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Abstract: In the context of the COVID-19 epidemic, it has become a new trend for people to use online learning communities for learning and
communication. Previous studies had shown that trust was one of the important factors affecting knowledge sharing behavior in the online
learning communities. However, related studies had not analyzed its mechanism from the micro level. Based on the knowledge sharing gain
coefficient and multi-angle trust degree of the online learning communities, this paper constructed the corresponding public goods evolution
game model and constructed the Holme—Kim theoretical network model according to the structural characteristics of the community user
interaction network. The simulation experiment was carried out by using Matlab to analyze the influence of group trust value and
individual trust value on group sharing behavior. From the micro level, this paper analyzed the evolution law of knowledge sharing
behavior in the network under the influence of trust. The results showed that the degree of trust knowledge sharing played an important
role in improving the behavior of group knowledge sharing. This study provided theoretical guidance for improving the level of

knowledge sharing in the e-learning community and creating a good learning atmosphere.
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1. Introduction

The degree of interaction among community users and the quality
of community knowledge determine the development level of the
online learning communities, and the knowledge sharing level and
positivity of online learning communities users not only affect the
knowledge quality of the online learning community but also
stimulate the sharing enthusiasm of other users and attract more users.

With the rapid development of information technology, online
learning communities provide people with a convenient learning
environment. In the online learning community, people learn and
communicate without restrictions on time, place, and number of
participants. Knowledge sharing is considered to be one of the
important processes in the development of the online learning
community (Li & Li, 2010). Bartol and Srivastava (2002) defined
knowledge sharing as the sharing of information, ideas, suggestions,
and expertise related to certain fields among individuals. However,
not all users in the communities choose to share knowledge.
Szulanski (1996) held that some of the reasons why individuals are
reluctant to share knowledge are (1) fear of losing ownership of
knowledge, superiority; (2) knowledge sharing is not getting the
rewards it deserves; and (3) individuals lack the time and resources
needed to achieve this sharing. Therefore, how to promote
knowledge sharing between members of the online learning
communities has become the focus of relevant research.
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Openness, anonymity, dynamism, and other characteristics
distinguish knowledge sharing in online learning settings from
traditional systems and learning environments. In a system that is
this open and dynamic, trust might play a major role in influencing
how people share their knowledge. In fact, it was discovered that
people were more likely to share knowledge in a learning
environment where there was a higher degree of trust. This
suggested that trust may play an even more important role in virtual
environments (Alsharo et al., 2017). Therefore, exploring the impact
of trust on knowledge sharing in online learning is of great
significance to the development of online learning communities and
the improvement of learers’ online learning quality.

2. Literature Reviews

The process of knowledge sharing involves the self-transformation
of knowledge within a specific community environment, facilitated by
interactions between knowledge providers and recipients (Ouakouak
et al., 2021). At present, most of the research on knowledge sharing
focuses on professional virtual community, virtual community of
practical, academic virtual community, etc. (Li et al., 2018). By
combing the research of knowledge sharing at home and abroad,
Ahmed et al. (2019) found that the research of knowledge sharing
was mainly divided into empirical research and descriptive research,
taking one or more theories as to the basic theory of the research, and
establishing the corresponding research model, to determine the
factors that affect the behavior of knowledge sharing; the commonly
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used basic theories are social cognitive theory, social capital theory,
organizational citizenship behavior, etc. By summarizing relevant
literature, it is found that trust is one of the important factors that
affect users” knowledge sharing in the community. Drawing on social
cognition theory, Chen and Hung (2010) investigated the influencing
factors of knowledge-sharing behavior from both situational and
individual perspectives through a questionnaire survey. The results
showed that trust had a significant positive impact on knowledge
sharing behavior. Hsu et al. (2007) divided trust into economy-based
trust, information-based trust, and identity-based trust and proved
through empirical research that trust was very important and played a
significant positive role in knowledge sharing of virtual community
members. Based on the relational dimension of social capital theory,
Hau and Kang (2016) collected 140 data from the online community,
which were used for empirical analysis. The results showed that trust
had a significant impact on knowledge sharing. In addition, based on
organizational citizenship behavior, Mutahar et al. (2022) found a
significant positive relationship between trust and knowledge sharing
in organizations. In addition, trust significantly predicted
organizational citizenship behavior, which in tum significantly
influenced knowledge sharing.

Although trust is the key factor to encourage community
members to share knowledge, there are some differences in the
mechanism of trust under different theoretical bases. In social
cognitive theory, trust is an environmental factor that influences
users’” knowledge sharing behavior. In the theory of social capital,
trust belongs to the relationship dimension, which positively affects
the knowledge sharing behavior of community members. In the
theory of organizational citizenship behavior, trust could directly or
indirectly affect the virtual community sense of community
members and then promote knowledge sharing among members
(Ahmed et al., 2019).

In addition, many scholars had realized that trust had multiple
dimensions and classified trust according to different standards.
According to the object of trust, Rotter (1967) divided trust into
interpersonal trust, which refers to the trust between community
members, and system trust, which refers to the trust of community
members to the community. McAllister (1995) classified trust as
cognitive-based trust, which is perceived as reliable and capable of
getting things done, and emotional trust, which is based on friendly
relationships. According to the different stages of the relationship,
Lewicki and Bunker (1996) divided trust into calculus-based trust,
knowledge-based trust, and identification-based trust. Calculus-
based trust is the hope to obtain return through the process of
establishing and maintaining a relationship and the fear of being
punished for violating trust; knowledge-based trust is based on the
knowledge gained by other users through long-term interaction; and
identification-based trust is based on trusting other members
without worrying about their own interests (Panteli & Sockalingam,
2005). Trust, as one of the key influencing factors in the online
learning community, had a direct or indirect impact on the
knowledge sharing behavior in the community in many aspects.
Many scholars had proved it through empirical research. Sun and
Du (2010) measured the level of knowledge sharing in real-name
virtual community from the two aspects of Q & A frequency and
Q & A quality, and the empirical results show that trust is
positively correlated with Q & A frequency and Q & A quality.
Through empirical research, Tamjidyamcholo et al. (2013) found
that trust was closely related to community knowledge sharing
intention and attitude. According to Platt et al.'s (2018) analysis of
knowledge sharing in the healthcare industry, trust could boost the
incentive for healthcare professionals and associated organizations
to exchange medical knowledge. Overall, recent research indicated

that people were hesitant to share sensitive and personal
information with people they did not trust (Butt, 2021) and that
trust between users in a community had a significant positive effect
on knowledge sharing (Gubbins & Dooley, 2021; Lee et al., 2020;
Rutten et al., 2016). Therefore, interpersonal collaboration was
predicated on trust (Vasin et al., 2020), and it was a key factor in
enabling knowledge sharing behaviors (Curado & Vieira, 2019).

Although a large number of scholars had proved the influence of
trust on knowledge sharing behavior in online learning communities
through theoretical and empirical studies, most of the studies were
to establish theoretical models, adopted social investigation
methods, or examined the influence of influencing factors on
knowledge sharing willingness or knowledge sharing behavior from
the perspective of game theory, without further analyzing the
process of its influence from the micro level (Zhang et al., 2016).
Game theory is a field of study that uses suitable mathematical
models and techniques to evaluate, forecast, and influence
autonomous individuals’ decision-making behaviors in stakeholder
situations. In contrast, the theoretical instrument of evolutionary
dynamics was employed to illustrate the process of group evolution
(Nowak, 2006). Evolutionary game theory, which combines
traditional game theory with evolutionary dynamics, is a
fundamental paradigm for explaining how group decisions arise and
change. It offered a useful theoretical framework for researching
cooperative behavior in online learning communities (Gintis, 2000).
Currently, most of the researches based on evolutionary game
theory use the prisoner’s dilemma game model, which is a typical
two-person game model and emphasizes the game between two and
two. Zhang et al. (2016) analyzed the game process of knowledge
sharing in virtual academic communities based on the prisoner’s
dilemma, constructed a game payoff matrix, and found that the trust
relationships between members could effectively alleviate the
prisoner’s dilemma, improved the possibility of community
members to choose sharing strategies, and made the game results
more inclined to collective rationality.

For online learning community, all users can share knowledge in
the community, the shared knowledge is stored on the platform, and
other users can browse and learn; for the characteristics of the
online community, this study extends the prisoner’s dilemma game
with two-person participation to a public goods game (PGG) with
multi-player participation. The PGG model is a typical multi-player
game model in game theory, which can better describe the
knowledge sharing behaviors in an online learning community:
consider that there are N participants, who can choose to put ¢ into
the public goods box or choose not to do so. After all the people per-
form the decision-making behavior, suppose the number of people who
choose to put in is x, then the total input (public resources) cx will be
doubled by r and then evenly distributed to all the people, so that the
betrayer who chooses not to put in has a gain of Py, = rcx/N, and the
collaborator has a gain of p. = P, — ¢ due to the input of c¢. Obviously,
the cooperator in the PGG has the risk of loss (when the number of
inputs x < N/r), while the free-rider betrayer is always strictly higher
than the cooperator because he or she does not put in but shares the
public resources, and the cooperation strategy is strictly dominated
strategy. Without the restriction of effective mechanism, the result of
the game is that rational people will choose to “hitchhike” and not
to invest, thus giving up the construction of public resources and falling
into the tragedy of the commons. However, in this study, we added the
mechanism of trust to investigate whether trust has a positive effect on
the evolution of knowledge behavior in e-learning communities.

The evolutionary game of knowledge-sharing strategies needs
to take place within the user's interaction network. Due to factors
such as the large number of nodes in the actual interaction
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network, limited computational capabilities, and the time-consuming
nature of experiments, conducting the experimental part of the game
in a real-world setting is not feasible. Therefore, we aim to simulate
the knowledge-sharing behavior of community users through a
computer. We have chosen the Holme-Kim (HK) scale-free
network model to construct the interaction network, with the goal
of establishing a network model that accurately reflects real-world
conditions and characterizes the interaction relationships among
users in the online learning community. Holme and Kim (2002)
proposed the HK scale-free network model with tunable clustering
coefficients and improved the network generation algorithm by
introducing the triad formation (TF) step, which used an
adjustable parameter pt to construct the network by continuously
constructing the network. By improving the network generation
algorithm and introducing the TF step with an adjustable
parameter pt, the final network inherited the original power law
distribution and had high clustering characteristics, which was
more in line with the actual situation and could portray the
interaction relationship between the users of the e-learning
platform in a more suitable way.

In the network evolution game perspective, the interaction
network described who online users play with, while the strategy
learning network portrayed who online users learn from to obtain
information about gains and strategy behavior. Trust acted on
users’ gains during the game, and game gains influence users to
change their game strategies by selecting learning objects from the
best, thus affecting the evolution of knowledge sharing strategies.

In summary, this study portrayed the interaction structure
among individuals with HK network and the knowledge sharing
decision-making paradigm of individuals under the influence of
trust with evolutionary game, which provided a new research
framework for analyzing and predicting the knowledge sharing
behaviors of groups under the trust environment in online learning
communities, and a systematic study of which could quantitatively
understand the impact of trust on the evolution of knowledge
sharing cluster behaviors.

3. Research Methodology

”

Under the background of “Internet+Education,” trust was
regarded as a crucial motivation for knowledge sharing in
e-learning platforms. This paper cross-fertilized multidisciplinary
knowledge such as complex network theory and evolutionary
game method and introduced natural science research paradigm
into the study of educational We constructed a
corresponding evolutionary game model to investigate the
mechanism of group trust and individual trust on knowledge
sharing behavior in open, dynamic, and complex networks, with a
view to providing a reference for online learning platform
administrators on how to effectively improve the enthusiasm of
group knowledge sharing. Since the time and the network scale
required for evolutionary game were difficult to be realized in the
real world, and software simulation could be based on reasonable
values for evolutionary game and intuitively showed the final
trend of the development of things over time; therefore, this study
referred to the existing literature to give values to the variables in
the model constructed in this paper one by one in a scientific way,
and used MATLAB 2017a software to simulate the evolutionary
game model to analyze the impact of the changes in the value of
the group trust parameter and the value of the individual trust
parameter on the decision-making of the user’s knowledge sharing
behaviors.

issues.
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3.1. Evolutionary game model variables

The traditional game theory mainly studies the interactive
behaviors and results between rational individuals, while the
evolutionary game theory focuses on the repeated game of limited
rational individuals and continuous adaptive learning to optimize
their own income. Based on the public goods model, this paper
constructed an evolutionary game model. The PGG model is a
classical multi-player game model: the number of rational
participants in the group is N, according to their ideas, each
participant decides whether to invest in the public box if the
choice of investment is a cooperative strategy; otherwise, it is a
betrayal strategy. At the end of the investment session, the total
investment in the public box will be multiplied by r and divided
equally among all participants (including those who did not invest).

Suppose the size of the community is N. According to the
characteristics of knowledge sharing among users of the online
learning community, the following variables are constructed in this paper:

(1) Knowledge: K

People’s knowledge reserve has some differences, so the
amount of knowledge each user has also has some differences. K
= {Kl1, K2, K3,..., Kn} represents the knowledge capacity of
each user in the community.

(2) The cost of knowledge sharing: C

The time, energy, and other costs that users need to spend when
sharing knowledge. C={C1, C2, C3, ..., CN} represents the cost of
knowledge sharing for each user in the community, and when the
user chooses not to share knowledge, ¢ = 0.

(3) Knowledge sharing income factor:

Users internalize the acquired knowledge to improve their
knowledge capacity. Because users have different internalization
abilities, knowledge gain coefficients are also different. For
convenience of research, this paper does not consider this difference.
In the game model, the gain coefficient of knowledge sharing is as
follows: the total investment in the public goods box is multiplied by
r times and is distributed equally to the members of the community.

(4) Community incentive factor: R

The community receives rewards for users who do knowledge
sharing.

(5) Trust: T

The degree to which community users trust other users.
Depending on the degree of trust, the amount of capital invested
in the game will vary accordingly. Its value range is [0,1], where
0 means complete distrust and 1 means complete trust.

(6) Number of neighbors for the user: 2

Due to the difference of users’ knowledge, the users are divided
into multiple groups centering on themselves, and the members of the
groups are the neighbors of the central users to interact within the
group. 2 = {Q, Q,, ..., Q,} represents the number of neighbors
for each user in the community.

3.2. How the game payoffs are calculated

In the PGG, users participate in the self-centered and their
neighbor-centered group games. Due to the difference of trust
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degree, the corresponding investment will be different. If user
i chooses the sharing strategy, the amount of knowledge invested
is “T* K;”, otherwise 0. The amount of knowledge obtained for each
group is (7*K;)/(€2;+1). Finally, the total amount of knowledge
gained by the group is multiplied by 7 times and divided equally
among each participant in the group (including those who do not
share). The income obtained by user i participating in the group game
centered on neighbor j is calculated as follows:

r *Z KZ*T*SZ Ki*T*Si (1)
|| +1 leqUi\ || + 1 1] +1

Where S; represents the strategy of user i, S; =1 when the user
adopts the sharing strategy, otherwise 0; €2; represents the number
of neighbors for user i. When users choose to share knowledge,
they will lose the advantage of occupying knowledge alone and
need to spend a certain cost, but the community will reward users
based on how much they share. The cumulative benefits to user i are
therefore as follows:

Ui,j =

U=R+xTxK,;*xs;,—C+ ],eQiUiUi,j (2)

3.3. Strategy update rule

At present, the most common updating methods in the research
are to imitate the strategy of the neighbors with the highest returns,
Fermi dynamics, etc., From a biological and social perspective,
individuals want to improve their incomes by imitating the behavior
of successful people, so users choosing learning objects are not
completely random, and learning objects will have an impact on
strategy choice. The literature by Shi et al. (2009) proposes a
method of prioritizing user income as a learning object, and the
probability that user i selects user j as a learning object is

er*A

Q= 3)

PrxA
Zleﬂ, e

Where 4 is a tunable parameter and €2; is the set of i’s neighbors,
when 4 > 0, high income neighbors are more probability to be used
as learning objects; when 4 = 0, it is equivalent to randomly selecting
a neighbor as the learning object. This paper assumes that 4 = 1.

After determining the learning object, the strategy is updated.
Fermi dynamics is a strategy update rule. Fermi dynamics, as one
of the classical strategy update methods, is based on calculating a
learning probability, according to which user i determines whether
to imitate learning object j to update the strategy. The formula for
learning probability is as follows:

1
— 4)
1+e+

W(s; —s;) =

Where P; and P;, respectively, represent the income of user 7 and user
j in this round of game. According to the formula, the probability of
users learning a neighbor strategy largely depends on the income dif-
ference between the two. Parameter k describes the noise factors of
the environment and describes the irrational degree of individuals.
When k — 0, it means that the individual has complete rationality,
which will only learn the strategy of neighbors higher than its
own income, while as k increases, individual rationality decreases
and the likelihood of learning low-income neighbor strategy

increases. In reality, users are all limited rational individuals, and
k is usually 0.1.

4. Process and Results

4.1. The simulation steps

This paper used Matlab to simulate the evolution of knowledge
sharing behavior in the online learning community, to explore the
impact of trust on users in the online learning community, and to
analyze the simulation results.

The simulation was performed on a HK network of size N = 300
(generated by the tunable clustering parameter pz = 0.6). Nodes in the
network were randomly assigned with the same probability to share
or not to share strategy, which were 1 and 0, respectively. The
various discrepancies between users were not considered for the
time being, and the initial parameter value is k=1, C=0.01,
r=1.56, R=0.11. The simulation steps were as follows:

Step 1: Initialize the HK network model, in order to facilitate the
simulation, the size of the network model is set to N =300;

Step 2: Initialize the strategy of the network node;

Step 3: Play games between nodes and calculate their respective
benefits;

Step 4: The node in the network selects a neighbor as the learning
object according to the priority selection method, and then
updates the strategy through the Fermi rule;

Step 5: Turn to step 3, until the end of the set time step.

To improve the reliability of the data and reduce the error of the
probability, on the basis that the initial network and initial strategy
distribution remain unchanged, all relevant data points were taken
from the average result after 30 independent operations. When the
network evolved to the set time step, the proportion of shared
nodes in the network was used to evaluate the group sharing level.

4.2. Analysis of simulation results

4.2.1. Simulation analysis of the influence of network scale on
the evolution of group knowledge sharing

Network size may have some influence on the evolution of
knowledge sharing, so this paper simulated the network of 100
and 1000 nodes under the same parameters, as shown in Figure 1.

From these two pictures, it could be found that the end result of
evolution to steady state was the same, both tending to 0. Users hoped
to improve their income by imitating the behavior of high-income
users, so users were updated, and they are more likely to learn from
them and updated their own strategy. However, in the absence of
intervention, most of the high-income users adopted a non-sharing
strategy. With the evolution process, users in the group gradually
tended to choose non-sharing strategy, resulting in low sharing level
of the group, so the proportion of shared nodes was reduced, this
proved that online platforms should explore ways to build trusting
relationships between users, as people were reluctant and
unaccepting of sharing knowledge with others in an environment
where there was a lack of trust (Gagné et al., 2019).

In addition, the HK network of scale 100 reached the steady state
before the 10th time step, while the HK network of scale 1000 reached
the steady state before the 100th time step. Thus, it could be seen that
with the growth of the size of the online learning community network,
the evolution time of knowledge sharing behavior would also increase.
Why did this happen? Mainly because the number of neighbors
corresponding to nodes in the network would also change according
to the change of network scale, and the interaction between
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Figure 1
Level of sharing at different network sizes. (a) HK network with
a scale of 100 and (b) HK network with a scale of 1000
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neighbors was richer, so it took longer to evolve to a stable state.
Similarly, in a real-world online learning community, interactions
increased as the community grows. It would take some time for the
community to reach a stable state.

Based on the above analysis, it could be concluded that the
network of different scale would affect the rate of population
evolution to stable state, but not the final stable state. That is, in
the community, the scale of the community would affect the time
for community users to find the optimal strategy, but would not
affect the final strategy selection result of users. In order to
facilitate the simulation study, the following simulation would be
carried out in the size of 300 HK network.

4.2.2. Simulation analysis of the influence of group trust on
the evolution of group knowledge sharing

The sharing amount of community users varied with the degree of
trust. Figure 2 shows the change of knowledge sharing level with time
under different trust levels, and the values of trust were 0.01, 0.25,
0.35, 0.45, 0.50, 0.75, and 0.99, respectively. As shown in the
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Figure 2
The change of knowledge sharing level
with time under different trust levels
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simulation result diagram, when 7'=0.01, the proportion of users
who choose sharing strategy in the group gradually tended to O;
when 7'=0.25, T=0.35, and T'= 0.45, the proportion of users who
chose sharing strategy in the group was between 0 and 1, but when
T'=0.25, the sharing level of the group was low, while 7=0.35
and 7=0.45 were at a high level; when 7=0.5, T=0.75, and
T=10.99, the proportion of users who chose sharing strategy tended
to 1. This showed that trust had a forward impact on the knowledge
sharing behavior of online learning communities and could promote
the emergence of shared behavior in groups.

When the group trust level was low, even if users chose the
sharing strategy in the process of game, they would chose to share
less knowledge because of the low degree of trust. Due to the small
amount of shared knowledge, they would obtain less community
sharing rewards and the cost of sharing. This made the users who
chose the sharing strategy obtain less benefits or even losses.
However, users who chose not to share become a more profitable
part of the group. Due to users’ propensity to emulate the actions of
successful individuals with higher incomes in order to enhance their
own earnings, a predominant trend emerged where the majority
opted to mimic the behavior of non-sharers. Specifically, as group
evolution stabilized, most users adopted a non-sharing strategy.
This discovery underscored, at a micro level, the positive impact of
the group's average trust on knowledge sharing. It crystallized the
significance of trust in facilitating knowledge sharing, aligning with
insights from prior research findings.

When the group trust level was high, the users who choose the
sharing strategy would share more knowledge because of the high
trust level. At this time, due to the amount of knowledge shared in
the public box was more, the benefits of members and community
sharing rewards were more, the cost of sharing was lower and could
be ignored, and the benefits of users who chose to share in the
group are higher. In this case, most users would choose to imitate
the behavior of sharers, that is, when the group evolution reached a
steady state, most users chose the sharing strategy.

The simulation results were further analyzed. When the trust
degree made the group steady state reach a high (low) sharing
level, the higher (lower) the trust degree, the group would evolve
to steady state faster. This is mainly because with the evolution
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process, the income gap between users who chose different strategies
was gradually widened. When the income gap is large enough, the
group can quickly reach a steady state.

In addition, through the simulation result diagram given in
Figure 2, it could be found that when the trust value was greater
than 0.5, the proportion of users who chose to share tended to 1,
but when it was less than 0.5, the proportion was less than 1.
Therefore, this paper considered whether there was a trust
threshold. When the trust value is greater than the threshold, the
group sharing level would eventually tend to 1. On the basis of
the above, the simulation was carried out again to observe the
sharing level of groups in steady state with the same parameters
and different trust values. The data points were the last 100 data
after 1500 Monte Carlo time steps. These data were obtained by
averaging after 30 independent operations. The simulation results
are shown in Figure 3.

Figure 3
With the change of trust value, the level of knowledge
sharing of the group
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With the increase in trust levels, more and more nodes within
the group gradually chose to share. However, despite occasional
sporadic mutations, the trend remained unchanged. These
mutations primarily stemmed from users retaining some
uncertainty when selecting random objects. In summary, when the
trust level reached around 0.4, the group often displayed a
moderate to high level of sharing.

4.2.3. Simulation analysis of the influence of individual trust
value difference on the evolution of group knowledge sharing
In practice, there were some differences in the degree of trust
between people. In view of this situation, a group knowledge
sharing evolution based on individual trust value difference was
proposed and simulated. In order to simulate the difference of
individual trust in reality, the trust value of each user was initialized
randomly. The results are shown in Figure 4. The average trust
value of the group in Figure 4(a) was 0.2506, and the average trust
value of the group in Figure 4(b) was 0.5073. The simulation was
mainly to verify the impact of trust differences among individuals

Figure 4
The change of group sharing level under different individual
trust values. (a) The average trust value of the group was 0.2506
and (b) The average trust value of the group was 0.5073
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on the results of group knowledge sharing level, so the individual
trust value was not changed. Through the analysis in Figure 4, it
could be found that when the group evolves to a steady state, the
sharing level of the group was lower when the average trust level
was low. When the average trust level was 0.5073, the sharing level
of the group also reached a high level. Therefore, the difference of
trust degree between individuals had little effect on the sharing
level of the group, and the average trust degree of the group was
the key to the evolution of the group.

5. Conclusions and Suggestions

Firstly, this paper constructed a public goods evolutionary game
model of knowledge sharing among users in online learning
community. Then, Matlab was used to carry out simulation
experiments from the perspective of group trust value and
individual trust value. Finally, it explored and analyzed the impact
of trust on knowledge sharing behavior from the micro level.
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5.1. Characteristics of the research

5.1.1. Choice of game model

Compared with the traditional prisoner’s dilemma game model, the
PGG model would be more fit with the interactive characteristics of the
community in the real situation. Prisoner’s dilemma game is a two-
person game, which is a point-to-point interaction form, while PGG is
a multi-person group game, which is a form of group interaction. The
interaction modes of the two are completely different. The interaction
form in online learning community is obviously multi-person
interaction, so it is more appropriate to adopt multi-person game
model — PGG model. In reality, users with the same knowledge
demand are more likely to interact and become neighbors to form a
group. The community platform plays the role of a public goods box.
Publishing the shared knowledge on the platform is equivalent to
investing in the public goods box. Each user determines the amount
of shared knowledge according to his own strategy and trust, and
then plays a game. The model can well describe the evolution process
of users” knowledge sharing behavior in the community.

5.1.2. Strategy update rule

Compared with the traditional strategy update method, the priority
update strategy is more suitable with the policy update method of
community users. In the traditional strategy updating mode, users
randomly select a neighbor and update the strategy according to
Fermi rule. This method has strong randomness. From the perspective
of biology and society, in reality, most users want to obtain greater
benefits. Therefore, it is more likely to learn from users with high
benefits, but it does not rule out that some users may learn strategies
from users with low benefits. Therefore, this paper introduced the
priority update strategy, took the income as the standard to select the
learning object, calculated the relevant probability value, and then
updated the strategy. This method better reflects the learning behavior
of users in the online learning community, reduces the error caused
by randomness, and further depicts the evolution process of
knowledge sharing behavior in the community.

5.2. Research conclusion

5.2.1. Simulation analysis of the influence of network scale on
the evolution of group knowledge sharing

Network scale was the number of users in online learning
community, which would affect the time for community users to
find the optimal strategy, but would not affect the final strategy
selected by users.

5.2.2. Simulation analysis of the influence of group trust on
the evolution of group knowledge sharing

Group trust played a positive role in promoting knowledge
sharing in online learning community, and there was a trust
threshold. When the trust degree reached this threshold, the
community could be at a high sharing level. Firstly, this paper
analyzed the knowledge sharing behavior of users in the
community by setting the group trust and proved that the group
trust played a positive role in promoting the knowledge sharing
behavior of users. Secondly, by simulating the evolution of
knowledge sharing under different trust, it was proved that when
the trust reached a certain degree, the community could be at a
high sharing level. Finally, due to the differences in the degree of
trust between people, the simulation analysis of individual trust
was further carried out. The results showed that its impact was
similar to that of group trust, which better explained the
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promoting effect of trust on users’ knowledge sharing behavior
and could improve the level of group sharing.

5.3. Recommendations

According to the experimental simulation results, this paper put
forward corresponding suggestions on the management of online
learning community, so as to promote the knowledge sharing
behavior of community users and maintain the long-term and
stable development of the community.

5.3.1. Enhance the trust of community users to other members
and the community

Higher trust could effectively promote community knowledge
sharing behavior. The community makes it easier for learners to
acquire new knowledge by optimizing platform resources, which is a
way to enhance users’ trust in the community. In addition, the
community can hold some relevant activities that can promote
community user interaction and set up a reasonable interaction
mechanism to provide wusers with a good communication
environment, so as to promote users’ trust in the community and
other users in the community, so as to better improve the knowledge
sharing degree of the group.

5.3.2. Set up a reasonable reward mechanism

The community should give some rewards to users according to
their knowledge sharing behavior, both materially and spiritually. For
example, set the score ranking list, give certain score rewards according
to different degrees of user knowledge sharing, arrange according to the
number of points, and update the score ranking list every other cycle. In
addition, scores can also be used to exchange material rewards to
encourage users to actively participate in knowledge sharing.

5.4. Implications and further research

The long-term and stable development of online learning
community needs to rely on community managers and community
users. This paper analyzed the impact of trust on user knowledge
sharing in online learning community from the micro level and
put forward corresponding suggestions according to the research
results. This had certain theoretical and practical significance for
promoting the knowledge sharing behavior of online learning
community. However, there are still some deficiencies. For
example, this paper mainly studied the influencing factor of trust
value in detail, but in the actual online learning community, the
factors affecting knowledge sharing are very complex, and even
there may be cross effects, so it needs to be further studied.
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