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ABSTRACT

In the context of the Internet age, the tourism industry has opened up new development opportunities
with the help of Internet technology advancement. It has produced many tourism virtual communities
such as TripAdvisor, Ctrip, Mafengwo Many studies have been conducted on user behavior’s influencing
factors in virtual communities (such as co-creation and participants’ value-in-use). However, the
studies on the mechanism of user participation in virtual communities are limited. This paper
proposes a group average Bayesian network model, which is a data-driven method for obtaining
the user participation mechanism’s causal network. An induced Bayesian network is used to discover
conditional dependence between factors and perform probabilistic inferences. Eleven main factors have
been selected, including participation intensity, subjective norm, social identity, group norm, functional
value, emotional value, social value, share, interaction, user experience and user satisfaction. We found
that user experience, and functional value have the most significant impact on user satisfaction, and
social identity plays an essential intermediary role in the participation mechanism. This study enriches
the research methods of user participation mechanisms and provides a reference for the virtual tourism

community’s theoretical research and management practice.

© 2021 Elsevier B.V. All rights reserved.

1. Introduction

With the popularity of the Internet and mobile smart devices,
people have entered the “Internet Plus” era. This has greatly
changed people’s traditional lifestyles. Today, tourism is one of
the world’s largest industries and created more than ten percent
of the Global Gross Domestic Product (GDP) [1-3]. Driven by the
digitalization, the tourism industry has developed into one of the
world’s largest online industries [4]. Internet users use dynamic
information websites including social networks and virtual com-
munities to express their beliefs and comments about services or
products, among other behaviors [5]. The virtual tourism com-
munity is an online community based on user participation and
interaction. Travel enthusiasts participate in community activities
online, share travel guides, and answer confusions in the others’
travel gathered in the tourism virtual community. Virtual tourism
communities have different participants, depending on dummy
network space, based on common interests, and under the con-
straints of community ecology, and has a knowledge cycle and

*  Corresponding author.
E-mail addresses: chenyinghao@csu.edu.cn (Y. Chen),
houmuzhou@sina.com (M. Hou).

https://doi.org/10.1016/j.knosys.2021.107161
0950-7051/© 2021 Elsevier B.V. All rights reserved.

value-added process formed by the exchange of tourism infor-
mation. Tourism companies use the virtual tourism community to
manage user relationships and understand users’ needs to further
satisfy user experience and satisfaction, thereby increasing user
stickiness and affecting co-creating behavior. Therefore, explor-
ing the causal relationship between the variables has practical
significance and management significance.

In the previous research, some researchers proposed impact
indicators of user participation in the virtual tourism community.
Zeithaml defined perceived value as the overall evaluation of the
product’s utility by consumers based on perceived benefits and
perceived effort [6]. In the study of the virtual tourism commu-
nity members’ participation degree, Wang divided members’ par-
ticipation behavior into two aspects, namely participation level
and contribution of members [7]. In social influence studies, Bear-
den et al. pointed out that when individuals interact in a group,
it causes changes in personal perception or behavior [8]. Oliver
et al. thought that satisfaction is user satisfaction feedback in
the “Expectation Disconfirmation” model [9]. Co-creation arises
from Prahalad & Ramaswamy in the concept of co-creation of
value, who believe that value is jointly created by the enterprise
and the customer, from the perspective of customers [10]. Wang
et al. researched knowledge sharing factors in the online travel
community, which shows that sharing wish has a positive im-
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pact on sharing behavior, and trust and reciprocity have positive
impacts on sharing wishes [11]. Peters proposed a theory of
Proximal three-way decisions and applied it to large-scale social
network datasets [12]. Faysal et al. compared some graphical
network tools for large-scale network data visualization [13].
Cavallari et al. proposed a novel graph method that first combines
nodes into communities and then embeds them into the graph.
It effectively improves community detection and node classifica-
tion [14]. Camacho et al. reviewed and summarized the research
on social network analysis from four aspects: knowledge mining,
extensibility, information fusion, and visualization [15].

Some relevant variables in tourism virtual communities were
conducted through empirical research. Ruyter et al. found a cor-
relation between the level of participation and user satisfac-
tion [16]. Lusch [17] and Gronroos [18] proposed that users
create tangible and intangible resources during the co-creation
by participating in virtual communities. They will integrate these
resources into their consumption or use process. Based on the
integrated “push-pull” model, the research of Xu et al. shows
that functional value, community usefulness, and ease of use are
the main factors that affect user participation in virtual tourism
communities [19]. Li et al. proposed a Ctrip model including
involvement, statistics, trust, stickiness, and word-of-mouth in
a B2C virtual community by empirical data [20]. Munoz-Leiva
developed a structural equation model for studying the relation-
ship between cognitive and behavioral variables in the Travel 2.0
website [21]. Integrating the factors proven in the conventional
consumer behavior theory (such as word-of-mouth and satisfac-
tion) with the behavior factors specific to the virtual domain
(such as stickiness), Gao et al. established a structural equa-
tion model to study the relationship between beliefs, attitudes,
and continuance behaviors in virtual tourism communities. [22].
Rubio et al. adopted the structural equation model to discuss
the influence of the participants’ value-in-use on the co-creation
behaviors in the virtual community TripAdvisor. [23].

Causal analysis has been widely used both in natural sci-
ence [24,25] and social science researches [26]. The covariance
matrix or regression coefficient between variables was adopted.
Besides structured equation model (SEM) [27-29] and multivari-
able linear regression model [30,31] was used to analyze the
relationship between variables. Both methods can be regarded as
a special case of the Bayesian network (BN). Different from SEM
which requires a fixed structure in advance, BN can study the
interrelation directly from the dataset. Traditional SEM methods
require a lot of expert knowledge, which is unrealistic in a real-
world problem with a large number of nodes. With the rise of
artificial intelligence, these data-driven approaches have been
increasingly used in research in the field of social sciences [32-
39].

Since the Bayesian network was proposed in the 1990s [40],
Bayesian networks have been widely used in research in various
subjects. In 1996 Microsoft use the Bayesian network for printer
troubleshooting [41]. Hewlett-Packard then further refined the
diagnostic method and extended it to look-ahead analysis to
resolve multiple problems at the same time [42]. Ruiz efficiency
measurement of research groups using Bayesian networks [43,
44]. Kim used the Bayesian network to study the impact of R&D
collaboration on innovative performance in Korea [45]. Alfonso
et al. studied 14 well-known bibliometric indices on computer
science and artificial intelligence journals in 2011 [46]. Marco
Scutari el al. proposed an Average Bayesian Network model to
analyze the Malocclusion Data [47] and symptom recovery in
chronic whiplash-associated disorders [48]. Varshney et al. used
the Bayesian network method to discuss the probability of infor-
mation dissemination in social networks. And they constructed
a similarity model between user interests and content through
potential topic information [49].

Knowledge-Based Systems 226 (2021) 107161

Our research’s interest and originality lie in that it proposes a
mixed correlation coefficient to filter the factors of user participa-
tion in the virtual tourism community and introduce the average
Bayesian network to model these variables then analyze the
causal relationship between them. We designed questionnaires
and received 882 valid answers within two days. All studies
were based on statistics from these answers. Based on expert
knowledge to group some variables in the user participation
mechanism. We also set up a Bayesian model to analyze the
relationship between variable groups in this paper.

The main advantage of our work over earlier research, which
analyzed only part of the factors, is that we can analyze the joint
probability. Another advantage of our work is obtaining a causal
model from data. Compared with prior studies which adopted the
Interpretative Structural Modeling method, our methods needs a
little expert knowledge but can get a model with higher correla-
tion and higher interpretability.

The structure of this paper is as follows. The “Methods” section
reviews some basic concepts about correlation, Bayesian network,
and factors we select for studying the users’ Participation Mech-
anism in the virtual tourism community, and also we proposed
a method named grouped Average Bayesian Network in this
section. The “Results” section presents the dataset we collected,
the Bayesian networks are used to learn and analyze the arcs
in models. Finally, the “Conclusions” part underlines the original
contributions of this study and encourages more future research
on this research orientation.

2. Methods
2.1. Analysis of correlation

Correlation analysis is a valuable method of data analysis. A
potential relationship can be found by analyzing the connec-
tion between different features. The correlation coefficient is a
numerical measure of some correlations, showing a statistical
relationship between different variables. These variables can be
two components of a random multivariable as a known distri-
bution or two observation matrix columns. There are several
types of the correlation coefficient, such as Pearson Correlation
Coefficient [50], Spearman Correlation Coefficient [51,52], Kendall
Correlation Coefficient [53,54], and Maximal Information Coef-
ficient [55,56]. Each has its definition and scope of application,
whose coefficients are usually from —1 to +1. The more sig-
nificant the absolute value of the coefficient, the greater the
correlation. 0 means the strongest independent.

Pearson Correlation Coefficient (PCC), also referred to as Pear-
son’s 1, is a measure of linear correlation between two variables
developed by Karl Pearson according to the idea proposed by
Francis Galton. For variables x; and x;, the PCC r (x,-, xj) is given
by Eq. (1),

() = 2 Ce9)
var (x;) var ()

N ® =\ [ =
2 ket (Xi _Xi> (Xj _Xj>

: Vo ()2 (4 -w)°

where N is the sample size, xgk) and x* is the individual sample

N (k)
point indexed with k; x; = Ziet% is the mean of sample x;, and

analogously for ;. "

The Maximal Information Coefficient (MIC) belongs to the
maximal information-based nonparametric exploration (MINE)
class of statistics. It is a measure of the strength of both the

(1)
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linear and non-linear associations between two variables x; and
X;. Based on the idea of information gain, David et al. proposed
a low-complexity random variable measurement method as fol-
lows [55]:

I (X,', Xj)
MIC (x;, x;) = —_— 2
(. %) s log (min {a, b}) 2)
where, I (x;, x;) = [ p (xi, %) log p(’l f;;&) dx;dx; is the mutual infor-

mation between random variable x; and random variable ;.

We often pay more attention to the linear correlation between
variables while considering nonlinear correlation in some real-
world problems. We introduce the variable 6 € [0, 1] for com-
bining two correlation coefficients and propose the Mixed Corre-
lation Coefficient (MCC) for measuring the degree of correlation
between two variables. MCC is defined as,

MCC (xl-’ Xj) —0.r2 (Xi, Xj) + (1 —6)MiIC (X,', Xj) (3)

Obviously, the value range of MCC is [0, 1]. R-square and MIC
are the special cases of 8 = 1 and § = 0. To reduce the
computational complexity, we do not calculate the correlation
of the variables themselves and use 0 instead (the correlation of
the variables themselves must be 1, but it is not valuable in our
research).

Our research is based on the assumption that if there is a
causal relationship between two variables, the two variables
should have a high correlation. If the maximum value of a variable
MCC less than 0.5, we say this variable is independent of others.
We only choose the variables, which have a high correlation with
at least one other variable.

2.2. Conditional relative average entropy

We use conditional relative average entropy (CARE) to de-
termine the direction of arcs in the initial structure [57]. CARE
(xi — xj) shows the average uncertainty of the random variable
x; with the variable x;. It can be calculated as follows,

H (xilxi)
H () - [x]
Where |xj| represents the number of states or values of the x;. If

CARE (x; — x;) > CARE (x; — x;), the arc’s direction is from x; to
X;, else the arc is from x; to x;.

CARE (x; — xj) = (4)

2.3. Bayesian network

The BN model connects a set of variables X = {X, X5, ..., Xy}
by a directed acyclic graph (DAG), where N is the number of
variables. Arcs indicate a direct effect between variables, and
paths represent indirect effects between variables. A Bayesian
Network BN (G, ®) consists of structure matrix G = (X,E)
and structural parameters ® = {®q, ©,,..., Oy}, where E =
{Xi > Xj, Xm = Xu....} is the dependencies between nodes,
®; = P (Xjlpa(X;)) is the conditional probability distribution
of node X; and pa (X;) represents the parent nodes of node X;.
An example of the Bayesian network is shown in Fig. 1. By the
conditional probability formula, we can decompose the global
distribution of the variable X into the local distribution of a single
variable X;, that is:

N
P(x) =[P Xilpa (X)) (5)
i=1
Estimating such a model from the dataset, the process of
learning a Bayesian network can be divided into two steps:
e Structural learning i.e., learning which arcs are included in
the network structure.
e Parameter learning i.e., learning to adjust these dependency
intensity parameters.
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2.4. Structural learning

In structure learning, learn which arcs are in the network. For
a given dataset D, the constraint C and scoring function f for
describing which the structural G matches better for the dataset
D. The process of structural learning aims to find a network
structure that makes the scoring function maximize, i.e.:
maxf (G, D) (6)
€cG

For a Bayesian network with N nodes, Robinson proved that
the number of all directed acyclic graphs satisfies the following
iteration formula in 1977 [3],

NumDAG(l) =1 (7)
Numpag(N) = Y1y (=1 M Numpag(N — 1)

As N = 11, Numpuc(10) &~ 5 x 10?1, It means that when there are
many nodes in the network, the traversal method cannot obtain
the best model due to the high time complexity.

Some optimization algorithms are often used to search for the
best structure of the network, such as k2 algorithm [58,59] and
the Hill-Climbing algorithm [60,61]. However, the k2 algorithm
needs to give the order of nodes also the maximum number
of parent nodes in advance, which requires a large amount of
expert knowledge and does not apply to some complex problems.
Moreover, k2 algorithm is a greedy algorithm, which is easy to
fall into the local optimum solution. The Hill-Climbing algorithm
gives a random initial structure at first, usually an empty network
or a complete network. The solution is obtained by iteratively
selecting the optimal structure from the Bayesian network cluster
after transforming one arc. The process of learning the Bayesian
network structure by Hill-Climbing algorithm can be expressed
as follows,
Step 1. Initialize a Bayesian network structure bs, and calculate
its scoring f (bs);
Step 2. Change one arc of the Bayesian network bs (increase an
arc, delete an arc, or change direction) to get a cluster Bayesian
networks BS;
Step 3. Calculate the score f (bs*) for each network bs* in cluster
BS separately.

Note bs™ = arg maxps+eps f (bs*);
Step 4. If f (bs™) > f (bs), bs <— bs™, return Step 2;
Step 5. Output the optimal Bayesian network structure bs.

The Hill-Climbing algorithm is too sensitive to the initial solu-
tion. When the initial solution is poor, it is easy to fall into a local
optimal solution and cause enormous time complexity. A better
initial solution can effectively prevent the network from falling
into a local maximum, and reduce the number of operations in
the structure optimization process.

Some commonly used scoring functions such as Bayesian In-
formation Criterion (BIC) [62,63], Minimum Description Length
(MDL) [64,65], Akaike Information Criterion (AIC) [66-69], Ver-
ification Data Likelihood (HVL) [70,71], and so on. Expressions of
these scoring functions are listed in Table 1.

Generally, the scoring function consists of two parts. The first
part is the likelihood function, which describes how well the
model structure fitting to the given data. And another part is the
penalty term, which is used to prevent the model structure from
being too complicated and leading to over-fitting.

2.5. Grouped Average Bayesian Network (GABN)

In some practical problems, there is only a limited sample.
Typically, we estimate a single model directly from the data, then
draw our conclusions that the model may ignore the fact that
the estimated model is not “fixed” [47]. We use model averaging
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p(X, = 0) = 0.1

p(X, = 0]X, = 0) = 0.1

p(X, =0|X,=1)=05

p(Xs = 0|X, = 0) = 0.8

p(Xs = 0[X, = 1) = 0.6

p(X, =0) =07

p(Xs = 0|X5 = 0,X, = 0) = 0.6
p(Xs = 0|Xs = 1,X, = 0) = 0.4
p(Xs = 0|Xs = 0,X, = 1) = 0.3
p(Xs = 0|X; = 1,X, = 1) = 0.6

Fig. 1. An example of the Bayesian network, DAG and its condition probability table.

Table 1

Some scoring functions for structure learning.
Scoring function Expression
BIC forc (G, D) = Y1, Jq':l Doy milogab — 3 D1 qi (1 — 1) logoN
MDL fuoe (G, D) = Y1 kilogan + 2N S (s — 1) |mil+N Y0, H (i)
AIC farc (G.D) =1, Z,q'zl S mylogaf — >, qi (i — 1)
HVL fuw (G D) = Y21y YL Yy ijelogaBie

Grouped Average Bayesian Network (GABN).

to improve the reliability of structure learning [63,72]. From the
central limit theorem, the estimation of the population distribu-
tion can be obtained by estimating the subsamples. One hundred
different datasets can be obtained by resampling the data using
bootstrap. Another problem is that numerous nodes will cause
substantial computational complexity. Grouping variables with
expert knowledge can reduce the computation time. Firstly, we
establish a Bayesian network for variable groups, then calculate
the direction of each arc between groups separately. Causality be-
tween groups can be used as prior knowledge of the relationship
between variables. To reduce the probability of the model falling
into a local optimal solution, we use an initial structure based
on the MCC and CARE. Given dataset D = {x1, X2, ..., Xy} with
M samples, x; are variables. The flow chart of the Group Average
Bayesian Network is shown in Fig. 2 and it can be implemented
as follow steps.

Step1. Calculate the MCC between variables, and hold variables
with maximum MMC greater than 0.5;

Step2. Resample dataset 100 times;

Step3. Group variable with expert knowledge, and recorded as Y;;
Step4. For each dataset, calculate MCC for Y;, and note the maxi-
mum for every row as YMMCC;;

Step5. If the mixed correlation coefficient between two nodes
satisfies the following conditions, there is an arc between the
nodes,

YMMCC;; > o - YMMCC;
or (8)
YMMCC;j > a - YMMCC;

Step6. For arcs in Step5, determine the direction by CARE, and get
the initial Bayesian network structure;

Step7. Optimize the structure by Hill-Climbing algorithm;

Step8. Compute the frequency with which each appears in N
graphs, consensus DAG by choosing those arcs with a frequency
above «. Note this structure as YBN;

Step9. For arcs in YBN, calculate MCC for x; and the maximum for
every row as xMMCC; in each group;

Step10. If the MCC between two nodes x; and x; satisfies
xMMCC;; > & - xMMCC;
or , there is an arg, if they are in differ-
xMMCC;; > & - xMMCC;
ent groups, the direction of arc X;%; is same as their groups, or it
can be determined by CARE.
Step11. Compute the frequency with each one that appears in 100
graphs, then choose arcs that have a high frequency above «;.
Step12. Combine all networks and use conditional independent
tests to remove redundant arcs.

Remark for the process above, resampling 100 times is enough
in most situations, and it can be chosen a bigger one when
needed. « and & in Step5 and Step10 are the thresholds respec-
tively, and their value are between 0.7 and 0.9, which guarantees
the obtained undirected graph contains the arcs that exist in a
practical structure. « and «; in Step8 & Step11 are thresholds that
can be estimated from the data or just an arbitrary value between
[0.5, 1]. They are used to obtain a sparse DAG that is easier to
interpret.

In fact, if the nodes are not grouped with expert knowl-
edge, that is, each group contains only one node. Then the pro-
posed GABN method degenerates into an improved Hill-Climbing
model. Unlike the conventional Hill-Climbing algorithm, GABN
can provide a better initial structure by Mixed Correlation Co-
efficient and CARE, which will greatly improve Hill-Climbing al-
gorithm optimization’s efficiency from a random or an empty
model. On the other hand, grouping nodes by expert experience
can reduce the search space of the model and improve the opti-
mization speed. Since GABN only needs to optimize the causal
relationship between groups, and the number of groups is not
more than (usually much less than) the number of nodes. Besides,
the use of expert experience improves the interpretability of the
obtained network structure, which is more conducive to further
analysis and discussion by researchers. Moreover, GABN uses the
averaging method, which can reduce the model errors caused by
individual abnormal sample data.
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Fig. 2. A GABN algorithm flow chart with 3 groups of 8 nodes.

Main Variables in Bayesian Network

Our Bayesian networks represent relationships between fac-
tors in users’ participation mechanisms of the virtual tourism
community. In particular, each node X;, in networks represents
a specific factor, while arcs between nodes show the causal rela-
tionship among these variables. Through learning these Bayesian
networks from data, we aim to discover a causal network among
the set of variables that we selected. Users who frequently enter
the virtual tourism community are often influenced by others’
options, and perceive different types of values and experiences
through the conflict of thoughts. Many factors in the participation

process will cause the user to have a different level of satisfac-
tion with the community. For example, when sharing traveling
guidelines, users will pay more attention to popular topics and
contents in the community, use the unique sharing form of this
community to express their ideas, and hoping to meet community
standards or gain recognition from other members. The virtual
tourism community realizes its functional value by providing
users with introductions to tourist attractions, travel planning
strategies, and even some personalized travel route suggestions.
Accurate answers and an easy-to-use user interface can improve
user experience, thereby enhancing user satisfaction and user
stickiness in the virtual tourism community. The main variables
we chose include participation intensity, subjective norm, social
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identity, group norm, functional value, emotional value, social
value, share, interaction, user experience, and user satisfaction.

Participation Intensity

The participation intensity in virtual tourism communities is
an indicator of its contribution to the community and a reflec-
tion of user value. Participation intensity not only refers to the
daily dynamics of individuals [7], but also includes the degree of
individual interaction with members and community managers
in community activities, such as the frequency of responding to
comments, interactions, and sharing. Similar with Cho and Lai’s
research, the hypothesis below is proposed:

Participation intensity is the reason for other variables in
virtual tourism communities’ participation mechanism [73,74].

Subjective Norm

Obedience means that important people around you think that
an individual should do something, the purpose is to accept the
influence and take actions to obtain the support of others or
groups. The process of obedience is often expressed in subjective
norms in researches [75].

Social Identity

The identification process is reflected through social identity,
which shows that individuals identify with the community, con-
sidering themselves as members of the community, and having a
sense of identity and belonging to the community [75].

Group Norm

Internalization means that individuals are willing to accept
influence because their goals and values are similar to those of
community members through group norms [75].

Functional Value

Functional value is the utility generated by members’ percep-
tion of the service of the virtual community. When participating
in the tourism community, users will be exposed to different
tourism products and services. Individuals will have different
evaluation feelings when they perceive whether the services they
need are met or there is a gap with expectations. Functional value
is a subjective perception [76].

Emotional Value

Emotional value refers to the value that community members
get due to emotions in interacting with other members [77]. Like
most virtual communities, the main characteristics of the virtual
tourism community are the timeliness, instability, and vitality of
the user community. Individuals have no sense of trust in the
virtual identities of community members during the participa-
tion process. Only by increasing mutual understanding can they
gradually build trust and get emotional satisfaction.

Social Value

Social value is the utility that members gain by using virtual
communities to enhance their social status or self-realization [78].
The virtual tourism community can be manifested in the im-
provement of social relations and friend’s intimacy.

Share

In an open virtual tourism community, sharing means that
users recommend sharing community resources to others for
use [79]. It is conducive to attract more new members and expand
the influence of the virtual tourism community.

Interaction

Interaction refers to communication and feedback behavior
between users and other subjects. Interactions are conducive
to building harmonious community relationships between users
and community members and are more conducive to commu-
nity manager innovation in products and services [80]. Besides,
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interaction is the basis for co-creation, and it is necessary to be
studied.

User Experience

User experience means that users participating in the virtual
tourism community will experience different virtual community
services, such as the convenience of operation, and the user’s ex-
perience during the experience [81]. Through these experiences,
the user will have a rough evaluation of the virtual tourism com-
munity. Based on this evaluation, the user will decide whether to
continue to participate or leave.

User Satisfaction

User satisfaction shows the difference between actual feel-
ings and expectations in the activities of the virtual tourism
community. Cardozo et al. believe that improving customer sat-
isfaction will lead to re-purchasing behavior without changing
other products’ perspective [46]. At the same time, user satis-
faction is an important means to evaluate the performance of
enterprise management systems [82].

Social Influence

In exploring the participation mechanism in the virtual tourism
community, we found that social influence is a universal factor in
different kinds of virtual network communities. Latané’s research
defines social influence as a common socio-psychological phe-
nomenon in human life [83]. He believes that no matter humans
or animals, their behaviors, emotions, and even thoughts will
be more or less affected and changed by others. The influence
of others on us is objective, especially based on the vitality of
the virtual tourism community. This kind of influence cannot be
ignored. Kelman defined the process of social influence from the
perspective of categories, and he thought social influence is not
indiscriminate [75]. The process mainly includes the mechanisms
of obedience, identification, and internalization. This paper con-
siders subjective norms, social identity, and group norms as the
main social influence components.

Perceived Value

Customers participate in virtual communities mainly to obtain
travel information, make friends, or purchase travel products.
Users have clear needs and goals in the participation process,
which reflect the role of perceived value. It mainly includes the
relative relationship between the benefits obtained and the costs
paid. It also consists of the value of the user’s emotions and
experience during the perception process [84]. Perceived value is
a multi-dimensional variable [85,86], which has different division
dimensions in various studies. In the virtual tourism commu-
nity, the user’s perceived value mainly includes functional value,
emotional value, and social value.

Co-Creation

Co-creation in the virtual tourism community refers to how
users actively cooperate with community members and com-
munity managers in using products or feeling services [87,88].
Different from previous concepts, the main body of co-creation is
the user himself, which means that personalized user experience
is beginning to be valued. From the ultimate purpose of co-
creation, our primary research is the co-creation of value [89].
In the virtual tourism community, the behavior that best reflects
the value creation of the user is the user’s sharing and interaction
behavior [90].

3. Experiments and results

Data collection
In this study, we designed a questionnaire and distributed
it on the Internet (https://www.wjx.cn/jq/49696513.aspx). We
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gender
age
income

educational background
participation intensity
subjective norm
group norm

social identity
functional value
social value
emotional value
interaction

share

user experience

user satisfaction

(a) Pearson’s-r

(b) MIC
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Fig. 3. Correlation coefficient matrix between variables.

participation intensity
social influence
perceived value

user experience-
Co-Creation

user satisfaction

(a) Pearson’s-r

(b) MIC

0w

013

(¢) MCC

Fig. 4. Correlation coefficient matrix between variable groups.

received 900 users’ responses, of which 882 were valid ques-
tionnaires. The Cronbach'sAlpha of our questionnaire is 0.969 and
the KOM value is 0.982. We deleted samples that completed all
questions within one minute (2.04%). The sample was female-
dominated (59.86%). Most of them are young people, and 68% of
the respondents are under 27 years old. In terms of education
level, half of them are bachelor’s degree holders, followed by the
master’ degree and Ph.D. (17.35%), high school (14.83%), junior
college (13.60%) holders. The monthly income levels (in CNY) of
the respondents are in the order of ¥ 1001-¥ 2000 (40.00%),
¥ 2001-¥ 3000 (21.03%), ¥ 3001-¥ 4000 (15.87%), ¥ 1-¥ 1000
(13.03%), others (10.07%). All of the respondents finished this
questionnaire within ten minutes.

Model Building

In the first step, we calculated the correlation between all
the variables we have, including gender, age, income, educa-
tional background, participation intensity, subjective norm, social
identity, group norm, functional value, emotional value, social
value, share, interaction, user experience, and user satisfaction.
The correlation coefficient matrix between variables is shown
below in Fig. 3. The weight of linear correlation is be chosen as
6 =0.3.

Obviously, from Fig. 3, gender, age, income, and educational
background have a lower relationship between others, whether
linear or non-linear correlation. We choose participation inten-
sity, subjective norm, social identity, group norm, functional
value, emotional value, social value, share, interaction, user ex-
perience, and user satisfaction as main factors in the following
steps.

In order to lessen the search space of the optimal model
and reduce the computational complexity, we group the vari-
ables based on expert knowledge. Fig. 4 shows the correlation
coefficient matrix of variable groups. Most groups are in high
linear correlation, at the same time some groups have a nonlinear
correlation. MCC matrix integrated both linear and nonlinear
correlations.

Resample dataset 100 times. Learning the structure from each
dataset, establish the initial network by MCC-CARE with ¢ =
0.85, then optimize the model using the Hill-Climbing algorithm.
Table 2 compares the average optimization steps used to obtain
the best network structure using different methods to obtain
the optimized solution. The average hamming distance between
the initial network and the optimal structure is 1.93. In most
subsets, it only takes not more than two steps of iteration during
optimization. Compared to a fully connected network or an empty



Y. Chen, R. Chen, ]. Hou et al.

Fig. 5. The DAG underlying the consensus Bayesian network of variable groups
was learned. The thickness of the arcs is in the proportion of their frequency.
Only arcs with a frequency greater than 0.5 are included in this network.

Fig. 6. A simplified DAG was derived from Fig. 5 after removing arcs with a
strength smaller than 0.8.

network as the initial network, CARE-MCC is much faster than
others.

The Bayesian network consensus is constructed by learning
100 networks from each resampled subset. Keeping arcs that
appear at least in half of the model is shown in Fig. 5. All the
direction of each arc is well established. Social influence, per-
ceived value, and user experience seem like a mediation role in
user satisfaction. Furthermore, deleting arcs with a frequency less
than 0.8, a simplified DAG is shown in Fig. 6. In fact, the strength
of the remaining arcs is greater than 0.9. The arc from social influ-
ence to perceived value and co-creation can be learned in every
resampled dataset, which shows a high causal relationship. Social
influence reflects the extent to which one’s attitudes, beliefs, and
behaviors are affected by others, so the users’ value will also
change with social influence. On the other hand, social influence
and perceived value are manifestations of users’ psychological
activities. Generally, the creation and effect of shared behavior
depend on many factors, including psychological activities.

Participation intensity directly affects social Influence and co-
creation. Active users in the virtual community have more oppor-
tunities to develop friendships with other members, understand
the activities of the community. They are more easily affected
by community members and the community environment. The
more engaged a user is, the more active he or she is in com-
munity activities. Responding to other community members for
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help or expresses views and opinions in the community, which
enables users to work with the virtual community to create
value together. User experience will be affected by perceived
value. In virtual communities, besides satisfying utilitarian needs,
users’ experiences such as emotions and aesthetics during the
consumption process are also important.

For each arc in variable groups Bayesian network, we learn its
structure by MCC and CARE respectively. The directions are the
same as their groups. & is chosen as 0.75 and the threshold is
kx; = 0.7. The average Bayesian networks are shown in Fig. 7.

Similarly, we can find the mediation of sharing in community
interaction in Fig. 7 (b, e, h). Users’ perception of social value
helps users gain a certain status and support in the community.
Users will be more willing to participate in the co-creation of
the community to enhance their value, while self-realizing. So-
cially valued users often attract fans through frequently sharing
behaviors to increase their visibility and influence. On the other
hand, interactions with community members will also better
maintain their friendship with supporters. Sharing affects inter-
action because sharing provides an effective channel for other
team members to interact with users. For example, fans can learn
about travel destinations by browsing travel notes and can dis-
cuss further with users by posting comments. Therefore, sharing
has a significant impact on interaction. When users participate
in virtual tourism communities, they often browse information
and search for content. Users often recommend practical and
valuable knowledge content to their friends, hoping that they
can also get information from it. Participation intensity is the
active performance of users in the community. By sharing with
other members, users can meet more members with common
hobbies or interests, strengthen the relationship between friends,
and interact more frequently. It also proves that sharing has a
mediating effect on interaction.

Combining variable groups Bayesian networks, we obtain the
causality of variables in the users’ participation mechanism of
the virtual tourism community in Fig. 8. Some arcs are removed
because of their low correlation, such as social identity —
emotional value. Social identity includes both group identity and
self-identity, based on the user’s subjective feelings. But emo-
tional value pays more attention to the perceived value generated
by emotional communication, which shows that when users have
a stronger sense of social identity, they will make more subjective
judgments rather than “motional affairs”.

At the same time, other edges were deleted due to interme-
diation, such as subject norm — share. The purpose of users
being affected by subjective norms is to gain support from others,
integrate into the collective, and avoid being ignored. Subjective
norms can affect sharing in order to be consistent with friends’
sharing behavior. But users are free individuals and have their
behavioral awareness. The impact of subjective norms gradually
weakens as users become familiar with the community. Users are
free individuals and have their sense of behavior. As users become
more familiar with the community, the impact of subjective
norms gradually diminishes. This shows that subjective norms
and sharing behaviors are independent of respect to social value
conditions.

Through the Bayesian causal reasoning network of user partic-
ipation mechanism in the tourism virtual community, community
managers can get some ideas, so as to improve the value and
user satisfaction of the virtual community. The most important
is participation intensity. Only when users join and participate
in the virtual community will it be possible to co-create with
the community. This requires the managers of the virtual tourism
community to promote and allow more users to join the virtual
community.

Another important result of the network is that social iden-
tity plays an important intermediary role. According to Table 3
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Table 2

Comparison of average optimization steps of different methods.
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Methods GABN Hill-Climbing form Hill-Climbing form K2 algorithm
random model empty model
Average steps 1.93 10.51 9.27 10.19

(a) Participation Intensity and Social Influence
(c) Social Influence and User Experience
(e) Social Influence and Co-Creation

(g) Perceived Value and User Satisfaction

Interaction

(b) Participation Intensity and Co-Creation

(d) Social Influence and Perceived Value
(f) Perceived Value and User Experience

(h) Perceived Value and Co-Creation

Fig. 7. The Bayesian network between variables of arcs in Fig. 6 respectively.

above, social identity has a lot of influence on other indices.
Social identity can affect function value. The improvement of user
identity will enhance people’s self-satisfaction and the functional
perception of the community will be more inclusive. In the mean-
time, the functional value will also affect the user experience.
Users get information or share guides from the virtual tourism
community, then gradually feel the community’s convenience
and usefulness. The user’s perception of the functional value

based on the services of the virtual community directly affects
the user’s evaluation of the service function. Users are more likely
attention to the functionality and practicality of the community.
Users feel that the virtual community can easily meet their needs,
thereby increasing their satisfaction and willingness to continue
using it. Participation Intensity and group norm have a positive
impact on user identity in the virtual community. When users
get a high sense of identity and belonging, this emotion gives
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Fig. 8. The Bayesian network of users’ participation mechanism.

Table 3

Measures of centrality for the indicators in users’ participation mechanism network.
Variables Indegree Outdegree Total
Participation intensity 0 6
Subjective norm 3 3 6
Social identity 2 5 7
Group norm 1 3 4
Functional value 2 2 4
Emotional value 2 2 4
Social value 3 3 6
User experience 4 1 5
Share 4 1 5
Interaction 3 0 3
User satisfaction 3 0 3

users the motivation to share in the community and helps users
realize their social value. On the other hand, with the enhance-
ment of user identity, their subjective consciousness will also
increase, and subjective norms will not be disturbed by the ex-
ternal environment, enabling users to make subjective judgments
on the value of community functions. Based on our causal net-
work graph, operators of the virtual tourism community should
take measures to improve users’ sense of identity and belonging.
Based on the characteristics of the virtual tourism community,
providing users with a travel experience, promoting online and
offline interaction and experience between users, enhance the
cohesion and stickiness between users and the community and
jointly co-create greater value for the community.

User experience comes from the user’s spontaneous internal
reaction. Through our research, we found that user experience
can directly influence users’ evaluation of virtual communities. It
is related to the stickiness of users to communities and their will-
ingness to continue using virtual communities. Managers should
focus on the role of user experience in community develop-
ment. Therefore, we recommend that operators of the virtual
tourism community should continuously improve the functions
of the community and establish simple user interfaces and oper-
ating methods. Protect user privacy, and thus users can operate
and experience conveniently and comfortably. Increase the en-
thusiasm and community involvement of community members.
Make it easier for users to obtain and publish information in the
community, provide convenience for users to communicate with

10

other members, and continuously improve user experience in the
virtual tourism community

User satisfaction is the overall evaluation of the community,
so the managers of the virtual tourism community should take
measures to improve the level of user satisfaction. Based on the
network we built, the improvement of user satisfaction needs to
be achieved through user experience and perceived emotional
value. Users will continue to enjoy the experience brought by
the product or service when they perceive the results as being
beneficial to themselves. It can be realized by material and spir-
itual incentives, such as the virtual tourism community, tourism
talent honorary title, and so on. Users will enjoy sharing and
improving their user satisfaction. In addition, managers need to
provide a harmonious community communication environment
and establish a good feedback channel. Users can make friends
in the virtual tourism community and have a relaxed and pleas-
ant mood, so as to deepen the emotional connection with the
community.

4. Conclusion

In this paper, we proposed a Grouped Average Bayesian Net-
work method to find the most suitable structure for analyzing
users’ participation mechanisms in the virtual tourism commu-
nity. Grouping variables with expert knowledge can reduce com-
putational complexity and improve the interpretability of the
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Table 4
Questionnaire designed for this research.
Factors Question
Gender My gender.
Personal Age My age.
information Income My income level.
Educational My education background.
Community Which virtual tourism community is being used.

Participation intensity

The average time you spend in the virtual tourism community each day.
The average number of logins to the community per week.

I often update my personal homepage.

I am active in a virtual tourism community.

Subjective norm

[ have friends in this virtual travel community.
People who have influence on me think I should use this community.

Social influence Social identity

My personal image matches the image of the virtual tourism community.
[ feel that my world outlook is consistent with the values of community.
I have a sense of belonging to this virtual tourism community.

[ am a valuable member of this virtual tourism community.

[ am an important part of this virtual tourism community.

Group norm

I clearly understand the goals of other members of the community.
The goals of participating in this community are same as other members.

Functional value

I can get valuable information and knowledge in this community.
I can get services or help in this virtual tourism community in time.

Perceived value Social value

[ feel trust in this virtual tourism community.
I have friendship and keep in touch with members of this community.

Emotional value

I feel relieved and relax in this virtual tourism community.
Participating in the activities of the community will make me happy.

User experience

[ think this virtual tourism community is easy to operate.
I will use this virtual tourism community for a long time.

Share
Co-Creation

[ often share and repost information on this community.
I often post status and express views and opinions on this community.

Interaction

I actively participate in the interactive activities of this community.
[ often help other members of this virtual tourism community.

User satisfaction

I am satisfaction with this virtual tourism community.

model. Considering the non-linear correlation between the indi-
cators in practical problems, the linear correlation will receive
more attention, we compound Pearson’s r and MIC then gets the
Mixed Correlation Coefficient to describe the relativity between
indicators. Also, we initialize the network by MCC and CARE to
improve the efficiency of model optimization. In order to get a
stable model, an averaging method is used to consensus DAG by
choosing high-frequency arcs. We simplify the network to better
explain the causality between indicators.

The Bayesian network has some advantages as a tool for build-
ing a graphical causality model of users’ participation mech-
anisms in the virtual tourism community. On the one hand,
the Bayesian network is a graph-based model of the conditional
probability distribution that captures correlation and conditional
independence between variables. On the other hand, the Bayesian
network is a data-driving model that can learn the structure just
from the training samples. Moreover, Bayesian networks can eas-
ily incorporate expert information, which dramatically improves
the reliability and interpretability of the model.

It is the first time that a Bayesian network-based method
has been used to study user participation mechanisms in the
virtual tourism community. Also, it’s the first time to study 11
influential factors in the virtual tourism community’s user par-
ticipation mechanism in one model. In structural learning, the
Bayesian network can be regarded as a promising tool, which
can be used to model and analyze the causality relationship
between indicators of users’ participation mechanism in virtual
tourism communities. The Bayesian method has no limit on the
number of variables analyzed. Except for the eleven indicators we
have chosen in this paper, many other variables of the virtual
community participation mechanism can also be increased in
future research.

11

Analyzing the Bayesian network of users’ participation mech-
anism, we found that participation intensity and social identity
are the most important factors in the users’ participation mech-
anism of the virtual tourism community. On the one hand, it
can strengthen the vitality of the community, and improve the
sense of belonging and identity of users by encouraging users to
participate and improve their participation. On the other hand,
with the improvement of user identity, the possibility of user
stickiness and value co-creation will be significantly improved.
The research shows that by encouraging users to share their
views, users can participate in the interaction more frequently
and promote the development of the virtual community. Besides
modeling a network for all variables, we also obtain the causal
network between groups. The causal relationship between the
variable groups can be confirmed with the hypothesis in the
previous study. On the other hand, this shows that the models
we built in this paper are reasonable.

Based on the causality network we obtained, we found that
user satisfaction and co-creation both are outcome variables of
user participation mechanisms in the virtual tourism commu-
nity. Simultaneously, emotional value and functional value will
directly affect user satisfaction, proving that the customer pays
more attention to practicality and perceived value. Both social
identity and subjective norms have a significant impact on co-
creation, while subjective norms do not. This not only provides a
new research direction for the participation mechanism of value
co-creation, but also provides a two-way expansion for further
research. Our model is not only suitable for the virtual tourism
community, but also can provide references for other virtual
communities.

In the future studies, we intend to select more indicators for
analysis, optimize the setting of questions and collect feedback
from more users of various ages in different countries, to optimize
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the structure of the network, hoping to obtain a more reliable and
explanatory model. Besides, we will provide references for the
development of virtual communities, especially virtual tourism
communities, to help them provide better services for the users.

Data transparency: The data used to support the findings of
this study are available from the corresponding author upon
request. Our questionnaire can be found on the internet: https:
[[www.wjx.cn/jq/49696513.aspx. The questions of the question-
naire have attached in the appendix. All programs in this paper
are implemented based on python.
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