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Abstract: Online social networks (OSNs) have steadily become the primary mechanism of product
promotion. However, previous studies have paid little concern to the irrational consumer behavior
(e.g., overconfidence) and network effects that influence product diffusion in OSNs. We use overconfi-
dence theory, network effects theory, and evolutionary game theory to build a multi-agent simulation
model that captures the nonlinear relationship between individual actions to examine the effects of
overconfidence and network effects on product diffusion in OSNs. We found that (1) overestimation
is profitable for improving the diffusion level of product diffusion in OSNs and maintaining market
stability; however, the closer the degree of overprecision is to 1 (i.e., individuals are more rational),
the more stable the market will be. We also found that (2) moderate network effect intensity can
better promote product diffusion on the social network. When the network effect intensity is small,
the non-overconfident scenario has the highest percentage of adoption. The overprecision scenario
has the highest percentage of adoption where the network effect intensity is high. Additionally, we
found that (3) the scale-free network is more conducive to the diffusion of products in OSNs, while
the small-world network is more susceptible to overconfidence and network effect. This research
laid the groundwork for investigating dynamic consumer behavior utilizing a multi-agent method,
network effects theory, and a psychological theory.

Keywords: evolutionary game; product dissemination; multi-agent simulation; online social networks;
overconfidence theory

1. Introduction

Online social networks (OSNs) have steadily become the primary mechanism of prod-
uct promotion as more people distribute information via online social applications, e.g.,
Instagram, CrowdRise, Twitter, and Facebook [1,2]. Based on this background, OSNs
instead of technical research become the major barrier for companies. Online consumers’
decisions become increasingly irrational and susceptible to the influence of social networks
as communication between consumers becomes fast and frequent [3-6]. In such a circum-
stance, it is of great significance to study the evolution of product diffusion in OSNs from
the perspective of overconfidence and network effects.

Product diffusion in OSNs refers to the dynamic process by which more consumers
buy products in OSNs over time [7]. In essence, macro-level product diffusion arises
from micro-level interactions between individuals in OSNs, making product diffusion
consequences uncertain. Thus, the behavioral decisions of individuals can significantly
influence the outcome of product diffusion in OSNs. When presented with complex
situations, however, humans are prone to irrational tendencies such as loss aversion,
herd behavior, and overconfidence [8]. Among these, the research on overconfidence
is especially significant [5]. Overconfidence is a well-established bias that can lead to
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unrealistic expectations or faulty assessments [9]. The evolution of product spread in OSNs
cannot be completely understood if its effect is neglected.

In addition, scholars have confirmed the existence of network effects in OSNs [6,10].
Social networks provide consumers with convenient information communication channels,
which makes the role of network effects in OSNs increasingly prominent. On the one
hand, adopters have access to a large number of potential adopters, even those they cannot
reach directly in real life. On the other hand, more and more consumers like to share their
shopping experiences on OSNs, which means that users” adoption behavior is relatively
open. This means that neighbors in the “circle” can see whether they have purchased a
particular product. As the number of users who adopt a product increases, their neighbors
also want to adopt the same product. Then, the value and utility of the product to the
users will also increase, which ultimately affects user decision-making. The intensity of
the network effects can be interpreted as the openness of consumer adoption behavior.
The stronger the network effects intensity of OSNss is, the greater the influence of users’
decisions on their neighbors [11-13].

In short, the evolution of product diffusion in OSNs is complex and is influenced by
irrational consumer behavior (such as overconfidence) and network effects. However, most
of the existing research is based on the rational man hypothesis, but ignores the impact
of irrational behavior, and fails to consider the network effects. As a result, conventional
research methodologies are ineffective for exploring the evolution of product diffusion in
OSNSs. Thus, the present study develops a multi-agent simulation model by combining
overconfidence theory, network effects theory, and evolutionary game theory, which cap-
tures the nonlinear relationship between individual behaviors and provides insights for an
in-depth study of the effects of overconfidence and network effects on product diffusion in
OSNSs. In this way, individual fundamental micro-interactions could be properly examined
using evolutionary game theory. The influence of irrational behavior and OSNs could be
set using overconfidence theory and network effects theory, respectively.

We found that overestimation is profitable for improving the diffusion level and
maintaining market stability. However, the closer the degree of overprecisionis to 1 (i.e.,
individuals are more rational), the more stable the market will be. Moderate network
effect intensity can better promote product diffusion on the social network. The small-
world network is more susceptible to overconfidence and network effect. Additionally,
we make two key contributions to theory. First, this study provides a further theoretical
basis for integrating other behavioral theories and complex network theories into the new
product diffusion model. Second, this multi-method study provides a basic framework for
the combination of simulation method and behavior as well as psychology theory to test
dynamic group behavior.

The remainder of this paper is organized as follows: Section 2 presents a literature re-
view on product diffusion, overconfidence theory, network effects, multi-agent simulation,
and game theory. Section 3 builds a simulation model based on evolutionary game theory,
overconfidence theory, and network effects theory to describe individual decision-making
processes. The results of the simulation experiments about the influence of overconfi-
dence scenarios, network effects, and network structures on diffusion are introduced and
analyzed in Section 4, and the conclusions are presented in Section 5.

2. Literature Review
2.1. Product Diffusion in OSNs

The Bass model [14] is a classic model used to study product diffusion, and aims to
model market behavior from the macro-level [15]. It usually assumes that consumers are
independent and have the same preferences, which can reflect the impact of mass word-of-
mouth and interpersonal communication between consumers on product diffusion [16].
However, the Bass model has some limitations in studying product diffusion in OSNs.
First, it can only describe the macro process of product diffusion, and cannot examine
the influence of individual behavior on product diffusion from the micro-level. Secondly,
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existing studies cannot understand the irrational behaviors of consumers and the network
effects of complex OSNSs, thereby lacking a certain predictive and explanatory power [5]. To
describe the dynamic process of product diffusion in OSNs considering irrational behavior
from the micro-level, this paper introduces network effects into the model and studies the
influence of overconfidence and network effects on product diffusion in OSNs by using
evolutionary game theory and the multi-agent model.

2.2. Overconfidence Theory

Overconfidence is a well-established bias and is usually manifested as cognitive bias
behavior in decision makers” decisions [9,17]. Studies have indicated that overconfidence is
very common in economics, mainly in the area of the overconfidence of managers [18-21].
In addition, consumers also tend to be overconfident in the process of consumption. Mal-
mendier and Della Vigna examined a dataset from three U.S. health clubs and suggested
and concluded that inferences based on the rational expectation hypothesis can lead to
biases in the estimation of consumer preferences [22]. Xia and Li analyzed the data from
the 2012 Chinese Survey of Consumer Finance and showed that financial literacy over-
confidence is positively connected with stock market participation [23]. Dowling et al.
investigated the effects of overconfidence on the decision to choose between a pay-per-use
and a flat-rate option and discovered that overconfident consumers underestimate their
actual usage [24]. Overconfidence and game theory have been merged in a few research.
Taking the coevolution of overconfidence and bluffing as fundamental, Li and Wang pro-
vide a simple version of a resource competition game [25]. Xiang and Xu suggested a
two-stage remanufacturing CLSC dynamic model with a manufacturer, an IRP, and a sup-
plier based on differential game theory [26]. Wei et al. developed a multi-agent simulation
model integrating overconfidence and evolutionary games [5]. However, overconfidence
has not been well addressed in the area of product dispersion.

2.3. Network Effects

People desire to satisfy their social demands by boosting interactions with their friends,
and online social networks are vital platforms where individuals share personal data from
their daily lives [1,2]. Scholars have confirmed the existence of network effects in OSNs.
Network effects mean that the benefit of using a good/service increases with the number
of users adopting the same or compatible good/service [27,28]. According to network
effect theory, new users will prefer products with large adopter networks, which makes
the large networks larger [29]. Earlier studies on network effects tended to focus on global
network effects, but in recent years scholars have found that network effects are composed
of local and global network effects. Parker and Van Alstyne [30] developed a formal
model of two-sided network externalities based on network effects to study how firms can
profitably give away free products. Sundquist et al. [31] presented a multi-agent model
of local network effects and showed that the symmetric Bayes-Nash equilibria of this
network game are in monotone strategies. Zhou and Yang [32] proposed a diffusion model
that includes the interactions between network effects and bandwagon effects and found
that the trade-off between local and global network effects is necessary to improve the
diffusion of innovation. Katona et al. [33] studied the diffusion process in an online social
network given the individual connections between members and found two marked effects:
degree effect and clustering effect. Product diffusion in OSNs is inevitably affected by the
network effect of OSNs. However, few studies have applied the network effect theory
to product diffusion in OSNs. Therefore, in this research we investigate the features of
product dissemination in OSNs under local and global network effects.

2.4. Multi-Agent Simulation and Game Theory

Multi-agent simulation has become another typical method of studying product
diffusion in recent years [34]. As a bottom-up modeling method from a micro perspective,
it is well suited to the study of heterogeneous individual agents interacting within a social
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system [35-39]. It explores the macro-level emergence phenomena created by individual
interaction and analyzes the process of individual interaction by creating interaction rules.
However, the multi-agent simulation model’s interaction rules are frequently insufficient
to fully characterize individual interactions. One of the key frameworks for behavioral
decision analysis is game theory [5,40], which could be used to create individual interaction
rules and compensate for multi-agent simulation flaws. At present, some scholars have
combined multi-agent simulation and game theory. Da Silva Rocha and Salomao integrated
them to study the interplay between corporate environmental compliance and enforcement
promoted by the policymaker in a country facing a pollution trap [41]. Shi et al. built
an agent-based model to simulate enterprises’ reactions to multiple policy interventions
aimed at spurring low-carbon technology diffusion, in which enterprises are in a complex
network where they play evolutionary games with their neighbors [42]. Therefore, in this
paper, the evolutionary game model is regarded as the most group unit of individual
decision making, which is embedded into the multi-agent simulation model, and the
inter-individual learning imitation rules are designed to describe the process of individual
interaction changing decision making.

3. Methodology

Product diffusion in OSNs is a process of continuous change and continuous interac-
tive learning among bounded rational consumers, in which individuals adjust their strategy
in purchasing according to their expected utility, neighbor’s strategy, and overconfidence.
In this section we hereby design the conceptual model of product diffusion in OSNs. Firstly,
we made assumptions about products and users. Secondly, we constructed the model of
product diffusion in OSNs. Finally, we described the construction rules of the simulation
model.

3.1. Assumptions

The assumptions of models are vital in simulating the user’s decision-making pro-
cess [43,44]. Therefore, we first need to make assumptions about the consumer and product
in product diffusion in OSNs. This is the basis for modeling the diffusion of product.

1.  Products are abstractions of common features and attributes of the product that
are diffused in OSNs. The unique characteristics of some internet products are
not considered.

2. We only consider the diffusion of one product on the OSNs.

3.  Consumers are assumed to have bounded rationality. They only know the strate-
gies of their neighbors and their ultimate goal in decision-making is to maximize
their interests.

4.  Individual overconfidence leads to bias in expected utility estimation.

5. Some consumers have free-riding behavior and they are punished for it.

3.2. Conceptual Model of Product Diffusion in OSNs
3.2.1. Conceptual Model of Product Diffusion in OSNs Based on Game Theory

The first step of modeling the situation is the definition of the utility function for
each [45]. Product diffusion in OSNs refers to the dynamic process by which more con-
sumers buy products in OSNs over time [7]. Information processing theory states that
bounded rational consumers process the information they receive, make decisions, and
switch between the roles of adopter and rejector (i.e., potential adopter) [46]. Researchers
usually use game theory as a framework for analyzing behavioral decisions [5,40—-42].
Therefore, the interaction between users in product diffusion in OSNs can be repre-
sented by a game matrix as Table 1. In which, b represents the benefits of adopting
the product, ¢ denotes the cost of diffusion this product in OSNs, and d is the loss of the
benefits due to rejection, i.e., penalty. Corresponding to the real scene, we assume that
the benefits of consumers purchasing a product in OSNs are greater than the cost, that is,
b > c; similarly, the loss of the benefits is always smaller than the benefits, thatis, b > 4.
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Assume that in a fixed time step, the percentage of users who choose to adopt the product
is p. According to the dynamic replication method, the expected revenue of the adoption
of product diffusion in OSNs can be expressed as follows:

E,=plb—c)+(1—p)(b—c)=b—c, 1)

Table 1. Game payoff matrix for consumer interaction.

Player 2
Player 1
Adoption Rejection
Adoption b—c, b—c b—c, b—d
Rejection b—d,b—c 0,0

Meanwhile, the expected revenue of rejection is as follows:
E, =p(b—d), @)

If b > ¢ > d are satisfied, the equilibrium result (p*) is 0 < p* < 1. The proof can be
viewed in Appendix A.

3.2.2. Conceptual Model of Product Diffusion in OSNs Considering Network Effects

In addition, network effects also closely relate to the utility obtained in the process of
product diffusion in OSNs [16]. Katz and Shapiro divided the effect of value utility on users’
individual decisions into the expected revenue and the network effects [27]. Therefore, this
paper adds network effects to the calculation of user value utility. Then, the value utility of
user 7 at the timestamp ¢ is as follows:

Ui(t) = E; + Ni(t —1) 3)

where E; represents the expected revenue of user i, N; denotes the network effects of the
online social network.

Under the global network effects, N;_¢jopa(t —1) = h x p, where h represents the
network effects intensity, p is the proportion of adopters. While under the local network
effects, users can only know the decision-making status of their neighbors in the surround-
ing local network. So, we use G;(t — 1) represents the number of neighbor users who adopt
the product at the timestamp t — 1 and d; indicate the degree of user i. So, under the local
network effects, N;_jocqi(t —1) = h x Gi(t —1)/d;.

Then, the value utility of adoption under the global and local network effects at the
timestamp f can be expressed as follows, respectively:

uafglohal(t) =Ei+ Nifglobal(t - 1) =b—c+hxp, 4

Gi(t—1)
di

Rejectors cannot enjoy the network externalities of the online social network. Therefore,

for both types of network effects, the value utility of rejection at the timestamp ¢ can be
expressed as follows:

uaflocal(t) = Ei + Niflocal(t — 1) =b—c+hx (5)

ur—local(t) = ur—local(t) = p(b - d)/ (6)

However, individuals have diverse perceptions of the utility of product dispersion
in a real-world context due to the effect of irrational behavior characteristics such as
overconfidence [5]. Thus, we will combine the overconfidence theory with the evolutionary
game model described above to investigate the impact of customers’ overconfidence on
product dissemination in OSNs.



Sustainability 2022, 14, 6589

6 of 18

3.2.3. Conceptual Model of Product Diffusion in OSNs Considering Overconfidence

In complex situations, people tend to behave irrationally [8,47]. For example, someone
overestimates his or her potential to gain advantages and exaggerates the amount of the
benefit, believing that by purchasing, he or she may obtain more benefits, such as inner
pleasure and social influence [5].

Overestimation and overprecision are two typical types of overconfidence scenar-
ios [5,17]. Overestimation refers to people overestimating their actual performances or
mistakenly believing they are better than others and thinking that they have high expec-
tations for their decision. Overprecision means people have excessive precision in their
beliefs and they believe that they can control the fluctuation range of variables well through
their ability to control the variance well. Based on the above perspective, we considered two
overreaction scenarios on product diffusion in OSNs: overestimation and overprecision,
i.e., the estimation of the expected mean and variance are biased.

1. Overestimation. We defined that k is the degree of overestimation and k = (B; —b) /b,
where B; and b represent the perceived benefit and actual benefits of individuals
adopting the product. The value utility of adoption and rejection under the global
and local network effects at the timestamp ¢ can be expressed as follows, respectively:

Uy—glopal(t) =B —c+hxp=(1+k)b—c+hxp, (7)
Ua,locﬂl(t):Bl—c—i-hxw:(l—i-k)b—c—i—hxw, (8)
Ur—glohal(t) = p(Bl - d) = p[(l +k)b - d], )

Uy —ocar () = p(B1 —d) = p[(1+ k)b —d], (10)

2. Overprecision. We defined B as the degree of overprecision. Additionally, we as-
sume the linear function of each individual’s expected benefit can be expressed by
Bo=b+X=0b+ % x X where B, ~ N(b, %2) B, represents the perceived benefit,
b represents the actual benefits, X is a random disturbance, ¢ is the actual variance,
X is the stabilized random disturbance. The value utility of adoption and rejection
under the global and local network effects at the timestamp t can be expressed as

follows, respectively:

Uu_global(t):Bz—c+hxp:b+%><X—c—|—h><p, 11)
Gi(t—1 Gi(t—1
Ualml(t):Bzc+hxwzb+ngc+hxw, (12)
i i
o
urfglobal(t) =p(Bo—d) =p(b+ B x X —d), (13)
g
urflocul(t) = P(BZ _d) = P(b+ B x X_d)' (14)

3.2.4. The Game Learning Algorithm for Users in the Product Diffusion

Product diffusion emerges from the micro-level interaction between individual con-
sumers [47]. Therefore, it is necessary to design the rules of interaction between consumers.
In OSNSs, given consumers’ bounded rationality, individuals cannot understand the overall
situation and can only acquire knowledge by observing and learning their neighbors’ be-
haviors. The decision of individuals at time ¢ in the model is influenced by the decision
of neighbors at time t — 1, according to the theory of social influence [48]. That is, people
will imitate the neighbor who has the highest utility value. In evolutionary dynamics,
this stochastic process is usually denoted by human interactions, which is mathematically
equivalent to the statistics on the dynamics of spins in a Fermi-Dirac distribution [49].
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In this model, the imitation rule can be denoted by the stochastic process as shown in
Equation (15):

) . 1
P(l%]):m (15)
l+e o

where U is the value utility of an individual, while U; 4y is the largest expected utility of
neighborhoods that have a straight linking with the individual at time ¢ — 1 and calculated
by neighborhoods themselves, and 7 is the information noise.

3.3. Simulation Model with Multi-Agents

In this section, the simulation conceptual model will be implemented in Anylogic 6.5.0,
which is a tool that provides many simulation modeling methods [46]. The simulation
model includes the following three parts: (1) basic multi-agent simulation model; (2) state
transition rules; and (3) model validation.

3.3.1. Basic Multi-Agent Simulation Model

If the multi-agent simulation model is used to imitate the interactive decision-making
process of the consumer group, consumers, shopping settings, and the transformation rules
of consumers’ decision-changing should all be taken into account. Thus, an agent is used to
describe an individual consumer with independent decision-making abilities. A complex
network is used to represent consumers’ consumption environments, and the consumer’s
decision transformation rules can be expressed by functions. The basic model is defined
as follows:

1. O@isthe set of agents. @ = {Agent,, Agent,, ..., Agent,}, where n is the number of
consumers in the network. Each agent is a consumer in the online social network.

2. Z is the decision-making state of the consumer at time t. Z = {Z;, Z,}, where Z;
means purchase and Z, means refusal.

3. Nistheneighborsetof the Agent. N = {Ny, N, ..., N,, }, where N; = { Agent; — Agent,}.
That is, N consists of agents connected to the Agent.

4. P is the set of overconfidence parameters, and P = {k, B}. k is the degree of overesti-
mation, and B is the degree of overprecision.

5.  Fisthe consumer’s decision transfer function, that is, the current state of an individual
is related to the state of itself and its neighbors, overconfidence, and network effects
at the last moment.

6.  tisthe system clock, and t = {t1, tp, ..., t,} is the basis of the simulation system.

3.3.2. State Transition Rules of Multi-Agent Simulation Model

The state transition rules of our multi-agent simulation model are shown in Figure 1.
According to Equation (15), in each time unit ¢, consumers first calculate their own utility
(U;) and find the neighbor with the largest (U, j4x) at time t — 1. Then, consumers compare
them. If U; > U]-, their decision will not change. Otherwise, consumers will calculate
P(i — j) and change their decision by the probability P(i — j). The code for this part can
be viewed in Appendix B.

3.3.3. Model Validation of Multi-Agent Simulation Model

Next, we did internal validation to see if the simulation model was feasible according
to the relevant research results [5,50]. In two sets of scenarios, we evaluated whether this
simulation system with different parameter settings could deliver the required results.
The test time step was set at 100, and each group of parameters was repeated 1000 times.
According to evolutionary game theory, a higher level of cost ¢ will hamper diffusion,
whereas a higher degree of penalty d will encourage consumers to pick - an adoption strat-
egy. For example, in Figure 2a, the adoption rate increases with decreasing adoption costs.
In Figure 2b, consumers will choose to buy the product and the adoption rate will approach
1 over time if the penalty is very large. Figure 2a,b are consistent with the expectation.
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Thus, our simulation model’s internal validity demonstrates that it corresponds to the
actual situation.

Utility
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Figure 1. The state transition rules.
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Figure 2. Internal validation indicates simulation model conformance with the conceptual model.
(a) the adoption rate increases with ¢ decreasing; (b) consumers will choose to buy the product and
the adoption rate will approach 1 over time if d is very large.

4. Simulation Results

We perform sensitivity analysis to investigate the influence of each parameter on prod-
uct dissemination in OSNs by adjusting parameter values in experiments and collecting nu-
merical data under various scenarios. For each scenario, we implemented 1000 replications
to ensure the reliability of the simulation outcomes.

4.1. Experimental System and Default Parameters

Among the complex network types, the most representative ones are random networks,
small-world networks, and scale-free networks. Therefore, we chose these three network
types as the network environment herein. According to the characteristics of the Facebook
network [5], the network construction rules are as follows:

1. The number of agents is at as 400.
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2. For the random network, the node layout is set as a ring type and the number of
agents in the neighborhood of each node (i.e., average degree distribution) is set at 6.

3. For the small-world network, the node layout is set as an arranged type. The average
degree distribution is set at 6, and the reconnection probability of each edge (i.e.,
rewiring probability) is 0.6.

4.  For the scale-free network, the node layout is set at random and the number of large
nodes is 5.

The parameters listed in Table 2 are the default settings of our experimental system.
We assume b = 55, c = 35, and d = 15 to be compatible with the “tit-for-tat” game pattern
in the actual world. To simulate a realistic situation, the initial number of adopters and
potential adopters in the system is set to be equal, i.e.,, p = 0.5. Additionally, n = 0.1 is
used to set the degree of information noise [51,52]. We classified information dissemination
into two scenarios in Section 3.2: overestimation and overprecision. We assume 8 = 1 for
the overestimation scenario, ignoring overprecision. When doing different simulations
to address a new circumstance, we may manually adjust the parameter values for the
overprecision scenario.

Table 2. Default settings of parameters in the experimental system.

No. Parameter Description Default
1 Network-type Type of network Small-world
2 b Value of b in Table 1 55
3 c Value of c in Table 1 35
4 d Value of d in Table 1 15
5 Percentage of users holding

p . 0.5
an adoption strategy
6 n Information noise 0.1
7 3 The overestimation 0
parameter
8 B The overprecision parameter 1
9 h The network effects intensity 100

4.2. Parameters Related to Overconfidence

We ran a series of simulations to see how overestimation affects product dispersion
in OSNs. The overestimate parameter k was set to progressively rise from 0 to 0.8, with a
0.1 step size. The simulation results (Figure 3) demonstrate that k affects the diffusion level
positively. With the gradual increase of k, the evolutionary result gradually changed from
the pattern of rejective dominance (as shown in Figure 3a—c), to the pattern of tit-for-tat
(as shown in Figure 3d-f), and finally to the pattern of cooperative dominant (as shown in
Figure 3g—i). Moreover, the decision-making volatility of consumers gradually changed
from high (as shown in Figure 3a—c) to low (as shown in Figure 3g-i).

This demonstrates that overestimation is beneficial to enhancing product dissemina-
tion in OSNs and sustaining market stability. This conclusion is confirmed in the existing
literature [5], and there are similar related research results in the finance field. Investors
tend to overestimate the value of financial assets and, because of the “ limits of arbitrage”,
this misevaluation is maintained in the short term.
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Figure 3. The influence of overestimation on product diffusion in OSNs. (a) k=0; (b) k=0.1; (c) k= 0.2;
(d) k=0.3;(e) k=0.4; (f) k=0.5; (g) k= 0.6; (h) k =0.7; (i) k= 0.8.

Next, we changed the overprecision parameter § and reran the simulations to see
how it would affect product diffusion in OSNs. As shown in Figure 4, the decision-
making volatility of consumers gets smaller as 3 approaches to 1. As 8 goes from 0.1 to 1,
the volatility of the evolutionary process declines (as shown in Figure 4a—c). When Sis 1,
the variance of the estimated value is closest to the variance of actual value, and consumers
make stable decisions and rational choices (as shown in Figure 4c). Then, as 8 increases from
1 to 10, the volatility increases (as shown in Figure 4d—f). This shows that consumers are
constantly changing their decision-making strategies. In the process of changing decision-
making strategies, consumers doubt the benefits of decision-making, and the proportion of
adoption continues to decline.
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Figure 4. The influence of overprecision on product diffusion in OSNs: (a) =0.1; (b) =0.5; (c) =1,
(d)p=4;(e) p=7;(f) p=10.

This shows that the closer the degree of overprecision is to 1, the more stable the market
will be. That is to say, the closer the estimation of the variance of each consumer’s expected
benefit of buying this product is to the real level (i.e., individuals are more rational), the
more beneficial it is to product diffusion. For example, the live streaming economy prevails,
but the return rate remains high. This is because some anchors with goods will exaggerate
the efficacy of the product, which makes consumers overestimate the benefits of purchasing
the product. However, consumers are disappointed after receiving the goods and return
them. Therefore, anchors with goods should be practical and realistic when describing
products and should not exaggerate too much to avoid consumers changing their purchase
decisions when their expectations are inconsistent with reality.

4.3. Parameters Related to Network Effects

We ran a series of simulations under various overconfidence scenarios to investigate
the impact of network effects intensity on product diffusion in OSNs. The network effects
intensity parameter i was set to increase gradually from 20 to 60 with increments of 20.
The simulation results (Figure 5) show that only moderate intensity of network effects can
promote product diffusion better. The overall trend of adoption ratio change is similar
regardless of the global network effect or local network effect. With the increase of 1, the
adoption ratio increases first and then decreases. This shows that higher network effects
intensity is not the best. Whether it is under global or local network effect, moderate
network effect intensity can better promote product diffusion on the social network.



Sustainability 2022, 14, 6589

12 0f 18

1 1 1
0.9 0.9 0.9
0.8 0.8 0.8
0.7 0.7 0.7
0.6 0.6 0.6
0.5 0.5 0.5
0.4 0.4 0.4
0.3 0.3 0.3
0.2 0.2 0.2
0.1 0.1 0.1
0 0 0
1 10 19 28 37 46 55 64 73 82 91 100 1 10 19 28 37 46 55 64 73 82 91 100 1 10 19 28 37 46 55 64 73 82 91 100
—=— Adopters —— Potential adopters —=— Adopters —— Potential adopters —=— Adopters —— Potential adopters
(a) (b) (c)
1 1 1
0.9 0.9 0.9
0.8 0.8
0.7 0.7
0.6 0.6
0.5 0.5
0.4 0.4
03 0.3
0.2 0.2
0.1 0.1 0.1
0 0 0
L 10 19 28 37 46 55 64 73 82 91 100 1 100 19 28 37 46 55 64 73 82 91 100 1 10 19 28 37 46 55 64 73 8 91 100
—=— Adopters —+— Potential adopters —=— Adopters —— Potential adopters —=— Adopters —— Potential adopters
(d) (e) ()
Figure 5. The influence of the network effects intensity on product diffusion in OSNs: (a) h = 20
under local network effect; (b) & = 40 under local network effect; (c) i1 = 60 under local network effect;
(d) 1 = 20 under global network effect; (e) & = 40 under global network effect; (f) 1 = 60 under global
network effect.

Does the network effects intensity have the same influence under different overconfi-
dence scenarios? To answer this question, we conducted a set of simulations under different
overconfidence scenarios and different network effects intensities. We adjusted parameters
for the evolutionary game: b = 40, ¢ = 20, d = 5. The network effects intensity parameter
h was set to increase gradually from 0 to 100 by increments of 20. The simulation results
(Figure 6) show a similar overall trend that the average adoption rate experienced a brief
increase and then a decline. This corresponds to the previous result.

0.9 0.9
0.8 0.8
- 0.7
R
\ 3
* 0.5
—=— Non-overconfident “'C""“'N —=a— Non-overconfident scenario
0.4 Overestimation scenario o 0.4 Overestimation seenario
—a— Qv Crprecision scenario v —d— Qv CIPI'C&'IbiU[l scenario
0.3 0.3
0 20 40 60 80 100 0 20 40 60 80 100
h h

(a) (b)

Figure 6. The influence of network effects on product diffusion in OSNs under different overconfi-
dence scenarios: (a) global network effect; (b) local network effect.

When & is small, the adoption proportion of the non-overconfidence scenario is the
highest. With the increase of h, the adoption proportion of the overprecision scenario
is highest. Therefore, when the network effects intensity of the social networks is low,
enterprises should try to reduce the degree of consumers’ overconfidence. When it is high,
they should try to improve the consumers’ overprecision but control their overestimation.
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4.4. Parameters Related to Network Structure

To study the effect of network structure on product diffusion in OSNs, we conducted
a set of simulations under different overconfidence scenarios, different intensity of network
effects, and different network structures. We adjusted b =40, c =25, d =5, h = 40,and k
from 0 to 25 with increments of 5 under the overestimate scenario, and & = 60 and j from
0 to 1 under the overprecision scenario. The simulation results (Figure 7) show a similar
overall trend; with the increase of k or §, the adoption ratio of the three network structures
under global and local network effects gradually decreases, and the average adoption ratio
of a scale-free network is always the highest. A small-world network is more susceptible to
the impact of network effects. Under the overestimation scenario (as shown in Figure 7a,b),
when B = 0, the average adoption ratio in small world network is close to the random
network, but with the increase of g, it is gradually close to the scale-free network. Under
the overprecision scenario (as shown in Figure 7c,d), compared with the other two kinds of
network structures, the adoption ratio of the small-world network changes more.

Adoption rate

Random nctwork
Small-world network

—— Scale-free netwok

#— Random network

Small-world network

—a— Scale-free netwok

Adoption rate
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g 065 \
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~ - .
~ \ 0.55
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(c)

Figure 7. The influence of network structure on product diffusion in OSNs: (a) overestimation
scenario under global network effect; (b) overestimation scenario under local network effect; (c) over-
precision scenario under global network effect; (d) overprecision scenario under local network effect.

This shows that a scale-free network is more conducive to the diffusion of products in
OSNs, while a small-world network is more susceptible to overconfidence and network
effect. This is because hub nodes in a scale-free network provide sufficient influence
for product diffusion. Hub nodes interact with a large number of neighbors, and their
behaviors and decisions may quickly affect their neighbors and promote the diffusion of
products in OSNs. However, in the small-world network, the connection path between
node users is short and the influence is limited. Therefore, overconfidence and network
effects both affect the fluctuation of product diffusion in a small-world network.

5. Conclusions

This paper developed and implemented a simulation model based on multi-agent
modeling and game theory, integrating overconfidence theory and network effect theory
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to simulate product diffusion in OSNs. To understand individual decision-making pro-
cesses in product dissemination in OSNs, we first created a simulation model based on
evolutionary game theory. Then, considering the impact of overconfidence and network
effects, a multi-agent model of product dispersion in OSNs was built. Finally, simulation
studies were used to explore the impact of overconfidence scenarios, network effects, and
network structures on diffusion, which helps businesses advertise products.

We found that overestimation is profitable for improving the diffusion level of product
diffusion in OSNs and maintaining market stability. However, the closer the degree of
overprecision is to 1 (i.e., individuals are more rational), the more stable the market will
be. Moderate network effect intensity can better promote product diffusion on the social
network. When the network effect intensity is small, the non-overconfident scenario has
the highest percentage of adoption. The overprecision scenario has the highest percentage
of adoption where the network effect intensity is high. The scale-free network is more
conducive to the diffusion of products in OSNs, while the small-world network is more
susceptible to overconfidence and network effects.

Our findings offer several practical implications for businesses:

1.  Enterprises should fully display the product information so that consumers have
a proper overestimate of the benefits of buying the product. However, at the same
time, enterprises should not exaggerate the utility of products too much, to pre-
vent consumers from changing their purchase decisions when their expectations are
inconsistent with reality.

2. Companies should not invest too much capital in enhancing network effects. Moderate
promotion can yield high returns, but over-enhancing social network effects often
backfires, for example by making consumers loathe them. When the social network
effects intensity is low, enterprises should try to reduce the degree of overconfidence
of consumers. When it is high, they should try to improve the overprecision of
consumers but control their overestimation.

3. Enterprises should try to introduce influential KOLs (Key Opinion Leaders) into
social networks to transform the small-world network into a scale-free network to
achieve a higher level of product diffusion. This avoids fluctuations in consumer
overconfidence and network effects on product proliferation.

We make two key contributions to theory:

1. The psychological effects (overconfidence) and network effects perspectives opened
up an entirely new way of looking at product diffusion in OSNs. This study adds to the
theoretical foundation for the new product diffusion model by including additional
behavioral theories and complex network theories.

2. This research uncovered several different modeling strategies for complicated group
behavior resulting from individual interaction. The micro-basis of the multi-agent
simulation model was overconfidence theory, which was utilized to discover probable
individual-level processes. This multi-method provides a fundamental framework for
testing dynamic group behavior using a mix of a multi-agent method, network effects
theory, and a psychological theory.

Overconfidence is a relatively recent psychological idea that deserves more research.
This research served as a guide for using psychological theory and computer simulation
to product dispersion, as well as offering assistance for new product marketing decisions.
However, there are certain limitations to this paper. Personal preferences influence con-
sumer decision-making, and including preference components in the evolutionary game
simulation model requires more research. The rationale and resilience of parameter sets in
the simulation system must be tested in this study, especially by merging several real-world
scenarios. Furthermore, individuals” underestimation of the utility of others has not been
taken into account.
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Appendix A

Let p be the percentage of users who choose to adopt the product. The expected
revenue of the adoption of product diffusion in OSNs can be expressed as follows:

Eq=plb—c)+(1-p)b—c)=b-c
Meanwhile, the expected revenue of rejection is as follows:
Er = p(b—d)
The average benefit of this group is E:
E=p*E,+(1—p)«E

From dynamic replication, we find the state of the evolutionary system over time can
be expressed as:

%’ =p(Ea—E) =p(1—p)(Ea—E) =p(1—p)[b—c—p(b—d)]

Therefore, the evolutionary system has three possible solutions to game equilibrium.

b—c,, b-—c

If 0 < p* < 1 are satisfied, we will find the equilibrium is at p = p*.
Corresponding to the real scene, we assume that b > cand b > d. So, to solve
0 <p* <l itcanbegotthatb —c>0,b—d>0,andb—c<b—d,ie,b>c>d.

Appendix B

1. The code of Main model:

//Set the consumer’s initial strategies:

int n = people.size()/2;

for (inti=0; 1< n;i++){

»  people.get(0).deliver(“potential Adopters!”, people.get(i));
»

for (int i = people.size()—50; i < people.size();i++){

»  people.get(0).deliver(“adopters!”, people.get(i));

>

2. The code of Person class:
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/[Calculate the global network effect
for(inti = 0; i < people.size(); i++){
Person per = people.get(i);
if(per.statechart.isState Active(per.potential Adopters)){
allRefuseNum-++;
}
}
pG = 1-(allRefuseNum*1.0) /neiNum;
for(inti = 0; i < people.size(); i++){
Person per = people.get(i);
int neiRefuseNum = 0;
int neiNum = per.getConnectionsNumber();
/[Calculate the local network effect
if(neiNum>0){
for(Agent a: per.getConnections()){

if(((Person)a).statechart.isState Active(per.potential Adopters)){

neiRefuseNum-++;

}
}
pL = 1-(neiRefuseNum*1.0) /neiNum;
/[Calculate the utility of agent
if(per.statechart.isStateActive(per.potential Adopters)){

}
}

per.u = (1 + k)*b—c + h * pG;/ /Global network effect & Overestimation
//peru=(1+k)*b—c+h*pL;//Local network effect & Overestimation
//peru=b + (y/z)*x—c+h*pG;//Global network effect & Overprecision
//peru=Db+(y/z)*x—c+h*pL;//Local network effect & Overprecision

if(per.statechart.isState Active(per.adopters)){

per.u = pG *((1 + k) * b—d);/ /Global network effect & Overestimation

//peru =pG *((1 + k) * b—d);/ /Local network effect & Overestimation
//peru=pG*(b + (y/z) * x—d);/ /Global network effect & Overprecision
//peru = pG *(b + (y/z) * x—d);/ /Local network effect & Overprecision

3. The code of interaction rules between agents:
neiNum = this.getConnectionsNumber();
if(neiNum>0){

boolean nei = false;

for(Agent a: getConnections()){

}

if(Uj < ((Person)a).u){

Uj = ((Person)a).u;
nei = ((Person)a).statechart.isStateActive(adopters);

double proLmiate = 1/(1+Math.pow(Math.E, (this.utility—Uj)/n));
if(random()<proLmiate){

if(nei&this.statechart.isState Active(potential Adopters)){

p21 = true;

lelse if(('nei)&this.statechart.isState Active(adopters)){

pl2 = true;
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