payoff for a news provider 𝑝𝑖 taking action 𝑎𝑖𝑘

is calculated based on the probability distribution of actions
by other news providers. The expected payoff 𝐸 [𝑈𝑖 (𝑎𝑖𝑘)] is
expressed as:

𝐸 [𝑈𝑖 (𝑎𝑖𝑘)] =
∑︁
𝐴−𝑖

𝑃(𝐴−𝑖) ·𝑈𝑖 (𝑎𝑖𝑘 , 𝐴−𝑖)

Here, 𝑃(𝐴−𝑖) represents the probability of the combina-
tion of actions by other players 𝐴−𝑖 .

Optimization of Strategies
The optimal strategy for a news provider 𝑝𝑖 is determined by
selecting the action 𝑎∗

𝑖𝑘
that maximizes the expected payoff:

𝑎∗𝑖𝑘 = arg max
𝑎𝑖𝑘 ∈𝐴𝑖

𝐸 [𝑈𝑖 (𝑎𝑖𝑘)]

This process is carried out for all news providers to find
each provider’s optimal strategy.

In actual calculations, it’s crucial to determine how the
probability distribution of other players’ actions 𝑃(𝐴−𝑖) is
established. This often involves modeling based on players’
beliefs and the incompleteness of information.

The definition of the payoff function𝑈𝑖 (𝑎𝑖𝑘 , 𝐴−𝑖) depends
on the specific context of the game and the objectives of
news providers. Designing the payoff function appropriately
determines the realism and effectiveness of the game model.

Modeling Organization 4:
Consideration of Payoffs

In modeling the game, we present a detailed computational
process for constructing an imperfect-information extensive-
form game among news providers in the context of fake news
and fact-checking. Here, we model the strategic decisions
among news providers and the associated payoffs.

Definition of Players
We define the set of news providers as 𝑃 = {𝑝1, 𝑝2, . . . , 𝑝𝑛},
where 𝑛 is the total number of news providers.

Definition of Actions
Each news provider 𝑝𝑖 can take a set of actions defined as
𝐴𝑖 = {𝑎𝑖1, 𝑎𝑖2, . . . , 𝑎𝑖𝑚}. Examples of actions include 𝑎𝑖1 for
"publishing true news", 𝑎𝑖2 for "publishing fake news", and
𝑎𝑖3 for "fact-checking other providers’ news".

Definition of Payoff Functions
We set up a function𝑈𝑖 (𝑎𝑖𝑘 , 𝐴−𝑖) to define the payoff for each
news provider 𝑝𝑖 given their action 𝑎𝑖𝑘 and the combination
of actions by other players 𝐴−𝑖 . Payoffs are determined based



on factors such as the influence of the news, reliability, and
reach.

Calculation of Expected Payoff for Actions
The expected payoff for a news provider 𝑝𝑖 taking action 𝑎𝑖𝑘

is calculated based on the probability distribution of actions
by other news providers. The expected payoff 𝐸 [𝑈𝑖 (𝑎𝑖𝑘)] is
expressed as:

𝐸 [𝑈𝑖 (𝑎𝑖𝑘)] =
∑︁
𝐴−𝑖

𝑃(𝐴−𝑖) ·𝑈𝑖 (𝑎𝑖𝑘 , 𝐴−𝑖)

Here, 𝑃(𝐴−𝑖) represents the probability of the combina-
tion of actions by other players 𝐴−𝑖 .

Optimization of Strategies
The optimal strategy for a news provider 𝑝𝑖 is determined by
selecting the action 𝑎∗

𝑖𝑘
that maximizes the expected payoff:

𝑎∗𝑖𝑘 = arg max
𝑎𝑖𝑘 ∈𝐴𝑖

𝐸 [𝑈𝑖 (𝑎𝑖𝑘)]

This process is carried out for all news providers to find
each provider’s optimal strategy.

In actual calculations, it’s crucial to determine how the
probability distribution of other players’ actions 𝑃(𝐴−𝑖) is
established. This often involves modeling based on players’
beliefs and the incompleteness of information.

The definition of the payoff function𝑈𝑖 (𝑎𝑖𝑘 , 𝐴−𝑖) depends
on the specific context of the game and the objectives of
news providers. Designing the payoff function appropriately
determines the realism and effectiveness of the game model.

Modeling Organization 5:
Consideration of Payoffs

In the context of fake news and fact-checking, we construct a
game among news providers as a network. This network con-
sists of news providers (nodes) and their interactions (edges).
Below, we provide a detailed explanation of the network con-
struction process.

Definition of Nodes
News providers are represented as nodes in the network. As-
suming there are 𝑛 news providers, we denote the set of nodes
as 𝑉 = {𝑣1, 𝑣2, . . . , 𝑣𝑛}.

Definition of Edges
Interactions among news providers are represented as edges.
An edge (𝑣𝑖 , 𝑣 𝑗 ) indicates the flow of influence or informa-
tion from news provider 𝑣𝑖 to news provider 𝑣 𝑗 . Edges can
be directed or undirected, where directed edges indicate the
direction of influence.

Assignment of Edge Weights
Edges may be assigned weights to represent the strength or
importance of interactions among news providers. Let 𝑤𝑖 𝑗

denote the weight of the edge (𝑣𝑖 , 𝑣 𝑗 ). Weights are deter-
mined based on factors such as the reliability of information,
the scope of influence, and the frequency of interactions.

Construction of Adjacency Matrix
The network can be represented using an adjacency matrix
𝐴. 𝐴 is an 𝑛×𝑛 matrix, where the element 𝑎𝑖 𝑗 corresponds to
the weight 𝑤𝑖 𝑗 of the edge from node 𝑣𝑖 to node 𝑣 𝑗 . If there
is no edge, 𝑎𝑖 𝑗 = 0.

𝐴 =


𝑎11 𝑎12 · · · 𝑎1𝑛
𝑎21 𝑎22 · · · 𝑎2𝑛
...

...
. . .

...

𝑎𝑛1 𝑎𝑛2 · · · 𝑎𝑛𝑛


Calculation of Interaction Strength
The total influence from news provider 𝑣𝑖 to other news
providers is calculated as the sum of elements in the 𝑖th row
of the adjacency matrix:

Total Influence from 𝑣𝑖 =

𝑛∑︁
𝑗=1

𝑎𝑖 𝑗

Similarly, the total influence to news provider 𝑣𝑖 from
other news providers is calculated as the sum of elements in
the 𝑖th column of the adjacency matrix:

Total Influence to 𝑣𝑖 =

𝑛∑︁
𝑗=1

𝑎 𝑗𝑖

The construction and analysis of the network heavily de-
pend on actual data of interactions among news providers. In
the absence of data, edges and weights may be assigned based
on expert opinions or hypotheses. The selection and assign-
ment of edge weights involve various metrics to quantify the
qualitative aspects of interactions. Careful consideration is
required as the choice of weights significantly influences the
results of network analysis.

Modeling Organization 6:
Consideration of Payoffs

In the context of fake news and fact-checking, we introduce
the calculation of Bonacich centrality into the network of
news providers. Bonacich centrality is used to measure the
influence of each node (in this case, each news provider) in
the network.



Calculation of Bonacich Centrality
Bonacich centrality is computed using the adjacency matrix
of the network. The adjacency matrix 𝐴 represents connec-
tions between nodes (news providers) in the network, where
the element 𝑎𝑖 𝑗 of the matrix represents the weight (or 1 if
present, 0 if not) of the edge from node 𝑖 to node 𝑗 .

The Bonacich centrality 𝐵𝑖 for node 𝑖 is calculated using
the following formula:

𝐵𝑖 =

𝑛∑︁
𝑗=1

𝑎𝑖 𝑗 +𝛼
𝑛∑︁
𝑗=1

𝑛∑︁
𝑘=1

𝑎𝑖 𝑗𝑎 𝑗𝑘+𝛼2
𝑛∑︁
𝑗=1

𝑛∑︁
𝑘=1

𝑛∑︁
𝑙=1

𝑎𝑖 𝑗𝑎 𝑗𝑘𝑎𝑘𝑙+· · ·

Here,

𝑎𝑖 𝑗 is the element of the adjacency matrix 𝐴 representing
the weight of the edge from node 𝑖 to node 𝑗 .

𝛼 is a damping factor that controls the influence of indi-
rect connections (usually between 0 and 1).

𝑛 is the total number of nodes (news providers) in the
network.

Calculation Process
Creation of Adjacency Matrix

Create the adjacency matrix 𝐴 of the network. The size of
this matrix is 𝑛 × 𝑛, where 𝑛 is the number of nodes in the
network.

Calculation of Bonacich Centrality

Direct Influence: For each node 𝑖, calculate the sum of
elements in the 𝑖th row of the adjacency matrix:

∑𝑛
𝑗=1 𝑎𝑖 𝑗 .

Indirect Influence: Incorporate the influence of indi-
rect connections using 𝛼. Square the adjacency matrix (e.g.,
𝐴2, 𝐴3, . . .) and add up the sum of elements in the 𝑖th row at
each step, weighted by the corresponding power of 𝛼.

Iteration over All Nodes

Repeat the above calculation for all nodes in the network to
determine the Bonacich centrality of each news provider.

Suppose the adjacency matrix is given as follows:

𝐴 =


0 1 0 0
1 0 1 0
0 1 0 1
0 0 1 0


And, let the damping factor 𝛼 be 0.5. Then, the Bonacich

centrality 𝐵1 for node 1 can be calculated as follows:

𝐵1 =

4∑︁
𝑗=1

𝑎1 𝑗+0.5
4∑︁
𝑗=1

4∑︁
𝑘=1

𝑎1 𝑗𝑎 𝑗𝑘+0.52
4∑︁
𝑗=1

4∑︁
𝑘=1

4∑︁
𝑙=1

𝑎1 𝑗𝑎 𝑗𝑘𝑎𝑘𝑙+· · ·

Compute this to obtain the Bonacich centrality of node
1. Perform similar calculations for all nodes to determine the
Bonacich centrality of each news provider.

Modeling Organization 7:
Consideration of Payoffs

We derive the Trembling Hand Perfect Equilibrium (THPE),
which is an equilibrium concept that takes into account the
possibility of players taking suboptimal actions with a small
probability. Below, we illustrate the process of calculating
THPE in the context of an imperfect-information extensive-
form game among news providers regarding fake news and
fact-checking.

Derivation of Trembling Hand Perfect Equilib-
rium
Definition of Probability Mixed Strategies

Define probability mixed strategies 𝜎𝑖 (𝑎𝑖𝑘) for each news
provider 𝑖, representing the probability of taking action 𝑎𝑖𝑘 .
For all action sets 𝐴𝑖 , it holds that

∑
𝑎𝑖𝑘 ∈𝐴𝑖

𝜎𝑖 (𝑎𝑖𝑘) = 1.

Calculation of Expected Payoffs

Compute the expected payoff 𝐸 [𝑈𝑖 (𝑎𝑖𝑘 , 𝜎−𝑖)] for each news
provider 𝑖 with action 𝑎𝑖𝑘 . Here, 𝜎−𝑖 represents the combi-
nation of strategies of all other news providers.

𝐸 [𝑈𝑖 (𝑎𝑖𝑘 , 𝜎−𝑖)] =
∑︁
𝜎−𝑖

𝑃(𝜎−𝑖) ·𝑈𝑖 (𝑎𝑖𝑘 , 𝜎−𝑖)

Here, 𝑃(𝜎−𝑖) is the probability of the combination of
strategies of other news providers.

Derivation of Best Response Strategies

For each news provider 𝑖, given the strategies 𝜎−𝑖 of all other
news providers, derive the best response strategy 𝜎∗

𝑖
that

maximizes the expected payoff.

𝜎∗
𝑖 = arg max

𝜎𝑖

𝐸 [𝑈𝑖 (𝜎𝑖 , 𝜎−𝑖)]

Consideration of Trembling Hand

Consider that each news provider may take a suboptimal ac-
tion with a small probability 𝜖 . For any action 𝑎𝑖𝑘 of each
news provider 𝑖, if there exists a strategy 𝜎𝑖 such that for all
other actions 𝑎𝑖𝑘′ ∈ 𝐴𝑖 \ {𝑎𝑖𝑘}, the following condition holds,
then the combination of those strategies is a THPE.

𝐸 [𝑈𝑖 (𝑎𝑖𝑘 , 𝜎−𝑖)] ≥ 𝐸 [𝑈𝑖 (𝑎𝑖𝑘′ , 𝜎−𝑖)] − 𝜖

To execute this calculation process, specific game pa-
rameters (payoff functions, action sets, etc.) are required.



The derivation of THPE is typically performed using iter-
ative methods or numerical approaches. The probability
mixed strategies of each news provider are iteratively up-
dated, searching for a state where all players continue to take
optimal responses, i.e., the state where they keep choosing
the best strategy against the strategies of other players. Once
such a state is found, considering the possibility of taking
suboptimal actions with a small probability, it is determined
to be a THPE state.

Modeling Organization 9:
Consideration of Payoffs

We combine the concepts of Bonacich centrality and Trem-
bling Hand Perfect Equilibrium (THPE) to conduct network
analysis among news providers in the context of fake news
and fact-checking. In this step, we consider how the strategic
actions of each news provider influence their Bonacich cen-
trality (i.e., relative influence within the network) and analyze
the equilibrium state of the entire network.

Integration of Bonacich Centrality and Strate-
gies
(1) Calculate the Bonacich centrality 𝐵𝑖 for each news

provider 𝑖.

(2) For each news provider 𝑖, consider the expected pay-
off 𝐸 [𝑈𝑖 (𝑎𝑖𝑘 , 𝜎−𝑖)] when taking each possible strategy
𝑎𝑖𝑘 ∈ 𝐴𝑖 .

(3) Evaluate how the choice of strategy influences their in-
fluence within the network by incorporating Bonacich
centrality into each news provider’s expected payoff.

Redefinition of Expected Payoff Considering
Bonacich Centrality
The expected payoff for the action 𝑎𝑖𝑘 of news provider 𝑖 is
redefined considering Bonacich centrality as follows:

𝐸∗ [𝑈𝑖 (𝑎𝑖𝑘 , 𝜎−𝑖)] = 𝐵𝑖 × 𝐸 [𝑈𝑖 (𝑎𝑖𝑘 , 𝜎−𝑖)]

Where:

𝐸∗ [𝑈𝑖 (𝑎𝑖𝑘 , 𝜎−𝑖)] is the expected payoff considering
Bonacich centrality.

𝐵𝑖 is the Bonacich centrality of news provider 𝑖.

𝐸 [𝑈𝑖 (𝑎𝑖𝑘 , 𝜎−𝑖)] is the original expected payoff without
considering Bonacich centrality.

Derivation of THPE
In the derivation of THPE, each news provider selects the
optimal strategy against the strategies of other players. This
process determines the best response strategy using the ex-
pected payoff considering Bonacich centrality.

𝜎∗
𝑖 = arg max

𝜎𝑖

𝐸∗ [𝑈𝑖 (𝜎𝑖 , 𝜎−𝑖)]

Analysis of Equilibrium State of the Entire Net-
work
The equilibrium state of the entire network is when all news
providers adopt their optimal response strategies. In this state,
no news provider can improve their expected payoff by uni-
laterally changing their strategy. In this step, we consider that
the strategic choices of news providers with high Bonacich
centrality may have a significant impact on the entire network.
The derivation of THPE and the analysis of the equilibrium
state of the entire network are typically performed using nu-
merical methods or simulations.

5. Summary
Summary and Prospects for Computational Ex-
periments
In game-theoretic network analysis, the combination of
Bonacich centrality and trembling hand perfect equilibrium
(THPE) plays a crucial role in capturing the dynamic rela-
tionship between the influence and strategic behavior of news
providers in informational and digital health contexts. This
approach holds promise for identifying key players in the
propagation of health information, understanding the impact
of their actions on the network as a whole, and conducting
computational experiments to effectively curb fake news and
misinformation and promote accurate health information.

By quantifying the relative influence that news providers
have within a network, Bonacich Centrality reveals which
providers play the most important role in the flow of health in-
formation. This information is essential in developing strate-
gies for spreading accurate information through the most in-
fluential providers in health awareness campaigns and public
health initiatives. It could also be considered in identifying
the risk of spreading misinformation by influential providers
and planning interventions to address it.

On the other hand, THPE considers the strategic actions
that news providers may take and analyzes how each action
affects their position within the network and the actions of
other providers. In particular, by considering the possibil-
ity of taking non-optimal actions with minute probability,
we can model real-world situations of uncertainty and im-
perfect information. This allows us to better understand the
incentives for news providers to spread fake news or con-
duct fact-checking, and to develop more effective strategies
to promote or discourage these behaviors.

Thus, the game-theoretic approach of combining
Bonacich centrality and THPE provides important insights
for protecting and promoting informational and digital health.
By understanding the strategic behavior of news providers



and their relative influence within networks, we hope to de-
sign more effective policies, programs, and interventions to
improve the quality of health information and prevent the
spread of misinformation.

Computational Perspectives

Analyzing the classic concepts of game theory, the Prisoner’s
Dilemma and the Bertrand Competition, in combination with
Bonacich centrality and the perfect equilibrium of the trem-
bling hand (THPE), will provide new insights in the context
of informational and digital health. Combining these con-
cepts would allow us to consider the competitive behavior of
news providers, the potential for cooperation, and the com-
plexity of their strategic choices in the dissemination of health
information.

Introducing the Prisoner’s Dilemma

The prisoner’s dilemma describes a situation in which indi-
vidual rational choices may have suboptimal consequences
for the population as a whole. Applying it in the context of
informational health suggests that news providers may have
an incentive to spread fake news for their own benefit (e.g., to
get more views or shares). If all providers engage in this be-
havior, the informational health of society as a whole could
be compromised. By considering Bonacich centrality, we
can show that if such behavior starts with the most influen-
tial providers, the negative impact on the network as a whole
could be particularly large.

Introducing Belt-Run Competition

Belt-run competition models market participants competing
through price (or "information quality" in this context). Con-
sidering Belt Run competition among news providers, we can
envision a situation in which each provider attempts to com-
pete by providing more accurate and reliable information.
Such competition could improve informational and digital
health. However, taking into account the perfect equilibrium
of trembling hands (THPE), we see that players may make ir-
rational choices (e.g., using clickbait or providing exaggerated
information) with minute probability. This suggests that the
pursuit of short-term profit may negatively affect long-term
credibility and influence (as reflected in Bonacich centrality).

Integration of Prisoner’s Dilemma and Beltran Competi-
tion Integrating the concepts of prisoner’s dilemma and Bel-
tran competition into an analysis of Bonacich centrality and
THPE allows us to explore how news providers balance the
pursuit of their own interests with the improvement of the
informational health of society at large. In particular, we
can analyze whether it is possible for influential providers
to improve the overall information environment by working

together to share high-quality information and eliminate mis-
information.

This approach could contribute to the development of new
strategies to promote digital health and curb misinformation.
For example, incentives could be designed to promote collab-
oration among influential news providers, or penalties could
be introduced for misinformation. Such strategies aim to
improve the health of the entire network, not just individual
providers.

Incorporating sequential move-order games into a game-
theoretic framework allows for a more detailed view of the
dynamics among news providers and a deeper understanding
of their impact on informational and digital health. Sequential
move-order games consider situations in which players (in
this case, news providers) choose actions in turn, and each
player’s choice affects the choices of subsequent players.

Considerations for analysis by introducing a sequential
move order game

Modeling sequential decision making

We model the sequential decision-making process by which
news providers disseminate information. For example, con-
sider a situation in which one news provider disseminates a
particular piece of information and other providers choose
to act on it, either by fact-checking it or by adding another
perspective.

Analyzing Information Propagation and Reaction

Through a sequential move-order game, we analyze how a
series of actions by the news provider affects information
dissemination patterns and public reaction. This allows us
to identify the role of key players in maintaining a healthy
information environment and preventing the spread of misin-
formation. 3.

Relevance to Bonacich Centrality

We assess how each news provider’s strategic choices in the
context of a sequential move game affect their Bonacich cen-
trality, or influence within the network. News providers with
high Bonacich centrality may lead the way and act in a way
that has a significant impact on the overall information envi-
ronment.

Evaluating Equilibria with THPE

We analyze the optimal strategy of each news provider in
a sequential move-order game and how it contributes to the
equilibrium state in THPE. using THPE allows us to consider
the equilibrium state in a more realistic scenario, including
the possibility that each provider makes a non-optimal choice
with minute probability.



Contribution to informational and digital health through
the introduction of sequential move games

Through the analysis of sequential move games, we can gain a
deeper understanding of how the behavior of news providers
affects information quality and the public’s access to informa-
tion. The behavior of providers with high Bonacich centrality
is particularly important, and the strategic choices they make
can serve as a benchmark for information health; combined
with THPE-based analysis, the potential impact of the various
strategic choices each provider can make on informational
and digital health can be assessed, strategies to promote a
healthier information environment.

Introducing tight-trigger strategies into a game-theoretic
framework allows for a more detailed understanding of the
interactions between news providers and their impact on in-
formational and digital health. The tight-trigger strategy is
one in which the news provider responds to cooperative be-
havior with cooperation and continues to respond with non-
cooperation once there is non-cooperative behavior. This
strategy is particularly useful for modeling the behavior of
news providers in spreading fake news and correcting misin-
formation.

Analysis with a Tight Trigger Strategy

Modeling the Interaction between News Providers

By employing a tight-trigger strategy, we can model how
news providers react to the actions of other providers. For
example, if one provider publishes a fact-checking article to
correct misinformation, other providers may follow suit and
share quality information.

Assessing the Impact on the Information Environment

Evaluate the impact on the information environment of the
actions of news providers who take a tight-trigger strategy.
As long as cooperative behavior continues, the sharing of
high-quality, reliable information will be promoted and infor-
mational health will improve.

Relevance to Bonacich Centrality

We will analyze how news providers’ tight-trigger strategies
affect their Bonacich centrality, or influence within the net-
work. Adoption of this strategy by particularly influential
providers may positively influence other providers and im-
prove the quality of information as a whole.

Assessing Equilibrium with THPE

We analyze how the behavior of news providers who take a
tight-trigger strategy contributes to the equilibrium state in
THPE. Cooperative behavior in equilibrium may help main-
tain a healthy information environment.

Contribution to informational and digital health by im-
plementing a tight-trigger strategy

The introduction of tight-trigger strategies can promote the
sharing of quality information among news providers and
reduce the spread of misinformation and fake news. This
in turn is expected to improve the accuracy and reliability
of information and overall informational and digital health.
Quantitative analysis of how these strategic actions affect
the information environment through the Bonacich-Centricity
and THPE frameworks will enable the development of more
effective information management and anti-misinformation
approaches.

Consider also the analysis by Bonacich centrality and
Trembling Hand Perfect Equilibrium (THPE) when im-
plementing Grim Trigger strategies in game theory.

Grim Trigger Strategy and Informational Health

According to the Grim Trigger Strategy, news providers ini-
tially act cooperatively (e.g., share accurate information) and
continue to cooperate as long as the other party is also cooper-
ative, but if the other party acts uncooperatively (e.g., spreads
fake news), the behavior shifts to non-cooperative for the rest
of the day. Through this strategy, it is hoped that interac-
tions among news providers will be directed toward sharing
accurate information and promoting fact-checking. This may
increase the reliability and transparency of information and
contribute to informational health.

Bonacich-Centricity and Digital Health

News providers with high Bonacich centrality have signifi-
cant influence within their networks. Maintaining a coopera-
tive strategy among these influential providers is expected to
improve the quality of information across the network and re-
duce the spread of fake news. This will facilitate the public’s
access to reliable information and promote digital health.

THPE and the Stabilization of the Information Environ-
ment

THPE represents an equilibrium in which each news provider
chooses an optimal strategy relative to the strategies of other
providers. A THPE analysis incorporating a Grim Trigger
strategy shows that once a cooperative environment is formed,
the entire system is more likely to remain cooperative in the
face of small perturbations (e.g., the spread of fake news by
some providers). This increases the stability and resilience
of the digital information environment and contributes to in-
formational health.



5.1 Proposal of Tight-Trigger Strategy in Game
Theory: Analysis of Bonacich Centrality
and Trembling Hand Perfect Equilibrium
(THPE)

We provide a detailed example of the analysis of Bonacich
centrality and Trembling Hand Perfect Equilibrium (THPE)
when introducing the tight-trigger strategy in game theory.

Definition of Tight-Trigger Strategy
Suppose a news provider 𝑖 can choose between two ac-

tions: cooperation 𝐶 and non-cooperation 𝐷. We adopt the
tight-trigger strategy, where a news provider initially chooses
cooperation 𝐶, and continues to cooperate as long as the op-
ponent does the same. However, if the opponent chooses
non-cooperation 𝐷 even once, the provider will opt for non-
cooperation thereafter.

Calculation of Bonacich Centrality
Bonacich centrality is calculated using the following for-

mula:

𝐵𝑖 =

𝑛∑︁
𝑗=1

𝑎𝑖 𝑗 + 𝛼

𝑛∑︁
𝑗=1

𝑛∑︁
𝑘=1

𝑎𝑖 𝑗𝑎 𝑗𝑘

Here, 𝑎𝑖 𝑗 represents the weight of the edge from news
provider 𝑖 to 𝑗 , and 𝛼 is the decay coefficient.

Calculation of Expected Payoff:
The expected payoff 𝐸 [𝑈𝑖 (𝑎)] when news provider 𝑖 takes

action 𝑎 ∈ {𝐶, 𝐷} is calculated considering the tight-trigger
strategy as follows:

𝐸 [𝑈𝑖 (𝐶)] =
∑︁
𝑗≠𝑖

𝐵 𝑗 × (𝑈𝐶,𝐶 −𝑈𝐶,𝐷)

𝐸 [𝑈𝑖 (𝐷)] =
∑︁
𝑗≠𝑖

𝐵 𝑗 × (𝑈𝐷,𝐶 −𝑈𝐷,𝐷)

Here, 𝑈𝐶,𝐶 ,𝑈𝐶,𝐷 ,𝑈𝐷,𝐶 ,𝑈𝐷,𝐷 represent the payoffs
when news providers choose cooperation or non-cooperation.

Derivation of THPE:
In THPE, each news provider selects the strategy that

maximizes their expected payoff. The optimal strategy 𝜎∗
𝑖

for
news provider 𝑖 is determined as follows:

𝜎∗
𝑖 =

{
𝐶 if 𝐸 [𝑈𝑖 (𝐶)] > 𝐸 [𝑈𝑖 (𝐷)]
𝐷 if 𝐸 [𝑈𝑖 (𝐷)] > 𝐸 [𝑈𝑖 (𝐶)]

Analysis of Equilibrium State of the Entire Network:
The equilibrium state of the entire network is determined

under the following conditions when all news providers adopt
the tight-trigger strategy:

1. If all players choose cooperation 𝐶 and 𝐸 [𝑈𝑖 (𝐶)] >

𝐸 [𝑈𝑖 (𝐷)] holds for all players, a cooperative equilibrium is
established. 2. If non-cooperation 𝐷 is chosen even once, all
players transition to a non-cooperative equilibrium.

Specific Calculation Example:

For instance, consider two news providers 𝐴 and 𝐵, where
𝐴 chooses cooperation 𝐶 and 𝐵 also cooperates. Assuming
𝐴’s Bonacich centrality is 𝐵𝐴 = 1.5, 𝐵’s Bonacich centrality
is 𝐵𝐵 = 1.2, and the payoffs are𝑈𝐶,𝐶 = 3,𝑈𝐶,𝐷 = 1,𝑈𝐷,𝐶 =

2,𝑈𝐷,𝐷 = 0, the expected payoffs for 𝐴 and 𝐵 can be calcu-
lated as follows:

𝐸 [𝑈𝐴(𝐶)] = 1.2 × (3 − 1) = 2.4

𝐸 [𝑈𝐴(𝐷)] = 1.2 × (2 − 0) = 2.4

Similarly, the calculation is performed for 𝐵 to deter-
mine the optimal action. Thus, by incorporating the tight-
trigger strategy, we can analyze the interactions between news
providers and their outcomes in more detail.

6. Proposal of Bonacich Centrality and
Trembling Hand Perfect Equilibrium

(THPE) with the Introduction of
Grim Trigger Strategy in Game

Theory
We present a detailed example of the analysis of Bonacich
centrality and Trembling Hand Perfect Equilibrium (THPE)
when introducing the Grim Trigger strategy in game theory.

Definition of Grim Trigger Strategy:
Let’s assume that a news provider 𝑖 can choose between two
actions: cooperation 𝐶 and non-cooperation 𝐷. We adopt
the Grim Trigger strategy, where a news provider initially
chooses cooperation 𝐶, and continues to cooperate as long
as the opponent does the same. However, if the opponent
chooses non-cooperation 𝐷 even once, the provider will opt
for non-cooperation thereafter.

Calculation of Bonacich Centrality:
Bonacich centrality is calculated using the following formula:

𝐵𝑖 =

𝑛∑︁
𝑗=1

𝑎𝑖 𝑗 + 𝛼

𝑛∑︁
𝑗=1

𝑛∑︁
𝑘=1

𝑎𝑖 𝑗𝑎 𝑗𝑘

Here, 𝑎𝑖 𝑗 represents the weight of the edge from news
provider 𝑖 to 𝑗 , and 𝛼 is the decay coefficient.

Calculation of Expected Payoff:
The expected payoff 𝐸 [𝑈𝑖 (𝑎)] when news provider 𝑖 takes
action 𝑎 ∈ {𝐶, 𝐷} is calculated considering the Grim Trigger
strategy as follows:

𝐸 [𝑈𝑖 (𝐶)] =
∑︁
𝑗≠𝑖

𝐵 𝑗 × (𝑈𝐶,𝐶 −𝑈𝐶,𝐷)

𝐸 [𝑈𝑖 (𝐷)] =
∑︁
𝑗≠𝑖

𝐵 𝑗 × (𝑈𝐷,𝐶 −𝑈𝐷,𝐷)



Here, 𝑈𝐶,𝐶 ,𝑈𝐶,𝐷 ,𝑈𝐷,𝐶 ,𝑈𝐷,𝐷 represent the payoffs
when news providers choose cooperation or non-cooperation.

Derivation of THPE:
In THPE, each news provider selects the strategy that max-
imizes their expected payoff. The optimal strategy 𝜎∗

𝑖
for

news provider 𝑖 is determined as follows:

𝜎∗
𝑖 =

{
𝐶 if 𝐸 [𝑈𝑖 (𝐶)] > 𝐸 [𝑈𝑖 (𝐷)]
𝐷 if 𝐸 [𝑈𝑖 (𝐷)] > 𝐸 [𝑈𝑖 (𝐶)]

Specific Calculation Example:
For instance, consider two news providers 𝐴 and 𝐵, where 𝐴

chooses cooperation 𝐶 and 𝐵 also cooperates. Assuming 𝐴’s
Bonacich centrality is 𝐵𝐴 = 1.5, 𝐵’s Bonacich centrality is
𝐵𝐵 = 1.2, and the payoffs are 𝑈𝐶,𝐶 = 3,𝑈𝐶,𝐷 = 1,𝑈𝐷,𝐶 =

2,𝑈𝐷,𝐷 = 0, the expected payoffs for 𝐴 and 𝐵 can be calcu-
lated as follows:

𝐸 [𝑈𝐴(𝐶)] = 1.2 × (3 − 1) = 2.4

𝐸 [𝑈𝐴(𝐷)] = 1.2 × (2 − 0) = 2.4

Similarly, the calculation is performed for 𝐵 to determine
the optimal action.

Since this paper is only a computational experiment, a
proposal for a plan, and a study, it is concluded here.
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