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A B S T R A C T
Interactions in social networks have become an integral part of people’s daily lives. In
various decision-making situations, individuals usually hold diverse prior beliefs and
engage in communication with their social connections to make informed decisions.
However, most existing research focuses on isolated steps of this process, overlooking
the overall complexity of decision-making in social networks. To bridge this important
research gap, our paper aims to explore the key steps involved in the process and
develop a holistic framework for analyzing how individuals form, exchange and update
beliefs, ultimately leading to opinion dynamics and group decision behaviors in a
social network. Specifically, relevant literature that focuses on different steps will
be reviewed and drawn together to characterize the decision-making process in a
comprehensive and systematic manner: individuals form initial beliefs following the
principle of multiple criteria decision-making intuitively, information propagates in
the social network and affects individuals’ beliefs differently in a form of social
influence, beliefs evolve through dynamic interactions with others, and eventually
individuals make their decisions, leading to group decision behaviors in the social
network. Applications will be briefly discussed to illustrate the practical implications
of this research. Finally, conclusions and future research outlook will be discussed
in detail. It is expected that the holistic framework developed on the basis of the
comprehensive literature review can provide in-depth insights into decision analysis
in social networks and shed light on future research and applications toward effective
integration of decision science, operational research, and social network analysis.

1. Introduction1

With the advancement of Internet technology, more and more people have become Internet users. To meet2

the diverse needs of these users, various types of social networking applications have been developed, such3

as Twitter for microblogging, WhatsApp for instant messaging, and LinkedIn for professional networking.4

In social networks, the most important component is the interaction between individuals. Through these5

interactions, information can be disseminated, and individuals can learn from their social connections,6

update their opinions, and make decisions collectively. These topics are of particular interest to researchers7

in decision science and network science. To explore and characterize these complex interactions and8
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decision-making processes under different scenarios, various social network-based models have been9

developed (Jusup et al., 2022). For example, the centrality measures (Lü et al., 2016), deep reinforcement10

learning (Fan et al., 2020), evolutionary algorithm (Liu et al., 2019), and trust propagation (Urena et al.,11

2019) have been applied to determine the importance of individuals and their interactions. The linear12

threshold models, independent cascade models, and epidemic models have been developed to characterize13

the information propagation process in the social network (Zhang et al., 2016). The DeGroot (Hunter and14

Zaman, 2022), Ising model (Ising, 1925), probabilistic inference model (Acemoglu and Ozdaglar, 2011),15

and Dempster-Shafer theory (Ni et al., 2021) have been employed to describe the opinion dynamics of16

agents in the network (Sîrbu et al., 2017). In addition, these models have been applied to a range of17

real-world problems to assist governments in making decisions, help regulatory agencies in responding18

to emergencies, support companies in adopting profitable strategies, etc. For example, multi-dimensional19

opinion dynamics models (Liu and Rong, 2022) have been developed to explore the intervention effects20

of varying official responses during emergency events, including removing comments compulsively and21

debunking misinformation in time. Agent-based models (Wang et al., 2020b) have been applied to show22

the counterproductive results of aggressive political campaigns and the reasons why political polarization23

emerges. Through the 𝑘-shell decomposition analysis (Kitsak et al., 2010), the most efficient spreaders are24

found to be located within the core of the network rather than the most highly connected or the most central25

people, thereby providing insights for the designing of efficient propagation strategies.26

Generally speaking, researchers usually focus on only one type of process between interpersonal27

interactions, such as the establishment of trust, the dissemination of information, and the dynamics of28

opinions. However, these processes are interdependent in social networks. For example, the evolution of29

network structure will lead to changes in information propagation paths and the objects of exchange of30

opinions (Wang et al., 2020b). The trust established between individuals can provide a reliable reference31

for the opinions they exchange and thus promote opinion dynamics (Li et al., 2021). The dissemination of32

information in the network will bring in new opinions to further change the opinions of the agents (de Arruda33

et al., 2022). Nevertheless, most studies cannot formulate the whole process in its entirety.34

To address this important research gap, in this paper we delve into this whole process and review35

comprehensively recent work that focuses on various steps of this process, underscoring the importance of36

belief formation, diffusion, updating, and opinion dynamics in characterizing social network group decision-37

making behaviors. A holistic and comprehensive framework of this whole process is developed in Figure 1,38

and the details are discussed in the sections that follow. Before elaborating on the framework, fundamental39

definitions and characteristics of social networks and users are introduced in Section 2 to provide readers40

with a foundational understanding. In this framework, each individual within the social network begins by41

forming their own belief about a course of action, based on various factors, often guided by a multiple criteria42

decision-making (MCDM) process (Part 1 in Figure 1). In this process, individuals usually consider multiple43

factors, such as personal knowledge, current cognition, social context, and other influences, to form their44

prior beliefs on a specific decision. These relevant factors, along with MCDM approaches are discussed45

in detail in Section 3. However, individuals do not operate in isolation. Before reaching a reasonable46
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decision, they often engage in discussions and seek input from friends, colleagues, and experts on social47

media platforms, which leads to belief updates (García-Zamora et al., 2022; Zha et al., 2020). During these48

interactions, individuals’ influence abilities vary depending on their knowledge and their ability to spread49

beliefs. Therefore, each individual implicitly evaluates the influence ability of others in their social network50

before interacting with them. Influence ability refers to the extent to which a person’s opinions are affected51

by others, which can be quantified by the weight of edges, importance, or trustworthiness of individuals52

(Part 2). Two characteristics can determine influence ability in the study of social network group decision-53

making, which are discussed in Section 4 in detail. The first is network interaction, such as classic centrality54

metrics (Lü et al., 2016). For example, celebrities and official institutions with large followings (high in-55

degree) can easily affect their followers’ opinions, resulting in high influence ability. The second is belief56

similarity (Li et al., 2020; Deffuant et al., 2001), as people tend to trust others, who hold similar opinions.57

Moreover, information propagation within the network affects belief updating, making information diffusion58

models (Zhang et al., 2016) a crucial component of this review (Part 3). The timing and frequency of new59

information reception influences the extent to which the individual is affected by this information. We explore60

several typical information propagation model and their variations in Section 5, including linear threshold61

models, independent cascade models, and epidemic models.62

A key step in this framework is how individuals interact and exchange their beliefs within social network63

structures (Dong et al., 2018; Lorenz, 2007; Hassani et al., 2022), where relationships are abstracted from64

broader societal contexts. Models from various disciplines have been proposed to account for different65

sources and expressions of beliefs and the consequences of belief updating (Part 4). Hence, this framework is66

developed to focus on the evolution of individuals’ beliefs in general scenarios, rather than solely on group67

outcomes. By updating beliefs and evolving network topology, groups of individuals may reach different68

collective states, such as consensus, polarization, or fragmentation, exhibiting various group behaviors (Sîrbu69

et al., 2017; Dombi and Jónás, 2024). Dynamical models from various fields are introduced in Section 670

to illustrate how individuals update their beliefs. Ultimately, individuals make decisions and change their71

behaviors that are beneficial to themselves by considering internal uncertainties, the costs and benefits of72

events, the decisions of external groups, and their updated beliefs in the opinion dynamics (Part 5), which73

also follows an MCDM process. Details about how individuals make decisions and change behaviors are74

illustrated in Section 7. Moreover, the decision-making process is cyclical: decisions affect individuals’75

prior beliefs and personal judgments in subsequent similar events. Therefore, this work divides the decision-76

making process into two broad phases: belief formation and decision-making based on multiple criteria77

through the MCDM process (Parts 1 & 5), and collective decision-making, shaped by interactions with78

others in social networks (Parts 2-4).79
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Figure 1: A holistic framework developed in this work, with each part introduced individually in sections ranging from Section 3 to Section 7.
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The main contributions of this work are summarized as follows.80

(1) A holistic framework is developed to characterize the complex process of group decision-making in81

social networks, based on a comprehensive review of relevant studies that focus on individual steps82

within the decision-making process.83

(2) Two often separate phases in the literature on social network group decision-making are integrated84

coherently: (a) a multiple criteria decision-making process, where individuals consider multiple factors85

to form beliefs and make decisions, and (b) a group decision-making process where individual beliefs86

and opinion dynamics are shaped by social interactions. This integration leverages the strengths of87

both multiple criteria decision analysis and social network analysis, providing a more comprehensive88

understanding of decision-making in social networks.89

Through this work, we aim to provide researchers with a holistic framework for formulating the entire process90

from belief formation to decision-making in a general social network context. Its applications across various91

fields are discussed in Section 8. Finally, the conclusions and the future outlook are discussed in Section 9.92

2. Background of social network93

A social network is a social structure composed of a group of social entities and their interactions, which
encompass various activities, such as project collaboration among employees and opinion exchanges among
experts. In the social network model ( , ) (Newman, 2018), individuals and connections between them
can be denoted by nodes and edges in the set  = {1, 2,… , | |} and  = {(𝑖, 𝑗) ∶ 𝑖, 𝑗 ∈  }, respectively.
The structure of social networks can be expressed mathematically as an adjacency matrix 𝐀

| |×| |

, and its
element 𝑎𝑖𝑗 is defined as,

𝑎𝑖𝑗 =

{

1, if (𝑖, 𝑗) ∈ 
0, otherwise . (1)

𝑎𝑖𝑖 = 1 means there is a self-loop for node 𝑖. It is an undirected network when the adjacency matrix 𝐀 is94

symmetric, but becomes a directed network when 𝐀 is asymmetric. A simple example of the directed edge95

is that individual 𝑖 follows 𝑗 but 𝑗 does not follow 𝑖 on Twitter. In this case, the weight or length of all96

edges is the same (its value is 1), so all edges are treated equally. However, relationships between people97

are generally different, such as the frequency of communication between friends. Therefore, the weighted98

network was developed to model the interaction between individuals with the weight matrix 𝐖
| |×| |

.99

There are several types of social networks (Newman, 2018). The simplest models refer to completely100

regular networks, such as ring networks and lattice networks. The other extreme is completely random101

networks, where the shortest distance of the path between nodes is small. In general, random graphs102

are initially composed of | | isolated nodes, and edges are randomly added by some fixed rules. One103

typical random graph is constructed by the Erdős–Rényi (ER) model, where any two nodes are connected104

independently with probability 𝑝. Real-world networks are usually between the two extremes by introducing105
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disordered information, such as rewiring the edges in regular networks. A typical one is the Watts–Strogatz106

(WS) small-world network, characterized by its high clustering coefficient and the small average shortest107

path length 𝐿 ∝ log | |. This originated from the ‘small-world’ experiments and is the prototype of the108

theory of six degrees of separation. Another representative is the Barabási–Albert (BA) scale-free network,109

where the preferential attachment mechanism causes the power-law degree distribution 𝑃 (𝑘) ∼ 𝑘−𝛾 , where110

𝛾 ∈ (2, 3). The three typical networks are shown in Figure 2.111

Figure 2: Examples of the three fundamental networks, including (a) Watts–Strogatz, (b) Erdős–Rényi, and (c)
Barabási–Albert networks, where the size and color indicate the degree and community of nodes.

In contrast to the aforementioned single-layer network, multi-layer social network, also known as
‘multiplex network’, ‘multirelational network’ or ‘network of network’, has been developed to account for
different types of social relations or actions (Wasserman and Faust, 1994; Kivelä et al., 2014). This concept
is supported by both sociologists (Wasserman and Faust, 1994) and anthropologists (Whitaker Jr, 1970).
In a multi-layer network (, ) with 𝑚 layers, there are both intra-layer and inter-layer connections.
Here,  =

{

(𝛼)
(

(𝛼), (𝛼)
)

, 𝛼 ∈ {1, 2,… , 𝑚}
} represents a family of simple graphs, and  describes

the inter-layer connections, where endpoints belong to different layers. Here, inter-layer connections can
occur between replica nodes across layers or distinct nodes representing different entities in different
layers. More detailed descriptions can be found in (Kivelä et al., 2014; Boccaletti et al., 2014). In the
networks mentioned above, interactions are typically pairwise, represented by tuples of nodes in  . However,
researchers have also identified multi-way interactions in networks called hypergraphs ( , ), reflecting
group activities in social networks (Zlatić et al., 2009; Çatalyürek et al., 2022). The set of hyperedges,  =
{

 (1),  (2),… ,  (𝑛),… ,  (𝐾)}, includes edges containing more than two nodes. Specifically, a hyperedge in
 (𝑛) contains 𝑛 nodes and is represented as an 𝑛-tuple (𝑖, 𝑗,…), where 𝑖, 𝑗,⋯ ∈  . Hyperedges  (1) and  (2)

correspond to the set of self-loops and simple edges, respectively. Therefore, hypergraph structures can be
described by a set of adjacency tensors {𝐀(𝑛), 𝑛 = 2, 3,… , 𝐾

}, where an element of tenser 𝐀(𝑛), representing
an 𝑛-edges, is defined as,

𝑎(𝑛)𝑖𝑗 =

{

1, if (𝑖, 𝑗,…) ∈  (𝑛)

0, otherwise . (2)

There are still weighted and directed hypergraphs (Arcagni et al., 2024; Boccaletti et al., 2023), analogous112

to the simple networks discussed above. More details about higher-order networks and hypergraphs can be113

found in recent works (Ferraz de Arruda et al., 2024; Marques et al., 2025; Arcagni et al., 2017).114
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The characteristics around nodes can be described by several factors. For example, the degree of node 𝑖115

describes the size of its neighborhood set in undirected networks, 𝑘𝑖 = ∑

𝑗∈ 𝑎𝑖𝑗 =
∑

𝑗∈ 𝑎𝑗𝑖. It is different116

in directed networks, which consists of out-degree and in-degree, 𝑘𝑖 = 𝑘𝑜𝑢𝑡𝑖 + 𝑘𝑖𝑛𝑖 =
∑

𝑗∈ 𝑎𝑖𝑗 +
∑

𝑗∈ 𝑎𝑗𝑖.117

Eigenvector centrality (Bonacich, 2007), an extension of degree centrality, takes into account the importance118

(or score) of neighbors, thereby treating neighbors differently. It is defined as 𝑥𝑖 = 1
𝜆
∑

𝑗∈ 𝑎𝑖𝑗𝑥𝑗 , where 𝜆119

is the largest eigenvalue of 𝐀. This means an individual can be influential in a social network either by120

knowing (1) many people or (2) a few highly important individuals. PageRank, an algorithm used to rank121

websites in the Google search engine (Brin and Page, 1998), is similar to eigenvector centrality but typically122

applies to directed networks. To account for link weights in weighted networks, the node strength is defined123

by 𝑠𝑖 =
∑

𝑗∈ 𝑤𝑖𝑗 . In addition, the 𝐻-index considers the degree of neighbors to illustrate the impact of124

higher-order neighbors (Korn et al., 2009), where the largest value ℎ satisfies that node 𝑖 has at least ℎ125

neighbors with a degree larger than or equal to ℎ. The core number from 𝑘-core decomposition has been126

further developed (Kitsak et al., 2010) to assess whether a node is located in the core part or periphery127

of the network. To characterize nodes, not only the information from neighbors but also the information128

about paths can be applied. The simplest centrality, eccentricity, is obtained by the maximum distance from129

this node to other nodes, 𝐸𝐶𝑖 = max𝑗∈ 𝑑𝑖𝑗 , where 𝑑𝑖𝑗 is the length of the shortest path. In addition, the130

betweenness centrality that can control the information flow is defined by 𝐵𝑖 =
∑

𝑖≠𝑠,𝑖≠𝑒,𝑠≠𝑒 𝑛
𝑖
𝑠𝑒∕𝑛𝑠𝑒, where131

𝑛𝑠𝑒 is the number of the shortest path between nodes 𝑠 and 𝑒 and 𝑛𝑖𝑠𝑒 is the number of the above paths passing132

through node 𝑖. Interested readers are referred to (Lü et al., 2016) for more detailed information on local133

characteristics.134

As for the network characteristics, the density 𝜌 = 2||∕| |(| | − 1) can indicate the number of
existing edges compared to that of possible edges, thereby differentiating networks with different sizes. In
social networks, not all individuals are connected, resulting in disconnected groups. Generally, the largest
connected groups (i.e., the giant component) includes a significant proportion of individuals. In addition,
community (also called cluster or module) is a common structure in the study of statistics, dynamics, and
social influence, where nodes are tightly connected within communities but loosely connected between
communities. It is usually caused by common locations, roles, and interests among individuals in social
networks, resulting in different frequencies of communication between people (Fortunato and Newman,
2022). Assortativity, the tendency of individuals to connect with others who have similar degrees, is
commonly observed in social networks, whereas technological and biological networks tend to exhibit
disassortativity, where high-degree nodes are more likely to connect with low-degree ones. To measure
this tendency, the assortativity coefficient (Newman, 2002, 2003) has been developed based on the Pearson
correlation coefficient of degree between connected nodes,

𝑟 =
∑

𝑖𝑗 𝑖𝑗
(

𝑒𝑖𝑗 − 𝑞𝑖𝑞𝑗
)

𝜎𝑖𝜎𝑗
, (3)

where 𝜎 is the standard deviation of degree distribution 𝑞, and 𝑒𝑖𝑗 is the joint probability distribution. Other135

node attributes can replace degree centrality to assess connection tendencies. To determine if a network136
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exhibits small-world or scale-free properties, the average shortest path length 𝓁 =
∑

𝑖≠𝑗 𝑑𝑖𝑗∕| |(| | −137

1) and the average clustering coefficient (transitivity) 𝐶 = 3× number of triangles ∕ number of all138

triplets (Wasserman and Faust, 1994) are compared with an equivalent random network. Therefore, small-139

worldness can be measured by 𝜎𝑆𝑊 = 𝐶𝓁𝑟∕𝐶𝑟𝓁 or 𝜔𝑆𝑊 = 𝓁𝑟∕𝓁 − 𝐶∕𝐶𝑟 (Telesford et al., 2011). Thus140

far, both local and global network characteristics that affect decision dynamics have been widely explored141

in this section.142

3. Belief formation143

In social network group decision-making, individuals typically form their own prior beliefs about events144

and behaviors before interacting with others. These beliefs are often shaped by personal attributes, social145

factors, and the characteristics of the event itself. This process is considered Part 1 of the overall framework146

in Figure 1. A belief is generally defined as the mental acceptance or conviction in the truth or reality of an147

idea (Das et al., 2019; Schwitzgebel and Zalta, 2011). It can be characterized as the propositional attitude,148

involving both a specific meaning expressed in sentence form and a mental stance on the validity of the149

proposition (Schwitzgebel and Zalta, 2011), while also encompassing subjective experiences. In literature,150

the formation of beliefs is widely discussed from social-psychological perspectives, often incorporating an151

understanding of uncertainty. Uncertainties encountered, including those related to the reliability of verbal152

information, are themselves manifestations of beliefs (Wyer and Albarracin, 2005). The majority of beliefs153

likely remain unconscious or outside of immediate awareness, yet their content pervades various aspects of154

life (Connors and Halligan, 2015).155

3.1. Relevant social-psychological aspects156

An individual’s perspective regarding a given event is intricately shaped by a multifaceted interplay of157

internal and external determinants, where some typical factors are shown below:158

• Internal determinants consist of personal experiences and traits, cognitive processes, and cultural159

backgrounds (Wyer and Albarracin, 2005; Connors and Halligan, 2015).160

• External determinants contain media outlets, societal influences, political and ideological affiliations,161

and figures of authority (Friedkin and Johnsen, 1990; Keren, 2014).162

For example, in the domain of health beliefs, Rosenstock (1974) developed the health belief model and163

conducted a systematic review of the determinants of individuals’ health beliefs. The factors influencing164

health beliefs can be categorized into perceived susceptibility, perceived seriousness, perceived benefits and165

barriers to taking action, and cues to action. Among these, Langlie (1977) identified the most impactful factor166

as the “perceived internal locus of control". This concept, originally proposed outside the health context,167

suggests that individuals who believe they can control what happens to them are more likely to take action.168

Despite beliefs arising from disruptions in direct experiential encounters, it has been found that beliefs may169

also originate from social interactions, exposure to media in the social environment, and secondary sources170

like books, newspapers, and television (Langdon, 2013; Enders et al., 2021; Druckman et al., 2021). Hence, it171

is vital to acknowledge the dynamic nature of the belief formation process, marked by the intricate interplay172
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of these diverse elements. Moreover, it is essential to recognize the fluidity of beliefs, susceptible to change173

and evolution over time as individuals encounter new information and diverse experiences (Connors and174

Halligan, 2015; Ecker et al., 2022).175

Numerous researchers underscore the pivotal role of social psychology in comprehending the process176

of belief formation because beliefs are not developed in isolation (Bar-Tal, 2000; Galesic et al., 2021). Ana-177

lyzing the development of individual beliefs from the perspective of social psychology involves examining178

how social, cognitive, and emotional factors interact to shape an individual’s belief. This perspective affords179

an avenue to investigate the mechanisms through which individuals are subject to social influence, thereby180

offering critical insights into phenomena including but not limited to conformity, self-fulfilling prophecy,181

groupthink, and persuasion (Baron, 2005). Normative and informational social influence are defined based182

on the psychological needs that lead humans to conform to the expectations of others, such as compliance and183

deindividuation (Cialdini and Goldstein, 2004). It has been found that people often seek to ‘fit in’ amongst184

friends and colleagues and to be liked and respected by other members of their social group. Moreover,185

individuals often value the opinions of others in their social groups and seek to maintain their standing186

within the group. As a result, they adjust their attitudes and behaviors to align with group norms. At the187

same time, when individuals feel uncertain about their own knowledge, they turn to others for information,188

hoping to receive accurate and reliable insights.189

Following the seminal work on conformity by Asch and Guetzkow (1951), the study of social influence190

has gradually reached the culmination (Becker et al., 2017; Capuano et al., 2017). More work has been done in191

this period than any other, especially in the core areas of social influence, such as deindividuation, obedience,192

and reactance. From social influence theory, which was proposed by Kelman (1958), three broad categories193

of social influence were identified, including compliance, identification, and internalization. Specifically,194

compliance is defined as cooperation motivated by the desire for social acceptance rather than behavior195

according to a request, and people are influenced to comply because they wish to avoid negative social196

consequences or to gain social approval. Identification occurs when individuals adopt the induced behavior197

to create or maintain a desired and beneficial relationship with another person or a group. Internalization198

happens when individuals receive influence after perceiving the content of the induced behavior as valuable,199

where the content indicates the opinions and actions of others. Overall, the field of social influence saw a200

transformative moment with Cialdini (2009), marking a new era where research was systematically integrated201

across disciplines under the umbrella of social influence. Six fundamental principles of social influence202

are then identified by Cialdini (2009), including reciprocity, commitment and consistency, social proof,203

authority, attractiveness, and scarcity. The study of social influence gained further credibility in 2006 with204

the establishment of the journal Social Influence. An overview of research on social influence in the field of205

social psychology is demonstrated in Figure 3.206

Beyond the factors that shape beliefs, the process of belief formation itself has become a key area of207

study, often drawing from disciplines such as psychology, sociology, economics, statistical physics, and208

applied mathematics (Acemoglu and Ozdaglar, 2011; Enders et al., 2021; Castellano et al., 2009). Extensive209

research has provided a wealth of empirical findings and theoretical models on the structure and formation210
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Figure 3: Seminal research of social influence in social psychology.

of beliefs. For instance, the trust-structural-cognitive model (Robbins, 2016) offers a theoretical framework211

that examines the origins and effects of trust in daily human interactions, which in turn influence belief212

formation. Similarly, preference modeling (Moretti et al., 2016) is an important approach for understanding213

and representing an individual’s beliefs about multiple objects, including their preferential order and214

similarity. Moreover, a comprehensive synthesis of belief formation has been conceptualized as a five-stage,215

non-recursive progression, spanning from precursor events to the ultimate effects of beliefs (Connors and216

Halligan, 2015). This model integrates insights from both cognitive and neuropsychological studies. Ni217

et al. (2021) developed a criterion hierarchy to analyze personal beliefs toward vaccination by considering218

perceived disease risks (such as susceptibility and severity) alongside vaccine-specific issues (such as219

safety, effectiveness, and convenience). Beliefs in this model are established through an evidential reasoning220

approach. Across these methods, multiple internal and external factors need to be considered when shaping221

personal beliefs. This complexity makes MCDM approaches particularly useful due to its adaptability in222

accounting for multi-level and multi-attribute factors, leading to reasonable belief formation. Therefore, the223

following section will review typical multiple criteria decision-making approaches.224

3.2. Multiple criteria decision-making225

In line with the previous discussion, the formation of beliefs over a decision-making problem can be226

influenced by a multitude of internal and external factors (Enders et al., 2021; Keren, 2014; Druckman et al.,227

2021). Moreover, uncertainty serves as a driving force behind belief formation, prompting individuals to228

continuously acquire knowledge and re-evaluate their subjective judgments (Seitz and Angel, 2020). Hence,229

belief formation is regarded as an ongoing dynamic process. Scholars have observed that individuals’ beliefs230

significantly influence their decision-making processes, wherein decision-making entails the cognitive231

process of selecting action plans among multiple alternatives and executing actions (Simon, 1959). However,232

understanding belief formation in a complex social environment requires consideration of multiple criteria,233

which is now a prominent feature of contemporary decision-making processes (Seitz and Angel, 2020; Porot234

and Mandelbaum, 2021; Ni et al., 2021).235
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The process of belief formation lays the foundation for how individuals assess, evaluate, and interpret236

information when making decisions involving multiple criteria or objectives. Usually, multiple criteria or237

attributes are involved in the process of assessing alternatives with diverse weights (Ding et al., 2020). In238

this process, individuals hold subjective beliefs or preferences about the importance of these criteria and239

the performance of alternatives (Seitz and Angel, 2020; Ni et al., 2021). Notably, subjective beliefs play a240

significant role as they guide the weighting of criteria and the evaluation of alternatives (Shafer, 1976; Sasaki,241

2023). The scientists systematically investigated decision-making processes necessitating the consideration242

of multiple criteria, introducing the concept of multiple criteria decision-making (MCDM) (Greco et al.,243

2024; Sahoo and Goswami, 2023). Research on MCDM began in the 1960s on economics and became an244

active research field in the 1970s, where early research mainly focused on methods rather than the structure of245

MCDM. The methodologies and theories are gradually being valued due to a further comprehensive MCDM246

process. This process mainly relies on a variety of methods to solve different types of problems. Typically,247

there is no unique optimal solution for decision-making problems, thus, the incorporation of individuals’248

preferences becomes more important (Psomas et al., 2021). In addition, uncertainty associated with criteria249

weights and performance assessments is a vital factor for this process because it is believed that individuals250

cannot have completely certain attitudes and knowledge (Shafer, 1976). Therefore, due to MCDM’s ability251

to incorporate uncertainty, human expertise, and subjective judgments, it has been considered to be an252

important tool in belief formation. Methods defined in this discipline are based on various principles and use253

different scoring, weighting, and aggregation procedures (Cinelli et al., 2022), thus, a synopsis of prevalent254

MCDM methodologies is offered in Table 1. More details about MCDM approaches can be found in the255

comprehensive reviews (Sahoo and Goswami, 2023; Alvarez et al., 2021).256

MCDM can participate in the belief formation process in various ways (Wu and Barnes, 2010; Ni et al.,257

2021). However, it is essential to understand the manifestation of beliefs at the first stage. Researchers utilize258

various methods and techniques to represent beliefs in their research, depending on the nature of the research259

question, the research context, and the underlying theoretical framework. For instance, beliefs gathered260

through surveys from individuals or groups can be represented using commonly employed tools, including261

Likert scales, semantic differential scales, and visual analogue scales (Dean et al., 2021). These tools allow262

for the measurement of the intensity or strength of beliefs on specific topics. Moreover, rich descriptions263

of participants’ beliefs collected by qualitative methods, such as interviews and online survey (Hickman264

et al., 2021), can be analyzed to identify patterns and themes related to beliefs, thus, researchers could265

categorize and quantify beliefs through a corresponding coding scheme. Additionally, quantitative methods266

such as evidence reasoning and probability theory can represent beliefs as probability distributions or belief267

structures (Xia and Liu, 2014), bringing out the uncertainty in beliefs as well. Therefore, belief formation268

can be demonstrated by analyzing the MCDM process. For example, Tam and Tummala (2001) utilized269

Likert survey data collected through research to elucidate the beliefs of 20 staff members regarding 23270

distinct selection criteria encompassing quality, delivery, performance history, and other factors pertinent271

to the choice of suppliers in the telecommunications system domain. Furthermore, the Analytic Hierarchy272

Wen T. et al.: Preprint submitted to Elsevier Page 11 of 39



Towards Developing a Holistic Framework

Table 1
A brief summary of MCDM methodologies.

Approaches Methods Descriptions Reference

Value
measurement

models

Weighted Sum Solve single-dimensional problems
through additive utility assumption. (Fishburn, 1967)

Weighted Product Solve single-dimensional problems
by multiplication utility assumption. (Bridgman, 1922)

Analytical Hierarchy
Process (AHP)

Decompose problems into a hierarchical
structure and use pairwise comparisons. (Saaty, 1980)

Simple Multi-Attribute
Rating Technique

Rate alternatives based on a linear
combination of criteria scores. (Edwards, 1977)

Multi-attribute Utility Consider multiple attributes and individual
preferences to maximize utility in ranking. (Keeney and Raiffa, 1993)

Evidence Theory Combine mass functions from different
sources with ignorance and uncertainty. (Shafer, 1976)

Evidential Reasoning Combine evidence from multiple sources to
make decisions under uncertainty. (Yang and Singh, 1994)

Goal, aspiration
or reference
level models

The technique for order
preference by similarity to
ideal solutions (TOPSIS)

Evaluate the proximity of alternatives to
the ideal and farthest-from-ideal solutions. (Hwang et al., 1981)

Outranking
relations

Preference ranking
organization method
for enrichment evaluation

Rank alternatives based on pairwise
comparison with several criteria. (Brans et al., 1986)

The elimination and
choice translating reality

Handle quantitative and qualitative criteria
to provide outranking relations. (Roy, 1968)

Process is employed to incorporate the beliefs of multiple individuals with different conflicting goals, thereby273

achieving consensus decisions (Tam and Tummala, 2001).274

4. Evaluation of influence in social networks275

In social networks, each individual, including bots (des Mesnards et al., 2022), typically has multiple276

neighbors. The validity of information received from different users must be assessed as it is received, as this277

information can influence an individual’s opinion to varying degrees, depending on personal characteristics278

and other factors. This evaluation is discussed in Part 2 of the framework. While this has been explored across279

different fields, we focus on its implementation in social networks by quantifying the degree of influence of280

connected individuals based on the presence of edges in various types of networks. During the belief updating281

process, different terms have been used to describe the degree of influence between individuals, such as282

weight, trust, confidence, and reputation (Friedkin and Johnsen, 1990; Fan et al., 2020; Sherchan et al., 2013).283

Although there are slight differences between these concepts – people may completely trust family members284

in daily matters due to family bonds, but the degree of influence may vary in professional contexts due to285

differences in expertise and domain knowledge – all these terms ultimately describe how much an individual286

accepts the ideas of others. The degree of influence is primarily based on two fundamental types of personal287

profiles. The first is the structural characteristics of the individual within social networks, such as their288

positions, connectivity, and the nature of their relationships with others. The second type is the individual’s289

belief profiles, which encompass their personal experiences and existing beliefs. These profiles are utilized in290

various scenarios and can be effectively integrated to evaluate an individual’s influence in the social network.291
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By considering the structural characteristics and belief profiles, a comprehensive understanding of influence292

evaluation in social networks can be achieved.293

4.1. Structure-based approaches294

Social networks primarily consist of users and their connections, so statistical structural properties are295

often used to describe the validity of the information. In most early models, all of an individual’s neighbors296

were treated equally, meaning they all had the same level of influence. However, the concept of confidence297

was later introduced to represent how firmly an individual adheres to their beliefs (Friedkin and Johnsen,298

1990), allowing for distinctions in how different users influence one another. In order to distinguish the299

influence from others, the centrality measure is widely used to describe the structure characteristics of300

individuals. For example, the opinion of an individual with many friends is a relatively more important301

source for others, reflecting the degree centrality of individuals; and the quality of friends also matters (Jia302

et al., 2015) – the opinion is of high importance for others if an individual has few but knowledgeable friends303

– reflecting eigenvector centrality and the PageRank centrality. This has been reflected in the social power304

ranking (Jia et al., 2015). The topological information from both direct and second-order neighborhood305

agents can be also considered to determine the weight, including the self-persistence degree and degree306

centrality measures of agents. Some centrality measures that consider different types of information have307

been reviewed in Section 2.308

Recently, various models have been developed to identify the importance and influential ability of309

individuals based on the topological structure of networks. Below, we briefly introduce some typical310

methods:311

• Artificial intelligence algorithms: A deep reinforcement learning framework, FINDER (Fan et al.,312

2020), can be trained on small synthetic networks and applied to identify key players in different real-313

world scenarios. The training process operates as a Markov decision process, involving interactions314

between agents’ states, actions, and rewards within the environment. Another deep reinforcement315

learning algorithm (Ma et al., 2022) has been designed to evolve the deep 𝑄 network to identify vital316

nodes.317

• Evolutionary optimization and operation approaches: A branch-and-cut algorithm with Benders318

reformulation (Güney et al., 2021) has been developed to identify the set of individuals with319

the maximum influential ability, significantly outperforming typical methods in solution runtime.320

In this work, the problem is defined as a maximal covering location problem with the objective321

max
∑

𝜔∈Ω 𝑝𝜔𝜇𝜔, where 𝑝𝜔 and 𝜇𝜔 indicate the probability and contribution of scenario 𝜔 ∈ Ω. In322

addition, a discrete moth-flame optimization method (Wang et al., 2021) addresses the unreliability323

of communication channels to identify influential spreaders by enhancing the processes of population324

initialization, selection, updating, and mutation. A game-theoretic approach (Liu et al., 2024) considers325

non-additive fuzzy measures provided by individuals, determining their importance based on their326

connections via a gravity model.327
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• Mathematical physics methods: Research has shown that individuals at the core of the network, rather328

than those who are the most highly connected, are the most influential spreaders (Kitsak et al., 2010).329

In addition, this issue has been addressed from the perspective of optimal percolation (Morone and330

Makse, 2015), where the energy of a many-body system is minimized. Fractal-based algorithms (Wen331

and Cheong, 2021; Wen and Deng, 2020) have also been applied to describe the local structure around332

each node, thereby identifying its influential ability.333

Different types of networks have garnered attention in this field (Zhou et al., 2023; Klages-Mundt and Minca,334

2022; Wen et al., 2024a), including weighted, directed, and temporal networks. While machine learning335

models demonstrate promising performance, they often lack explainability regarding why a particular336

group of users exerts the strongest influence. On the other hand, mathematical physics models offer337

explanatory mechanisms but may struggle to yield reasonable results across networks of diverse sizes and338

types. Therefore, integrating these approaches to analyze topological characteristics in different scenarios is339

necessary for comprehensively quantifying users’ influence in social networks.340

Trust, a concept extensively explored in sociology and psychology, serves as a metric for quantifying341

individuals’ reliability within interactions. Although definitions vary across disciplines, trust is generally342

understood as the confidence one entity believes another will behave in the expected way (Sherchan et al.,343

2013). In the context of social networks, this concept extends to social trust, reflecting the social capital344

inherent in the richness of the connections between individuals. Social trust exhibits several key properties:345

it is subjective and self-reinforcing due to individual cognition, propagates yet remains non-transitive among346

a group of individuals, and is dynamic, influenced by new information and experience. More details about its347

properties can be found in (Sherchan et al., 2013). In group decision-making, trust between individuals plays348

a pivotal role, facilitating information sharing and opinion exchange (Urena et al., 2019; Wang et al., 2024b,349

2020a), which in turn, enhances collective decision-making and consensus-reaching among individuals.350

To determine the trust between individuals, two primary approaches can be employed. The first, rooted351

in network structure analysis, suggests that individuals linked to highly connected peers typically command352

greater trust. This is often modeled using frameworks like the Web of Trust or Friend-Of-A-Friend, wherein353

trust networks are constructed for each individual (Wu et al., 2019; Gong et al., 2020). This method considers354

both social relationships and feedback from social connections to evaluate the trust level between them.355

However, it overlooks direct interactions between individuals in the group, including their nature, frequency,356

and intensity. To bridge this gap, the second approach focuses on interactions within a group. For instance,357

in the STrust model, trust is evaluated based on the positive interactions in a group (Nepal et al., 2011).358

Specifically, it considers the popularity trust, indicating the trustworthiness of an individual from others359

in the group, and the engagement trust, reflecting the trust this individual has towards the group. While360

insightful, this approach tends to neglect network topological structure, leading to incomplete information361

consideration. Hence, a hybrid model that integrates both perspectives could offer a more comprehensive362

evaluation of social trust (Trifunovic et al., 2010).363

Furthermore, estimating unknown trust can leverage known and available trust values from others. For364

example, if individual 𝑖 trusts 𝑗, and 𝑗 trusts 𝑘, it is likely that individual 𝑖 will also trust 𝑘, a principle365
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known as direct trust propagation. This concept extends through mechanisms such as transpose trust, co-366

citation, and trust coupling (Guha et al., 2004). These propagation methods can be integrated into a matrix367

𝐶𝐵 = 𝑤1𝐵+𝑤2𝐵𝑇𝐵+𝑤3𝐵𝑇 +𝑤4𝐵𝐵𝑇 , where 𝐵 is the belief matrix and 𝑊 = (𝑤1, 𝑤2, 𝑤3, 𝑤4) represents368

the weight coefficients. This framework is also capable of estimating distrust among individuals. As trust369

propagates through multiple pathways in the network, the propagated trust needs to be aggregated to estimate370

the missing trust 𝑡𝑖𝑗 between individuals 𝑖 and 𝑗. The ordered weighted averaging approach (Li et al., 2021)371

is a notable technique in this field. Other approaches, such as those rooted in quantum theory (Wang et al.,372

2024b), can also be employed to aggregate trust. Nonetheless, some algorithms think that trust propagation373

prefers the shortest path in the social network, and it can balance the number and cost of trust propagation (Wu374

et al., 2019; Wang et al., 2024a). In addition, on the propagation path, trust stability and discounting should375

be considered over longer social distance (Wang et al., 2024b). Interested readers can refer to (Urena et al.,376

2019; Sherchan et al., 2013; Wang et al., 2020a) for more details about estimating trust using different kinds377

of methods, such as machine learning, diffusion models, and structural features.378

4.2. Belief-based approaches379

The belief profile can be also considered to determine the weight of individuals. The trivial way to380

consider the difference of belief profiles between individuals in belief updating is through the bounded381

confidence model (Bernardo et al., 2024), including the Deffuant–Weisbuch model (Deffuant et al., 2001),382

and the Hegselmann–Krause model (Hegselmann et al., 2002). Here, individuals only trust and communicate383

with others whose beliefs are within the range of confidence, that is, the difference in beliefs |𝑥𝑖(𝑡)−𝑥𝑗(𝑡)| is384

below a given bounded confidence 𝜀. Individuals who are outside the confidence set will not be trusted, and385

opinions cannot be exchanged between them. More details of the bounded confidence model and its variants386

will be introduced in Section 6.2.387

Individuals may exhibit cognitive dissonance if they experience conflicting beliefs (Festinger, 1957),388

which can increase their psychological stress (Li et al., 2020). To reduce cognitive dissonance, individuals389

usually choose to (1) accept information that is more consistent with their existing beliefs or (2) reject or390

ignore conflicting information. Therefore, a cognitive dissonance-based opinion model (Li et al., 2020)391

has been developed that (1) assigns weights to others who are in the confidence set and (2) breaks ties392

with individuals who have conflicting beliefs and connects with individuals who support its opinion. In393

addition, it has been found that alternative response behaviors are effective in reducing cognitive dissonance394

in a group (Whitaker et al., 2021). The impact of reconciling cognitive friction is investigated on different395

networks to examine the sensitivity of behavior to network structures in coping with alternative dissonance.396

Many modified models have been developed to consider different factors and characteristics in social397

relationships. For example, the local world opinion from agents’ common neighbors is introduced to398

measure the difference in opinions and network structure (Dong et al., 2022), and more than one type of399

communication mechanism is considered to assign weights to neighbors based on a mixed opinion dynamics400

model (Wu et al., 2023). A framework for estimating the extent to which personal beliefs are influenced by401

others can be found in Figure 4. It details the key components and processes involved in quantifying the402
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influence of social connections on individual beliefs, which are essential for understanding the degree of403

influence within social networks.404

Figure 4: Illustration of evaluating the extent to which personal beliefs are influenced by others through
interactions, facilitating opinion updating and decision-making.

5. Information diffusion models405

In social networks, belief updates are primarily influenced by two factors. First, new information spreads406

through the network, reaching individuals at different times and affecting their cognitive processes in various407

ways (de Arruda et al., 2022; Keppo et al., 2022; Ferraz de Arruda et al., 2024). In this passive process,408

both the timing and frequency of the new information reaching individuals play a crucial role in shaping409

their beliefs, which corresponds to Part 3 of the framework. Hence, some fundamental models that explore410

information propagation within social networks will be reviewed in this section.411

Second, interactions and exchanges of opinions with friends in the network involve proactive behavior,412

which can also alter individuals’ cognitive states. Through active discussions and sharing of perspectives,413

individuals’ beliefs evolve, forming Part 4 of the framework. A more detailed examination of opinion414

dynamics models will be presented in the subsequent section.415

Hence, this section will focus primarily on reviewing several fundamental and noteworthy models that416

explain the dynamics of information propagation and diffusion within social networks. In the next section,417

we will delve deeper into opinion dynamics models.418

5.1. Linear threshold models419

Numerous mathematical models have been developed to characterize the information diffusion process,420

thereby analyzing the diffusion patterns and controlling the spread of misinformation and viruses. One of the421

most fundamental models is the linear threshold model (LTM) (Granovetter, 1978), which was developed422

to characterize collective behavior. In this model, there are two states for each agent, including active and423

inactive states. The model assumes that individuals are likely to make decisions based on the actions already424

taken by their neighbors, exhibiting herd-like behavior. An individual can imitate its neighbors’ behavior if425

it surpasses a threshold 𝜙, chosen from a distribution 𝑓 (𝜙) based on memory and exposure history. Initially,426
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only a small part of individuals are randomly designated as active while the rest remain inactive. In each427

step, the inactive individual 𝑖 becomes active if the fraction of its active neighbors exceeds 𝜙𝑖, while active428

individuals retain their states. This process continues until no more individuals can be activated, achieving429

system stability. An example of this process is shown in Figure 5 (a).430

This model has been combined with numerous models, such as competitive diffusion models (Yang431

et al., 2020) and non-Markovian processes (Wang et al., 2016), to describe information diffusion and432

rumor propagation, investigate information cascades, and explore the impact of modular structure in433

the information propagation process. To incorporate the memory of past exposures to the information,434

generalized LTMs (Dodds and Watts, 2004) have been developed to consider the impact of inactivated435

individuals in the past 𝑡′ steps. Specifically, a new state, removed, is introduced in this model, where436

an activated individual will recover if the impact this individual received from neighbors is less than437

the threshold. Under specific settings, this model can degenerate into the independent interaction model,438

stochastic threshold model, and deterministic threshold model (Dodds and Watts, 2004).439

Figure 5: Examples of information propagation models on an Erdős–Rényi (ER) network with | | = 1000 nodes
and connection probability 𝑝 = 0.2, including (a) LT model with 𝜙 = 0.03, (b) SI model with 𝛽 = 0.001, and (c)
SIR model with 𝛽 = 0.001 and 𝛾 = 0.01. Results were averaged over 200 realizations.

5.2. Independent cascade models440

The independent cascade model (ICM) is another fundamental model, initially developed from interact-
ing particle systems to study marketing dynamics (Goldenberg et al., 2001). Similar to the linear threshold
model, individuals in ICM are categorized into two states: active and inactive. At the onset of information
diffusion (𝑡 = 0), all individuals are inactive except for the sources. Each inactive individual 𝑖 can be activated
by its active neighbor 𝑗 with probability 𝑝𝑗𝑖, independently of the influence of other active neighbors. In
addition, each active individual 𝑖 attempts to activate its inactive neighbor 𝑗 only once, with no further
influence regardless of success or not. The diffusion process continues until no more individuals can be
activated, reaching time 𝑡 = 𝑡𝑒𝑛𝑑 . If 𝑡 indicates the set of active nodes at time 𝑡, the process follows

0 ⊆ 1 ⊆ ⋯ ⊆ 𝑡 ⊆ 𝑡+1 ⊆ ⋯ ⊆ 𝑡𝑒𝑛𝑑 ⊆  , (4)
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implying that active individuals cannot revert to being inactive during the process. The diffusion probability441

of each edge 𝑝𝑖𝑗 can be estimated using the expectation-maximization algorithm based on past propaga-442

tion (Saito et al., 2008), making this model applicable to real-world networks without known diffusion443

probability.444

This model has been extended to various scenarios, including time-delay and negative information445

propagation (Gruhl et al., 2004). Given that these models traditionally consider discrete time, a continuous-446

time ICM (Saito et al., 2009) has been developed, where the time-delay 𝛿 on edge (𝑖, 𝑗) follows an exponential447

distribution with parameter 𝑟𝑖𝑗 . In marketing scenarios, where individuals can be influenced multiple times448

with time restrictions by their neighbors, a continuously activated and time-restricted ICM (Kim et al., 2014)449

has been developed to better describe the diffusion progress.450

After characterizing the information diffusion process, it is crucial to know how to control the information
coverage size when the system reaches stability. Positive information is typically expected to spread widely,
while rumors (negative information) should be minimized to reduce their impact, leading to the influence
maximization problem and contamination minimization problem, respectively. For example, the influence
maximization problem can be defined as,

arg max
𝑆⊆ ,|𝑆|=𝑘

𝜎(𝑆), (5)

where 𝜎(𝑆) quantifies the influence of a set 𝑆 of 𝑘 individuals. This NP-Hard problem in networks is451

challenging due to the vast number of candidate sets 𝑆 and the complexity of quantifying the actual influence452

of individuals (Kim et al., 2014). Several review papers (Li et al., 2018, 2023) have comprehensively453

reviewed how to incorporate IC-based and LT-based approaches to address these issues.454

5.3. Epidemic models455

Epidemic models are extensively used to mathematically describe the propagation of information and
infectious diseases (Chowell et al., 2016). These models date back to Daniel Bernoulli’s study of smallpox
spread in 1760 and were later solidified by Kermack and McKendrick in 1927 (Kermack and McKendrick,
1927). The simplest example is the Susceptible-Infectious (SI) model, where the susceptible and infectious
individuals correspond to inactive and active states, respectively. In this model, a susceptible individual
becomes infected through contact with its infected neighbors with a constant probability 𝛽. This process can
be described using a system of ordinary differential equations,

{

𝑑𝑆(𝑡)
𝑑𝑡

= −𝛽𝑆(𝑡)𝐼(𝑡),
𝑑𝐼(𝑡)
𝑑𝑡

= 𝛽𝑆(𝑡)𝐼(𝑡).
(6)

Moreover, the model can be extended to include recovery, with infected individuals recovering at a
probability 𝛾 . If individuals have transient immunity post-recovery, the Susceptible-Infectious-Susceptible
(SIS) model is used, where recovered individuals can become infected again. However, if individuals gain
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Table 2
A brief summary of information diffusion models.

Objective Level Model Example

Information
Diffusion
Models

Macro
level

Epidemic
model

SAIDE model (Cheong et al., 2020)
SIDARTHE model (Giordano et al., 2020)

Bass
model

Bass model (BM) (Bass, 1969)
BM with free sampling (Han and Zhang, 2018)

Micro
level

Threshold
model
(TM)

LTM (Granovetter, 1978)
Non-Markovian LTM (Wang et al., 2016)

Generalized LTM (Dodds and Watts, 2004)
Competitive LTM (Yang et al., 2020)

Cascade
model

ICM (Goldenberg et al., 2001)
ICM with time delay (Gruhl et al., 2004)
Continuous-time ICM (Saito et al., 2009)

Continuously activated and time-restricted ICM (Kim et al., 2014)

Others Linear influence model (Yang and Leskovec, 2010)
External influence model (Myers et al., 2012)

permanent immunity after recovery, the Susceptible-Infectious-Recovered (SIR) model is applicable,
⎧

⎪

⎨

⎪

⎩

𝑑𝑆(𝑡)
𝑑𝑡

= −𝛽𝑆(𝑡)𝐼(𝑡),
𝑑𝐼(𝑡)
𝑑𝑡

= 𝛽𝑆(𝑡)𝐼(𝑡) − 𝛾𝐼(𝑡),
𝑑𝑅(𝑡)
𝑑𝑡

= 𝛾𝐼(𝑡),
(7)

where 𝛾 indicates the recovery probability. The basic reproduction number 𝑅0 = 𝛽∕𝛾 determines the456

dynamics of the infection. Examples of the SI and SIR process are shown in Figure 5 (b) and (c).457

Gradually, additional compartments have been incorporated to better describe the features of different458

diseases. For example, the SEIR model includes individuals who have been exposed but are not yet infectious,459

and the SIRV model incorporates vaccination during the process. During the outbreak of COVID-19,460

several SIR-based models have been developed to consider new states (Cheong et al., 2020), such as461

the SIDARTHE model (Giordano et al., 2020) which considers susceptible, infected, diagnosed, ailing,462

recognized, threatened, healed, and extinct individuals. Regardless of the number of compartments, the463

sum of individuals in each compartment must equal the total number of nodes in the network. These464

epidemic models have been further explored using various mathematical and physical methods, including465

homogeneous and heterogeneous mean-field methods, pair-based methods, and generating function methods.466

A brief summary of information diffusion models, including other typical approaches like the Bass467

model (Bass, 1969) and linear influence model (Yang and Leskovec, 2010), can be found in Table 2. More468

comprehensive details on these information propagation models, including random walk proportion and469

time-varying network diffusion processes, can be found in Zhang et al. (2016).470

6. Belief updating and opinion dynamics471

Variations in belief are influenced not only by an individual’s social psychological traits but also by their472

social milieu. In social networks, interactions and communication with others can easily shape individuals’473
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feelings and attitudes. Empirical evidence suggests that individuals update their opinions and beliefs as a474

mix of their own and others’ opinions with weights, a concept present in early works (DeGroot, 1974). The475

mixing mechanism, known as the convex combination, is considered fundamental in synthesizing diverse476

information in the information integration theory. Therefore, various opinion dynamics and belief updating477

mechanisms have been formulated to explore this issue within the social cognitive structures (Sîrbu et al.,478

2017; Choi et al., 2023; Jia et al., 2015).479

In this part (i.e., Part 4) of the holistic framework, we focus on how individuals interact with their peers480

to update their beliefs in a general scenario, without being constrained to specific events. This differs from481

large-scale group decision-making (LSGDM) (Li et al., 2022; Hassani et al., 2022; Urena et al., 2019),482

which emphasizes how a group of experts reaches consensus on a particular decision event. Generally, for483

social issues of common concern, it is challenging for all individuals to achieve consensus. For instance,484

in political elections and climate change discussions, polarization and fragmentation often occur due to the485

echo chamber effect in social media (de Arruda et al., 2022; Wang et al., 2020b; Druckman et al., 2021),486

resulting in diverse beliefs, decisions, and behaviors. Therefore, consensus-reaching, a crucial process in487

LSGDM, emerges as a result of belief updating through interactions within social networks, particularly488

when experts aim to achieve consensus on a given event (DeGroot, 1974; Korbel et al., 2023; Ni et al.,489

2021). Our comprehensive framework is designed to guide individuals through the entire process from belief490

formation to decision-making, rather than focusing on any specific step. The details of how individuals491

interact within social networks and update their beliefs, encompassing both general scenarios and specific492

applications such as LSGDM, will be introduced below.493

6.1. Basic introduction494

In the opinion dynamics process, the belief profile of | | individuals at the 𝑡th step can be represented495

by 𝐗(𝑡) =
(

𝑥1(𝑡), 𝑥2(𝑡),… , 𝑥𝑖(𝑡),… , 𝑥
| |

(𝑡)
)𝑇 , where 𝑥𝑖(𝑡) denotes the belief of individual 𝑖 at time 𝑡.496

This belief can take continuous values, discrete values, or sets. Starting with an initial belief profile 𝐗(0),497

determined using the methods described in Section 3, individuals interact with others to either update their498

opinions or modify their connections (Santos et al., 2021; Wang et al., 2020b). Specifically, when individuals499

engage with others who share similar opinions, their beliefs may be reinforced, or the connection between500

them strengthened. Conversely, interaction with opposing opinions may challenge beliefs or lead individuals501

to rewire their connection toward someone with more aligned opinions (Grabisch et al., 2023). Through502

repeated interactions and updates under various models, three possible outcomes can emerge:503

• Consensus: lim𝑡→∞ 𝑥𝑖(𝑡) = 𝑐, for ∀𝑖 ∈  and ∀𝐗(0) ∈ ℝ| |.504

• Polarization: lim𝑡→∞ 𝑥𝑖(𝑡) = 𝑐1 or 𝑐2, for ∀𝑖 ∈  and ∀𝐗(0) ∈ ℝ| |.505

• Fragmentation: lim𝑡→∞ 𝑥𝑖(𝑡) = 𝑐1, 𝑐2, 𝑐3,… , for ∀𝑖 ∈  and ∀𝐗(0) ∈ ℝ| |.506

Here, 𝑐𝑖 represents a constant. Refer to Part 4 of Figure 1 for a diagram illustrating these states.507

Belief updating models are typically classified into three types based on the nature of the belief variable,
including continuous models with real-valued variables (e.g., 𝑥𝑖(𝑡) ∈ [0, 1]), discrete models with limited
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candidates (e.g., 𝑥𝑖(𝑡) ∈ {0, 1}), and probabilistic inference models that account for uncertainty (Dong et al.,
2018). These models are generally represented by the following framework,

𝐗(𝑡 + 1) =  (𝐗(𝑡), 𝑡) × 𝐗(𝑡), 𝑡 = 0, 1, 2,… , (8)

where  (𝐗(𝑡), 𝑡) represents the general form of the weight matrix 𝐖
| |×| |

, with elements that are either508

constants (DeGroot, 1974; Deffuant et al., 2001) or functions of 𝐗(𝑡) or 𝑡 (Hegselmann et al., 2002). Each509

element 𝑤𝑖𝑗 indicates the trust and weight of individual 𝑖 places on individual 𝑗’s belief, constrained by510

0 ⩽ 𝑤𝑖𝑗 ⩽ 1 and ∑

𝑗∈ 𝑤𝑖𝑗 = 1. These weights are influenced by several factors, including confidence,511

influence ability, and dependence. Furthermore, through the weight matrix 𝐖, individuals can interact with512

varying numbers of others to update their beliefs, such as engaging with one neighbor, all neighbors, or a513

subset of individuals with specific characteristics.514

6.2. Update rules for continuous opinions515

Continuous opinions, represented by real-valued variables ℝ| |, typically fall within intervals like
𝑥𝑖(𝑡) ∈ [0, 1] and 𝑥𝑖(𝑡) ∈ [−1, 1]. Periodic boundary conditions can also be applied to signify the same
meaning of extremes within the interval (Baumann et al., 2021). The DeGroot model (DeGroot, 1974)
is a classical linear combination model where individuals update their beliefs 𝑥𝑖(𝑡) by taking a weighted
average of the opinions of their connected neighbors, 𝑥𝑖(𝑡 + 1) =

∑

𝑗∈ ,𝑎𝑖𝑗≠0𝑤𝑖𝑗𝑥𝑗(𝑡), 𝑡 = 0, 1,… . In this
model, individuals constantly and unconditionally trust their neighbors, leading to the fixed weights 𝑤𝑖𝑗

between individuals. The sufficient and necessary condition for reaching a consensus has been explored
by DeGroot (1974). The Friedkin-Johnsen (FJ) model (Friedkin and Johnsen, 1990) extends the DeGroot
model by introducing individual self-confidence 𝛼𝑖

𝑥𝑖(𝑡 + 1) = 𝛼𝑖𝑥𝑖(0) +
(

1 − 𝛼𝑖
)

∑

𝑗∈ ,𝑗≠𝑖
𝑤𝑖𝑗𝑥𝑗(𝑡). (9)

where individuals can adhere to their initial belief with 𝛼𝑖 ∈ [0, 1] and accept opinions from others with516

1 − 𝛼𝑖. An extended version with varying weights (Hegselmann et al., 2002) has been developed to reflect517

evolving influence. The system’s equilibrium equation is expressed as 𝐗(∞) = Γ𝐗(0) + (𝐈 − Γ)𝐖𝐗(∞),518

where 𝐼 is the identity matrix and Γ = 𝑑𝑖𝑎𝑔(𝛼𝑖) is the diagonal matrix of self-confidence. Stability and519

convergence of the FJ model are discussed in (Parsegov et al., 2017). Through observing 1288 individuals’520

behavior, (Friedkin and Bullo, 2017) investigates how truth prevails in a group of independent individuals521

when the influence of each statement is based on its truthfulness.522

Since individuals on social media encounter several relevant statements simultaneously, researchers
investigate if these statements follow a shared logic constraint structure. For example, Statements B and
C become true if Statement A is true, forming a belief system. To describe how | | individuals update their
beliefs on 𝑚 ≥ 2 inter-dependent statements within the same logic constraint structure, a method (Friedkin
et al., 2016) was developed,

𝐗 (𝑡 + 1) = Γ𝐗 (0) + (𝐈 − Γ)𝐖𝐗 (𝑡)𝐂𝑇 , (10)
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where 𝐖
| |×| |

is the weight matrix, Γ = 𝑑𝑖𝑎𝑔(𝑤𝑖𝑖) indicates self-confidence, and (𝐈 − Γ) reflects openness523

to interpersonal influences. 𝐗
| |×𝑚 represents belief certainty on 𝑚 statements from | | individuals, with524

𝑥𝑖𝑗 ranging in [0, 1]. 𝐂𝑚×𝑚 describes inter-dependencies between 𝑚 statements. Analyzing three relevant525

statements involved in a political decision (Friedkin et al., 2016) revealed the critical role of statement inter-526

dependency in complex interpersonal influence networks. Moreover, a multidimensional FJ model (Parsegov527

et al., 2017) was developed to generate belief systems from interpersonal influences networks, with detailed528

mathematical discussion and analysis of the matrix of multi-issues dependence structure 𝐂 ∈ ℝ𝑚×𝑚. The529

logic matrix was also introduced to multidimensional DeGroot models (Ye et al., 2019) to explore its impact530

on consensus reaching.531

A special case of the DeGroot model is the bounded confidence (BC) model, where individuals only
trust neighbors within a confidence set  (𝑖,𝐗(𝑡)) =

{

𝑗 ∣ ||
|

𝑥𝑖(𝑡) − 𝑥𝑗(𝑡)
|

|

|

≤ 𝜀, 𝑎𝑖𝑗 ≠ 0
}

(Li et al., 2022).
Here, the given bounded confidence 𝜀 that considers the psychological factor determines communication
and information exchange. The BC model is homogeneous with uniform 𝜀 values and heterogeneous
otherwise. The typical BC models include the Deffuant–Weisbuch (DW) model (Deffuant et al., 2001) and
the Hegselmann–Krause (HK) model (Hegselmann et al., 2002). In the DW model, opinions are updated
by 𝑥𝑖(𝑡 + 1) = 𝑥𝑖(𝑡) + 𝜇

(

𝑥𝑗(𝑡) − 𝑥𝑖(𝑡)
) if 𝑗 ∈  (𝑖,𝐗(𝑡)), where 𝜇 ∈ [0, 0.5] controls convergence towards

another one (Sîrbu et al., 2017). In the HK model, opinions are updated by

𝑥𝑖(𝑡 + 1) =
∑

𝑗∈(𝑖,𝐗(𝑡))
𝑤𝑖𝑗𝑥𝑗(𝑡), 𝑡 = 0, 1,… , (11)

and the weight is determined by

𝑤𝑖𝑗(𝑡) =

{

1∕ | (𝑖,𝐗(𝑡))| , 𝑗 ∈  (𝑖,𝐗(𝑡))
0, 𝑗 ∉  (𝑖,𝐗(𝑡))

. (12)

Notably, the DW model involves asynchronous communication with randomly selected pairs, while the532

HK model features synchronous communication among all individuals in the confidence set  (𝑖,𝐗(𝑡)).533

Hence, they suitably model pairwise interaction and group meetings (Castellano et al., 2009), respectively.534

The bounded confidence 𝜀 plays a crucial role in the final stage state for both models (Castellano et al.,535

2009). With a sufficiently large 𝜀 > 𝜀𝑐 , individuals tend to reach consensus, while smaller values may536

lead to polarization or fragmentation. The number of opinion clusters 𝑛𝑐 at the final stage is approximately537

1∕(2𝜀), as determined by Monte Carlo simulations. Further insights into parameter impacts, extensions, and538

applications in diverse contexts can be found in (Lorenz, 2007; Hickok et al., 2022).539

Theoretical physicists have developed various models to describe the updating of individuals’ opinions
and group behaviors. For example, the Vicsek model (Vicsek et al., 1995), akin to the DeGroot model, was
proposed in the context of flocking where individuals update their beliefs based on their neighbors’ average
state, which reveals collective motion without centralized control. Moreover, inspired by the Kuramoto
model, the opinion changing rate model (Pluchino et al., 2005), was developed to capture individuals’
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inclination to change opinions,

𝑑𝑥𝑖(𝑡)∕𝑑𝑡 = 𝜔𝑖 +
𝐾
| |

∑

𝑗∈
𝑎𝑖𝑗 sin

(

𝑥𝑗 − 𝑥𝑖
)

𝑒−𝛾|𝑥𝑗−𝑥𝑖|, (13)

where 𝑥 ∈ (−∞,+∞), 𝜔𝑖 indicates the natural opinion changing rate (intrinsic inclination), 𝐾 ≥ 0540

indicates the global coupling strength, similar to weight, and the exponential factor makes individuals can541

only influence each other when the difference is within a certain threshold, akin to the BC model. The542

impacts of parameters, such as 𝐾 , on the consensus have been also explored in real social systems (Pluchino543

et al., 2005). A similar model was developed (Baumann et al., 2021) to consider multidimensional topics,544

𝑑𝑥𝑖∕𝑑𝑡 = −𝑥𝑖 +
∑

𝑗∈ 𝑎𝑖𝑗 tanh(𝛽𝑥𝑗), where 𝛽 indicates controversy of opinion and the sensibility to the545

opinions of acquaintances. The usage of trigonometric functions enables the opinions to saturate to ±1.546

The game theoretic approach is also useful to update individuals’ beliefs in online social networks (Meng547

et al., 2023). For example, the asynchronous HK model is analyzed with the game-theoretic approach (Ete-548

sami and Başar, 2015), thereby providing a necessary condition for the finite termination time of the evolution549

to advance the analysis of the HK model. In the evolutionary game, beliefs can be updated by comparing550

payoffs with neighbors when connected individuals benefit when they have the same opinion, and pay551

a cost otherwise (Yang, 2016). An optimal ratio of cost to benefit has been found to cause the shortest552

consensus time. An incomplete information estimation method based on interaction indicators in cooperative553

evolutionary games has also been proposed (Liu et al., 2021a), which models the interaction between negative554

synergy, positive synergy, and independence. There are still several commonly used approaches/information555

combined with classical models (Jia et al., 2015), such as social power and the information accumulation556

system model.557

6.3. Update rules for discrete opinions558

In the simplest scenario, there is a limited number of candidates of individuals’ beliefs. For example,559

people usually need to choose between two options in real life, which can be described by the binary state560

𝑥𝑖(𝑡) = 0, 1,∀𝑖, 𝑡. The Sznajd model, a variant of the spin model, was first applied to model belief updating in561

a one-dimensional case (Sznajd-Weron and Sznajd, 2000). This model assumes that a group of individuals562

with the same belief has a larger impact on neighbors than a single individual – conformity, which is based563

on a simple concept "United we Stand, Divided we Fall". Notably, conformity increases with the influential564

ability of the group, but the more significant factor is unanimity. Other types of social influence (Frey and565

Van de Rijt, 2021) related to belief updating, such as anti-conformity and independence, can be also explained566

by social pressure. It has been found that the steady state of convergence depends on the initial distribution567

of beliefs. Recently, this model has been extended in different ways, and more information on the Sznajd568

model can be found in the review (Sznajd-Weron et al., 2021).569

The voter model describes the binary choices of individuals distributed on the regular lattice (Holley
and Liggett, 1975). In this linear model, individuals randomly select a neighbor and blindly imitate their
views 𝑥𝑖(𝑡 + 1) = 𝑥𝑗(𝑡). Therefore, the imitation of each individual is only related to one neighbor, where
the group does not have a direct influence. In any 𝑑-dimensional hyper-cubic lattice system, there are only
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two types of possible consensus states, and the probability of reaching each consensus is determined by the
initial distribution of opinions. Its extensions have been developed to consider different cases. For example,
a nonlinear voter model (Yang et al., 2012) was proposed where individuals adopt a neighbor’s belief (+1)
by a power function with adjustable parameter 𝜖,

𝑝+ =
𝑛𝜖+

𝑛𝜖+ + 𝑛𝜖−
, (14)

where 𝑛+ (𝑛−) is the number of individuals who hold opinion +1 (−1) among the selected individual and its570

neighbors. They determined the optimal value of 𝜖 to obtain the fastest consensus in networks with different571

types of topology. More information about the voter model can be found in the review (Redner, 2019). In572

society, some individuals tend to follow the majority opinion, which can be modeled by the majority rule573

model. The final state in this model depends on the size of the selected group in each step. More information574

can be found in the review (Galam, 2008).575

The social impact theory (Latané, 1981) was developed to model the impact of a group of individuals on
the belief of a single individual, which depends on three factors: group size, personal strength, and interaction
distance. Specifically, the personal strength is determined by its persuasiveness 𝐼𝑝 and supportiveness 𝐼𝑠,

𝐼𝑖(𝑡) = 𝐼𝑝

(

∑

𝑗

𝑓 (𝑝𝑖)
𝑔(𝑑𝑖𝑗)

(

1 − 𝑥𝑖(𝑡)𝑥𝑗(𝑡)
)

)

− 𝐼𝑠

(

∑

𝑗

𝑓 (𝑠𝑖)
𝑔(𝑑𝑖𝑗)

(

1 + 𝑥𝑖(𝑡)𝑥𝑗(𝑡)
)

)

, (15)

where 𝑑𝑖𝑗 is the shortest distance between any pair of individuals, and 𝑓 (⋅) and 𝑔(⋅) are the strength576

scaling function and a decreasing function, respectively. The belief can be updated by, 𝑥𝑖(𝑡 + 1) =577

−sign (𝑥𝑖(𝑡)𝐼𝑖(𝑡) + ℎ
), where ℎ indicates the noise. It has been found that spatially localized clusters can578

be caused by the social learning theory in the application of several types of networks.579

Another typical model is the Ising model (Ising, 1925), which has been widely applied to update
beliefs (Korbel et al., 2023). The total energy of interactions between individuals is described by

𝐸 = −𝐽
∑

𝑖,𝑗∈
𝑥𝑖𝑥𝑗 −𝐻

∑

𝑖∈
𝑥𝑖, (16)

where 𝐽 and 𝐻 represent the global interaction weight and external information, respectively. The first term580

indicates the degree of conflict of opinion between any two individuals and the second term indicates the581

relationship between each individual’s opinion and the external environment. When individuals have the582

same beliefs as each other and the external field, the energy will be minimized.583

Based on the kinetic exchange, individuals can update their beliefs 𝑥𝑖(𝑡 + 1) = 𝛼𝑖𝑥𝑖(𝑡) +𝑤𝑖𝑗𝑥𝑗(𝑡) based584

on the degree of conviction 𝛼𝑖 and the interaction with others 𝑤𝑖𝑗 (Biswas et al., 2012), which is similar585

to the FJ model in the continuous form. In this model, any pair of individuals can exchange beliefs due to586

the limitation of the mean field, resulting in the nonequilibrium continuous phase transition between phases587

with and without consensus.588
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Furthermore, when a finite set of experts is asked to evaluate a finite set of alternatives, the preferences589

of individuals can be aggregated into a group belief that expresses collective preferences through several590

rounds of discussion, resulting in an appropriate number of solutions for a specific problem (García-Zamora591

et al., 2022; Meng et al., 2024; Tang and Liao, 2021; Shen et al., 2024). However, this group decision-592

making process differs from the previously discussed scenario, where the focus was on individual opinion593

interactions and updating, leading to individual decision-making within a social network. Here, the goal594

of group decision-making is for experts to reach a consensus through iterative group discussion. In the595

consensus-reaching process (CRP), experts iteratively exchange opinions about a specific event, adjusting596

their initial views to increase group consensus (Liang et al., 2024; Zhang and Li, 2023). The CRP usually597

involves four steps (Palomares et al., 2014), including opinion collection, consensus measurement, consensus598

control, and feedback generation. However, when a large number of experts with diverse opinions are599

involved in large-scale group decision-making (LSGDM), the process becomes more complex, especially600

in aggregating experts’ opinions (García-Zamora et al., 2022). This necessitates additional steps, such as601

dimension reduction, behavior and cost management, and social network analysis. Various technologies have602

been incorporated into LSGDM to address various scenarios. For example, Wang et al. (2024b) applied the603

quantum theory to aggregate trust among individuals and developed a trust screening rule and a leadership604

incubation mechanism to enhance CRP. Similarly, Liu et al. (2021a) used the Shapley function and interaction605

indicator from cooperative game theory to estimate incomplete information about interaction features. Using606

the social influence network generated from this estimated information, experts exchange their opinions and607

eventually reach a consensus, leading to more reliable decision-making outcomes. Furthermore, Li et al.608

(2022) analyzed CRP based on the Manhattan distance and developed a feedback mechanism to adjust609

experts’ beliefs slightly when consensus is elusive. Their study explored the impacts of self-confidence610

and bounded confidence on CRP, demonstrating effectiveness through numerical simulations. Despite these611

advancements, several challenges remain, such as managing conflicts, reducing the high costs of consensus-612

reaching, and selecting appropriate LSGDM models. Further details about LSGDM can be found in (García-613

Zamora et al., 2022; Tang and Liao, 2021).614

6.4. Probabilistic inference615

Individuals’ initial opinions can be updated by communicating and receiving information/beliefs from
others, thereby updating their opinions. This is similar to Bayesian models that use Bayes rules to estimate
unknowns through priors and new information (Acemoglu and Ozdaglar, 2011; McCoy and Prelec, 2024).
In detail, individuals have prior information 𝑃 (𝜃) about state 𝜃 ∈ Θ. After receiving information 𝑠 ∈ 𝑆 from
their socially connected neighbors, they can combine new information 𝑠 to update their prior beliefs based
on the Bayesian model,

𝑃 (𝜃|𝑠) =
𝑃 (𝑠|𝜃)𝑃 (𝜃)

𝑃 (𝑠)
. (17)

However, it leads to two requirements for individuals:616
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• Have a complete set of prior: It is difficult to achieve both in practice and mathematics for large Θ due617

to the lack of prior knowledge and zero probability, respectively.618

• Know the conditional probability 𝑃 (𝑠|𝜃) well: It strictly requires individuals to possess sufficient and619

reliable knowledge.620

It has been applied to explore the relationship between Bayesian approaches and human rationality and621

study the effects of payments for ecosystem services on land-use decision-making (Sun and Müller, 2013).622

Different types of information are learned by Bayesian models, including the observation of others’ actions623

– Bayesian observational learning, or communication – Bayesian communication learning.624

In Bayesian observational learning, individuals make sequential decisions in the social network. Their
decisions and actions are made based on historical behaviors and private signals (Lee, 1993), assuming all
historical behaviors are observable. Here, the payoff 𝑢𝑖 of agent 𝑖 is defined as

𝑢𝑖(𝑥𝑖, 𝜃) =

{

1, if 𝑥𝑖 = 𝜃
0, if 𝑥𝑖 ≠ 𝜃

, (18)

where decision 𝑥𝑖 and the underlying state 𝜃 of individual 𝑖 are binary {0, 1}. In this process, individuals625

can receive signals and observe past neighbor behaviors to determine their behaviors. Several models have626

been developed to update individuals’ opinions based on the observation. For example, Fang et al. (2020)627

proposed a Bayesian social learning model, showing faster learning than individual Bayesian learning with628

theoretical support.629

Bayesian communication learning allows individuals to learn from communication with others, yet
selfish interests often hinder information sharing due to (1) lack of common interests and (2) time-consuming
communication (Acemoglu and Ozdaglar, 2011), which has been widely applied in markets (Acemoglu and
Ozdaglar, 2011). Payoff is defined by,

𝑢𝑖(𝑥𝑖, 𝜃) =

{

𝛿𝜏𝜋, if 𝑥𝑖(𝜏) = 𝜃 and 𝑥𝑖(𝑡) = ’Wait’ for 𝑡 < 𝜏
0, otherwise , (19)

where 𝜃 is binary and 𝑥𝑖(𝑡) ∈ {0, 1, ’Wait’}. 𝜋 is the payoff from the correct decision and 𝛿 indicates the630

discount factor. Due to the complex signal conversion process, wrong signals lead to cognitive bias, such as631

confirmation bias, where individuals misinterpret new information as supporting their existing hypothesis.632

In addition, senders need to correctly express the belief, and receivers need to correctly receive the signal.633

A Bayesian decision-making model that captures this process (Rabin and Schrag, 1999) shows individuals634

may believe false opinions even though they can receive an infinite amount of new information.635

Dempster–Shafer theory, a generalization of the Bayesian theory (Shafer, 1976; Liu et al., 2023), has
been applied to update individuals’ opinions through the perspective of decision-making (Wen et al., 2024b).
In this approach, individuals’ decision is binary, represented by the frame of discernment Θ = {0, 1}, and
individuals’ belief belongs to the power set 2Θ = {∅, {0}, {1},Θ}. The basic probability assignment (BPA)
𝑚(⋅) indicates the belief assigned to elements in the power set, that is, the probability to support 𝑚(1), refuse
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𝑚(0), or not yet made the decision 𝑚(Θ), satisfying 𝑚 ∶ 2Θ → [0, 1], 𝑚(∅) = 0,
∑

𝐴∈2Θ 𝑚(𝐴) = 1, The belief
can be updated by combining 𝑚𝑖 and other individuals’ belief 𝑚𝑜,

𝑚′
𝑖(𝐴) =

∑

𝐵∩𝐶=𝐴𝑚𝑖(𝐵) ⋅ 𝑚𝑜(𝐶)
1 −

∑

𝐵∩𝐶=∅𝑚𝑖(𝐵) ⋅ 𝑚𝑜(𝐶)
, for 𝐴,𝐵, 𝐶 ∈ 2Θ, (20)

where the numerator represents the agreement of BPA, and the denominator is a normalization factor. It636

has been applied to investigate whether people have decided to vaccinate or not, or have not yet made a637

decision (Xia and Liu, 2014). The socially influenced vaccination decision-making process (Ni et al., 2021)638

has been further explored in the vaccination context by the recursive evidential reasoning approach, where the639

social influence is incorporated into the information aggregation process. Moreover, the BPA is exploited640

to define the organizational influence, thereby affecting the aggregation process of information in social641

networks (Liu et al., 2021b).642

7. Decision-making and group decision behaviors643

In the decision-making process, the final step (Part 5 of the framework) entails the actual implementation644

of a decision, which can be viewed as the outcome of the belief updating process. Decision-making informs645

which behavior should be adopted, and behavior change is the practical manifestation of the decision.646

This process involves consideration of several aspects. Specifically, when faced with an event, individuals647

assess whether to engage in certain behaviors based on the perceived costs and benefits (Rosenstock, 1966).648

Furthermore, individuals adjust their behaviors according to whether their current beliefs align with their649

psychological expectations and cognition thresholds (Martins, 2008; Baker et al., 2022), which are unique650

for each individual. In addition, these changes are influenced by societal factors, including the behaviors of651

peers, which can significantly affect individual decisions (Bandura and Walters, 1977). For instance, when652

deciding whether to vaccinate during a pandemic, individuals must weigh the benefits – such as reduced653

infectivity – against the risks – such as vaccine safety. They also consider their own professional knowledge,654

psychological expectations, and the vaccination decisions (decided to take vaccination or not or event have655

not decided) of colleagues and friends. This multifaceted decision-making process has been the subject of656

extensive research across various disciplines (Bossaerts and Murawski, 2015; Frederiks et al., 2015; Tang657

et al., 2021), including psychology, neuroscience, behavioral economics, and sociology. A brief overview of658

key studies in these fields will be provided below.659

It has been found that beliefs and behaviors exhibit coordinated consistency. Cognitive science research660

indicates when individuals’ behavior is inconsistent with their beliefs, they will experience psychological661

discomfort, known as cognitive dissonance (Gawronski, 2012). In order to alleviate this discomfort,662

individuals may adjust their beliefs or behaviors to achieve consistency. This point was further emphasized663

in behavioral economics, with concepts such as ‘nudges’ and ‘choice architecture’ highlighting how small664

changes in the environment can lead to significant shifts in behavior, often occurring unconsciously (Johnson665

et al., 2012). However, whether the changes are intentional or unintentional, they all suggest a tendency for666

beliefs and behaviors to align.667
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Moreover, traditional utility theory assumes utility maximization for rational decision-making (Stigler,668

1950). However, behavioral economics acknowledges the existence of cognitive biases, leading to deviations669

from strict rationality. Therefore, individuals frequently make decisions that are deemed adequate rather670

than optimizing, a concept attributed to bounded rationality, initially introduced by Simon (1997). Bounded671

rationality acknowledges the constraints imposed by limited time and cognitive resources, prompting the672

utilization of heuristics and satisfying strategies in the decision-making process. This aligns with principles673

of prospect theory (Kahneman and Tversky, 1979), which asserts that individuals assess potential decision674

outcomes by considering perceived gains and losses relative to a reference point. In addition, the conceptual675

framework of belief boundaries that indicate the thresholds or limits present within an individual’s belief676

system has been developed by psychologists to analyze human decision-making behavior within belief677

systems (Baker et al., 2022). Multiple quantitative models have been developed to depict this transformation.678

For example, the continuous opinion and discrete action model is a commonly applied model to analyze679

the action change in the decision-making process (Zhan et al., 2021; Martins, 2008), where individuals’680

perspectives on specific issues or topics are quantified as continuous variables but actions change when681

opinions cross a threshold. It has been a valuable framework for comprehending the interplay between682

continuous opinion dynamics in social networks and discrete actions. In the context of decision-making,683

behavioral changes are influenced not only by intrinsic individual factors but also by social factors such as684

social norms, peer influence, and cultural context (Wolske et al., 2020). Understanding how these social685

factors impact individuals’ decision-making behaviors and even behavioral changes attracted researchers686

from different fields (Wen and Cheong, 2024; Tang et al., 2021, 2020), and two competing hypotheses have687

been posited (Centola and Macy, 2007).688

• The spread of behavior can be treated as a contagion, like diseases, rendering small-world networks689

to be more effective in promoting the diffusion of behaviors due to the close connection.690

• Social behavior requires reinforcement, not similar to simple contagion. Hence, multiple exposures are691

needed for individuals to adopt a behavior, resulting in the effectiveness of clustered networks with692

redundant ties.693

Furthermore, behavior scientists suggested that there are two types of variables to determine the change694

the health behavior in the health belief model (Rosenstock, 1966): (1) the psychological state of readiness695

that the individual takes a specific behavior and (2) the extent to which this behavior is believed to be696

conducive to reducing the threat. Neuroscientists have demonstrated the extraordinary capacity of the human697

brain – neural plasticity, which implies that alterations in behavior, cognition, and experiences can lead to698

structural and functional changes within the brain. Furthermore, the mechanisms by which the brain acquires,699

stores, and retrieves information, encompassing processes like learning and memory, provide valuable700

insights into understanding behavioral changes (Foerde and Shohamy, 2011). For instance, it allows us to701

comprehend how behaviors are learned, reinforced, and transformed over time. Additionally, neuroscientists702

have posited the brain’s reward system, involving the release of neurotransmitters such as dopamine, as703

playing a paramount role in incentivizing and reinforcing behaviors (Sanfey, 2007).704
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Behavior can be also learned through observing and imitating others, a process known as "model-705

ing" (Bandura and Walters, 1977; Brady et al., 2021). When individuals observe others achieving positive706

outcomes from certain behaviors, they may be more inclined to adopt those behaviors themselves. This707

can influence the formation and updating of beliefs, leading to similar decision-making. As discussed708

earlier, the influence on information diffusion and belief updating can potentially result in behavioral709

consistency (Young, 2009). However, this research primarily focuses on the iterative process of individual710

belief formation and decision-making under social influence at a population level. The absorption of711

knowledge from the social environment is also considered a spontaneous action by individuals. Whether this712

spontaneity arises from personal awareness or societal influence, it serves as a driving force behind individual713

behavioral changes and actions (Heimlich and Ardoin, 2008). Overall, understanding action change is a714

pivotal step within the overarching framework, which requires an in-depth exploration of the impact of715

cognitive, emotional, and social factors.716

8. Applications in various fields717

As individuals constantly interact with others within complex social systems, their opinions and718

behaviors evolve. These interactions give rise to collective dynamics, which help explain various social719

phenomena. Such collective behaviors have been studied and applied in a range of contexts to gain a better720

understanding of social opinion dynamics and group decision behaviors (Thuy and Benoit, 2024; Wen et al.,721

2025). For example:722

• Online social media: The dissemination of fake news is considered one of the most pressing723

and threatening issues (Friedkin and Bullo, 2017), thus, its application in fake news is reviewed.724

Additionally, its applications in sentiment analysis and community structure detection are reviewed.725

• Political election: Users are always interested in political discourse and political elections, especially726

the echo chambers and polarization during the U.S. presidential campaign and Brexit (de Arruda et al.,727

2022; Del Vicario et al., 2017). Therefore, its applications in political elections are reviewed.728

• Epidemic and vaccination: Individuals’ attitudes toward vaccination during the epidemic can be easily729

affected by other individuals (Ni et al., 2021; Xia and Liu, 2014). Hence, some works to explore the730

change in the attitude to vaccination are reviewed.731

• Business decision-making: It has been applied to finance and business decision-making to study its732

impact on corporate interests and consumer services (Sun and Müller, 2013; Kwan et al., 2024; Chao733

et al., 2021).734

More details about applications are summarized in Table 3.735

9. Concluding remarks736

With the rapid advancement of the Internet and communication technologies, individuals’ activities on737

social platforms have become more frequent and influential, affecting how beliefs are updated and decisions738
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Table 3
A brief summary of real-world applications of social network group decision-making models.

Field Application Ref.

Online social media
Misinformation & Fake news propagation (Liu and Rong, 2022; Friedkin and Bullo, 2017)

Network & Community generation (Korbel et al., 2023; Peng et al., 2023)
Dynamic sentiments analysis (Del Vicario et al., 2017; El-Diraby et al., 2019)

Political election
Echo chambers emergence & Political polarization (Wang et al., 2020b; de Arruda et al., 2022)

Impact of topic and sentiment (Del Vicario et al., 2017; Zhu et al., 2020)
Victory of the minority candidate (Biswas and Sen, 2017; Biswas et al., 2021)

Epidemic Vaccination hesitancy (Ni et al., 2021; Xia and Liu, 2014)
Impact of opinion from social media (Du et al., 2021; Teslya et al., 2022)

Decision-making Group decision-making (Wang et al., 2024b; Li et al., 2022)
Market & Business assessment (Chao et al., 2021; Tong and Zhu, 2023)

are made. Decision-making is no longer a solitary process but rather a complex, multi-step process shaped by739

continuous interactions with others. As individuals engage in these interactions, human beliefs are influenced740

by a wide range of factors, including personal characteristics such as knowledge and cognitive biases, social741

dynamics involving expert opinions and familial advice, environmental influences like social norms and742

peer pressure, and situational elements such as perceived risks and benefits. These multidimensional factors743

continuously affect decision-making, not only at an individual level, but also at the organizational and social744

community levels. As a result, understanding how humans make decisions within the context of social745

networks has become increasingly important.746

In this paper, we examine the entire process from the formation of initial beliefs to final decision-747

making in social networks. By reviewing and synthesizing relevant studies, this work provides valuable748

insights for researchers studying these dynamic decision-making processes. Section 2 lays the foundation749

by outlining the basic concepts of network systems, highlighting both classic network types and their local750

and global characteristics. As described in Section 3, when individuals encounter specific problems, various751

factors influence the formation of initial beliefs. This section also discusses the development of MCDM752

models, which allow for the comprehensive consideration of these various influences. Since individuals753

are part of networks, their beliefs are shaped by interactions with others, as discussed in Section 4, which754

reviews methods for determining weights based on the local topology of networks and the divergence of755

individual beliefs. Section 5 and Section 6 provide detailed reviews of information diffusion models and756

opinion dynamics models, respectively, illustrating how beliefs evolve over time. After that, individuals will757

make decisions and take actions for specific events based on their updated beliefs (Section 7). These choices758

not only affect the current situation but also feed into their initial beliefs for future similar events. Finally,759

real-world applications in several fields are summarized in Section 8 to demonstrate the practical implications760

of the holistic framework developed in the paper.761

This paper contributes to knowledge beyond a comprehensive literature review by developing a holistic762

framework that provides valuable, in-depth insights into social network group decision-making. The frame-763

work covers key processes such as belief formation, diffusion, updating, opinion dynamics and decision-764

making. It shifts the focus from viewing individuals as isolated decision-makers to seeing them within765

the broader context of social networks, where beliefs are continuously shaped by group interactions. This766
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research paves the way for future studies to move beyond examining decision-making as a series of isolated767

steps. By adopting the perspective of decision-making within social networks, scholars can explore how768

individual beliefs are influenced by group dynamics and the overall network characteristics. Furthermore,769

this integrated approach holds great potential for advancing interdisciplinary research. By bridging decision770

science, operational research, and social network analysis, future studies can develop more robust models that771

reflect the complexity of real-world decision-making environments. Practical applications in domains such772

as public policy making, organizational behavior, and even technological innovation can be greatly enhanced773

through this holistic framework, enabling more informed decisions in increasingly interconnected and774

information-rich societies. Therefore, this study lays the foundation for further exploration and development775

of models that consider both interactions between individuals and the broader social structures in which they776

operate.777

A spectrum of interesting and challenging problems are worth further research:778

1. Overall framework: Most of the existing works mainly focus on specific problems but ignore the overall779

framework, which is significant for analyzing collective behaviors in social networks. Therefore,780

establishing effective and reasonable frameworks to fully consider the process from initial belief781

establishment to final decision-making is inevitable for future research in this field.782

2. Large-scale group decision-making and opinion dynamics: With the popularity of the Internet and783

mobile devices, the scale of network systems is growing explosively in the real world. Individuals784

are affected by more and more factors and people on the Internet, making decision-making very785

complicated. Therefore, it has become urgent to propose realistic and novel methods to model large-786

scale group decision-making and opinion dynamics efficiently.787

3. Expression of beliefs under uncertainty: The way individuals express their opinions or beliefs about788

events is usually expressed as discrete or continuous values, which often ignores the uncertainty they789

face in unfamiliar events. However, how to include uncertainty while expressing cognitive tendencies790

is very important to collective behavior, which is conducive to determining the weight and trust of791

information sources during complicated interactions.792

4. Information diffusion: The current research in information diffusion systems primarily focuses on793

the enhancement of propagation models. However, within the framework based on belief formation794

and updating, the influence of individual attributes within the network can be seamlessly integrated795

into the information diffusion process, such as personal psychology and emotions. This integration796

will enhance the alignment of research with real-world scenarios, thereby providing a more effective797

foundation for predictive or intervention measures during implementation.798

5. Wider applications: Understanding the entire process of belief formation, decision-making, and its799

integrated development can assist various stakeholders in gaining a comprehensive understanding800

of the characteristics and decision-making habits of their target audience. Furthermore, the entire801

framework can be traced through various stages, enabling continuous applications and capturing its802

dynamic evolution, rather than focusing solely on static outcomes.803
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