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ABSTRACT. English knowledge sharing is the chief way for students to accumulate Eng-
lish knowledge, so the prediction of their sharing behavior is of great value. However, ex-
isting methods have a large number of incomplete relationships, leading to unsatisfactory
prediction results. Based on this, this paper investigates a knowledge graph (KG)-based
method for predicting English learning knowledge sharing behaviors in a social network
environment. Firstly, the knowledge points of English learning are modelled as KGs, the
mapping relationships of different entity structures are established, the TransD model is
optimized based on the relationship path information and hierarchical relationship struc-
ture (ETransD), the representation of entity information is added to the path, and the
information of hierarchical relationship structure is introduced in order to improve the
ability of entity and relationship representation. Then Graph Convolutional Network
(GCN) is used to capture the correlation between users and social relations, mine user
features, and combine with ETransD to extract shared knowledge features. Meanwhile,
the attention mechanism is used to aggregate user and shared knowledge features, and
the aggregated vectors and user vectors are computed to get the vector similarity by in-
ner product, and the final prediction probability is obtained by prediction function. The
experimental results show that the average prediction accuracy of the proposed method
reaches 91.8%, and the coefficient of determination R? reaches 0.962, which is better
than the comparison method and greatly improves the prediction efficiency.

Keywords: Social network; Knowledge graph; Graph convolutional network; Attention
mechanism; Sharing behavior prediction

1. Introduction. Knowledge sharing refers to members’ knowledge exchange and dis-
cussion with each other through various channels within an organization, with the aim
of expanding the use value of knowledge and generating the effect of knowledge through
the exchange of knowledge [1]. In today’s big data era, knowledge sharing has become an
important decision for national big data and one of the important supporting technologies
for data economy. While English is a subject that involves a lot of knowledge, knowl-

edge sharing is the main way for students to accumulate and integrate their knowledge
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[2]. With the progress of the times, Internet technology has received wide attention and
rapid development, a variety of network applications are emerging, always producing huge
amount of English knowledge resources, the amount of data shows explosive rapid growth,
how to more accurately and quickly predict the English knowledge sharing behavior, as
well as efficiently use these data resources to facilitate people’s lives, is the current issue
that requires to be addressed urgently [3, 4].

1.1. Related work. Traditional studies have mainly focused on the analysis of user-level
factors of knowledge-sharing behavior. Shih and Lou [5] showed that knowledge-sharing
behavior can be influenced by individually oriented expectations, but more accurate pre-
dictions can be made through socially oriented expectations. Chen et al. [6] used individ-
ual perceived bridging capital as a variable and used SVM for knowledge sharing behavior
prediction. Cai et al. [7] found that perceived ease of use was the factor that had the
greatest impact on sharing behavior, and input it into a regression tree for behavior pre-
diction. Chen et al. [8] categorized the distribution of topics of shared knowledge based
on LDA, and used Logistic regression models to construct a prediction model.

The neural network structure captures the higher-order features of the input data, and
these features enable it to process knowledge data efficiently, so many researchers have
used deep learning techniques and auxiliary information such as social relationships to
generate more effective and comprehensive feature representations to improve the pre-
diction performance of knowledge sharing behaviors. Chang et al. [9] used CNN-LSTM
to build a prediction model based on a search engine environment to study the trend of
users’ sharing behavior on different pages. Tong and Zhan [10] used a multilayer per-
ceptron (MLP) network to predict knowledge sharing behaviors using data on English
knowledge and user characteristics shared by users on a MOOC platform. Zhong et al.
[11] considered knowledge features, social relationships between users and used RNN and
attention mechanisms to predict user sharing behavior on Facebook.

Recently, knowledge graph (KG), as an emerging approach to knowledge representation
and management, has gradually received attention in the field of knowledge sharing behav-
ior research [12,13]. Mining and analyzing knowledge using KG technology can facilitate
more efficient knowledge sharing among users. Rossi et al. [14] Ying and used Graph
Neural Network (GNN) for feature extraction of English teaching KGs, and achieved the
prediction of sharing behaviors by softmax, but the prediction effect is not satisfactory.
Liang et al. [15] proposed an efficient graph convolutional neural network to analyze senti-
ment data thus improving the sharing behaviour prediction performance. Ramezani et al.
[16] combined the knowledge graph representation technique TranSD and graph attention
network to achieve the prediction of users’ knowledge sharing behavior. To improve the
accuracy of prediction, researchers and scholars have incorporated social

network data into their models [17]. Social relationship data belongs to graph data,
which reflects the trust relationship of users, and GNN is extremely suitable for dealing
with this kind of data. Tran et al. [18] used GCN analysis to extract social network data to
enrich the user’s representation vectors, thus improving behavioral prediction. Zhang et al.
[19] used GCN to analyze user social network data to enrich the semantic representation
of users and to build a knowledge graph, which leads to a vector representation of the
knowledge, and finally fuses the user and knowledge representation vectors for sharing
behavior prediction.

2. Theoretical analysis.
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2.1. Knowledge graphs represent learning techniques. A KG has the structural
characteristics of a graph and consists of nodes and edges [20], where each node repre-
sents an entity and each edge corresponds to a link between entities. Each node represents
an entity, each edge corresponds to a link between entities, and every two nodes and one
edge constitute a piece of knowledge, i.e., a triple (h, r, t) . KG models the relationship
between knowledge in the form of a triple, and the semantic information it contains can
be of great help in predicting sharing behavior. To overcome the data sparsity issue of
KG, traditional data processing approaches, such as the unique heat code representation,
are susceptible to data sparsity, and the computational results may be inaccurate and
complicated. In contrast, representation learning methods project entities and relations
into vector spaces for computation, effectively alleviating the data sparsity problem and
significantly improving computational efficiency. The KG representation model is mainly
a translational distance model [21], which is centered on the distance metric and inscribes
the distance between entities through a scoring function, based on which the reason-
ableness of the triad is judged [22]. Commonly used models for translational distance
representation include the TransE, TransH, TransR and TransD models [23], while the
TransD model is an improvement of the other three models and consists of two parts, the
entity semantic space and the relation semantic space, as shown in Figure 1. However,
considering different entity types, the TransD model sets two different projection

matrices A and B for the head and tail entities to perform the corresponding calculations
as

shown in Equation (1) and Equation (2), where wh ,wt , wr

is the projection vector of head and

tail entities and relations, respectively, and I is the unit matrix.

M = I 4+ wywi (1)
M = I 4+ waw! (2)
Similar to other representation models, the score function for TransD is as follows.
fr(h,t) = ||M,.hh + 1 — Mﬂﬁt”l/2 (3)
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Figure 1. TransD model structure

2.2. Graph convolutional network. In deep learning, convolution is usually operated
on Euclidean data, however, in practical applications many are non-Euclidean data, such
as graph- structured data [24]. Social networks and KGs can then be represented as
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graph structures. There are many difficulties in applying convolution on graph structure,
as shown in Figure 2, the Euclidean data is a regular matrix structure, but the graph
structure does not have such a regular structure, in the graph, each node has a different
number of neighbors, which makes it impossible to fix the convolution’s function to achieve
the weight sharing in the graph structure.

0
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Figure 2. The difference between Euclidean spatial convolution and graph con-
volution

Convolution operation
AN

To implement the convolution operation on graphs, GCN [25] tries to define convolution
in spectral space using the convolution theorem with the following equation.

frg=FNF(f) Flg)) (4)
where * is the convolution operator, - is the dot product operation, F(f) denotes the

Fourier transform of f, and F~!(f) denotes the Fourier inverse transform. The convolu-
tion operation is represented on the graph as follows.

gy =U((U"z)e(U"y)) (5)
where *g denotes the convolution operator on the graph, x is the signal in the nodal
domain, U”x is the representation of x in spectral space, y is the convolution kernel
signal on the nodal domain, Uy is the representation of the convolution kernel signal in
the spectral domain, and ¢ represents the elemental product of the signal.

Let UTy = [04,...,0,], g = diag([0y,...,0,]), the final graph convolution can be ex-
pressed as follows.
rxqy=UgyU"x (6)
where gy denotes the convolution kernel in the spectral domain.

3. English learning knowledge graph construction and representation learning.

3.1. English learning knowledge graph construction. To construct the KG of Eng-
lish learning knowledge, this paper models the knowledge points used in English learning
and establishes the mapping relationship between different entity structures in the knowl-
edge base, the technical architecture of KG is shown in Figure 3. Taking the entity knowl-
edge point of English learning as a spatial structure, it is represented as G = (E, R, T),
E = (ey,ea,...,6,) is the entity set, n represents n entities in the knowledge graph, is the
set of relations, and R = (rq,72,...,Ty) represents the number of relations has m. Each
triplet in the set is represented by (h,r,t), with h,r t representing the head, relation,
and tail entities, respectively. Then the transformation function of the entity in space is
shown as follows.

gth,r,t) = |[h +r—t]] (7)
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where ¢ represents the transformation function of the entity in space. In the process of
conversion, the greater the value of g(h,r,t), the higher the degree of matching between
English learning knowledge points and facts. To concretized the KG and establish the
semantic relationship between different knowledge points, the transformed entity infor-
mation is used, and the final English learning KG is shown in Equation (8).

K = g(h,r,t)ht" (8)

where K represents the constructed English learning KG; a represents the physical di-
mension corresponding to the knowledge point.
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Figure 3. The technical architecture of KG

3.2. Learning English knowledge graph representation based on enhanced TransD
Model. The current TransD ignores the underlying knowledge hidden by the wealth of
additional information, resulting in an inaccurate representation of the entity and re-
lational vectors and an inability to train the model more effectively. Thus, relied on
relational path information [26] and hierarchical relationship structure [27], this paper
optimizes the TransD model (ETransD), adds the representation of entity information
into the path, introduces the hierarchical relationship structure information, and com-
bines the TransD model that can handle complex relationships. Integrate into one model
to improve entity and relationship representation in KG.

There is a relational path p = {ry,ej,ro,...,e,1,7,} between the entity h and ¢,
where m indicates that this path has m relationships and m — 1 entities. The vector
representation of the path is obtained by adding the relationship on the path and the
vector of the entity by the addition operation.

For the two relationship information between (h,r,t), the score function is defined as
follows.
where E(h,r,t) is the score function for (h,r,t) in KG, E(h, P,t) is the score function for
P with multiple relational paths between entities, as shown below

1
B(h,Pit)=— > R(p|ht)E(hp1) (11)
peP(h,t)

where Z is the normalization factor, R(p | h,t) represents the possibility of the existence
of a relational path P between (h,t), and E(h,p,t) is the score function of a single path
between entities.
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For the goal of addressing the issue of entity sparsity and enhance the representation
ability of KG, the three-layer hierarchical relationship structure is used to effectively in-
tegrate rich hierarchical information into the relational vector. By forming relationships
into relational clusters, similar relationships are very close in semantic connection, and
learning them together is conducive to knowledge sharing and obtaining more valuable
information. For (h,r,t), the vector representation of r is the sum of the vector repre-
sentation r. of the relation cluster, the relation-specific vector representation 7/, and the
vector representation r, of the subrelationships rgyrs = 7. + ' + r,. Thus, the vector
representation of each relation can make use of information from the three levels of struc-
ture, which ultimately leads to a score function that adds hierarchical information to the
structured base.

EHRs(h,T',t) = ||h +7“C —f-?", —f-?“s - t||1/2 = ||h +THRS — t||1/2 (12)

Then, the relational path information and the hierarchical relationship structure in-
formation are unified to obtain the comprehensive score function based on the relational
path information and the hierarchical relationship structure information, as shown below.

E = Eugs(h,r,t) + E(h, p, 1) (13)

4. Research on knowledge sharing behavior of English learning based on knowl-
edge graph in social network environment.

4.1. GCN-based user feature extraction for social networks. Intending to the ex-
isting knowledge sharing behavior prediction methods ignoring the user social relationship
and the problem of insufficient knowledge feature extraction, this paper carries out in-
depth extraction of the user features in the social network through GCN, and combines
with ETransD to mine the feature information of the shared knowledge to supplement the
knowledge feature vectors in the prediction task, and at the same time, uses the attention
mechanism to aggregate the user and shared knowledge vectors to get the potential feature
vectors, and puts the potential feature vector and user vector to calculate the inner prod-
uct to get the vector similarity, and the final prediction probability of knowledge sharing
behavior is obtained in the form of inner product through the prediction function. The
overall model structure of the designed knowledge sharing behavior prediction method is
indicated in Figure 4.
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Figure 4. The entire model structure of the designed prediction method



Sharing Behavior of English Learning on Knowledge Graph 2359

Knowledge sharing behaviors of English learning among users are influenced by their
social relationships [28], and social information contains rich information about user pref-
erences, which can be used as a complement to knowledge sharing data. To better use
social relationships to model the feature representation of users, this paper uses GCN for
the embedding propagation of user nodes in the social network graph, which is divided
into message creation and message aggregation, where each user can indirectly aggregate
information about its K-order neighbors through K message passes.

For two users v and v who are directly connected on a social network and have a
social relationship between them, using GCN to learn the social network graph, the L-th
message passing process from v to u is defined as follows.

m{) = flgh™, 957, puv) (14)
)

where mq< is the embedding of the message, f(-) is the message function which receives
as input the L — 1-order embeddings ¢/~ and g/~! on the social network graph, ¢° = ¢ is
the initialized user embedding representation, and p,,, is the decay coefficient.

To learn the weight coefficients between users flexibly and accurately, the messages
passed between users are defined through GCN and attention mechanisms as follows.

m{l) , = BL gt W (15)

where 311 is the weight of the effect of v on u at the L-th message propagation, calculated
as follows.

exp <Relu(aT [(Wgl=t Wyl ]))
- (16)
> exp (Relu(aT [Wgl=1 Wgl-1 ]))

weF (u)

uv

where w € F(u) is the first order neighbor of user u. ¢.71, ¢'7t, g/t is the L — 1-order

embedding of users u, v, w respectively, the W-matrix performs feature transformation on
the embedding, and |||| denotes the splicing operation.

After the message creation, in the message aggregation phase, the user u aggregates
the received messages to update his embedding as follows.

G, =o|mil,+ > mil, (17)
vEF (u)

where G!, is a feature representation where u aggregates information about its neighbors
and ¢ is an activation function. The self-feature can be preserved by passing a message

mq(f)HL = W51 to itself.

4.2. ETransD-based feature mining of shared knowledge for English language
learning. After embedding the representation of social network users, this paper firstly
employs ETransD, the KG representation learning model combined with optimization in
Section 3.2, to mine the feature information of shared knowledge in order to complement
the knowledge feature vectors in the task of predicting knowledge behaviors in English
learning. Firstly, (h,r,t) is taken as input and features are extracted from the head entity
h and relation r using multilayer perceptron respectively, and tail entity features are
predicted and taken as output, which is calculated as follows.

(2]

where 7 represents the initial features of the relationship, r, = My (R), t is the vector
of the predicted tail entity. h% = Eyvs(h) [CL (Vinit, h)[[e]]], h™ are the head entity feature
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representations corresponding to the knowledge, S(h) denotes the set of knowledge vec-
tors associated with the head entity A, v is the head entity vector, h denotes the shared
knowledge ID, and C* stands for the corresponding crossover matrix, as shown in Equa-
tion (19). The actual feature vectors of the target entity and the tail entity are combined,
and the inner product between them is calculated by the Sigmoid function to obtain the
score similarity function, as shown in Equation (20).

WO 1)@

VL €L Ve

CL _ I/L(GL)T — (19)
YD) L

score(h, 1, t) = f(t,1) = o(t'?) (20)

where t is the feature vector of the tail entity. The resulting partition function is normal-
ized to obtain the final prediction function, and the value domain is mapped between 0
and 1, d is the dimension of the corresponding vectors s and h for knowledge and entities,
and for latent features v, and entities ¢;, the feature vectors of the shared knowledge in
the next layer are output by projecting the cross-feature matrices into the latent layer
space representation.

VE = Cluyy + (CF) "wiy + by = v (e") "wyy + e (VF) Twgy + by (21)
where w” is the training weights and b is the bias parameter.

4.3. Feature aggregation and prediction of knowledge sharing behavior. To
achieve efficient aggregation of social network user features and shared knowledge fea-
tures, this paper uses the attention mechanism to process them to obtain the potential
feature vector x after the fusion of user and shared knowledge vectors, which is firstly
computed by the query vector () and the key vector K. The user vector is transformed to
be represented by the intermediate nodes G, and V¥ of the knowledge vectors, as shown
in Equation (22).

qi = WQGua q; = WQVL> ki = WkGu, kj - WKVL (22)

The fused potential eigenvector x is obtained by combining the W query vector trans-
formation matrix, the Wy key vector transformation matrix, and then the intermediate
nodes G, and V! with the following calculation.

G; - attm Gu + attLQ VL (23)
Vlll - attm Gu + attzg VL (24)
X =AG, +uVp (25)
where att; ; denotes the relative weights of the intermediate features and
exp(g:k; ) .
att; ; = —=————=, X and p denote the balancing factors.

DY exp(qik; )’

The fused potential feature vectors are used as inputs to the lower layer, and then
the inner product of the fused vectors and user vectors is computed to obtain the vector
similarity, and this is used to predict the user knowledge sharing behavior.

Juw = o((Gu - V) [ X) (26)

where o denotes the Sigmoid activation function.
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After establishing the knowledge sharing behavior prediction model, this paper alter-
nates the feature aggregation and shared knowledge feature mining modules for indepen-
dent training, and the loss function is designed as three parts, and the loss function of
the feature aggregation module is as follows.

Luv = Z f(gu’uv yuv) (27>

uecU,veV

where f(+) is the cross-entropy loss function and g, is the prediction function, the result
of the inner product is calculated by the activation function. The loss function of shared
knowledge feature mining module is as follows.

Lxa = Z score(h,r,t) — Z score(h/, 1", t') + Zrlog(r') (28)

(h1r7t)€g (hlirl?t,)¢g n

The goal of this module is to increase the scores of all positive triples while decreasing the
scores of all negative sample triples. The final loss function can be expressed as follows.
W

L= Luv + PILKG + p2T (29)

The last term of the loss function is a regularization term to prevent overfitting, which
consists of two balancing parameters p; and ps. p; is the ratio of the learning rates of
the two tasks and py is the hyperparameter. The gradient is decreased by the optimizer
function and the values of the parameters in the model are constantly updated.

5. Experiments and analysis of results.

5.1. Comparison of the accuracy of knowledge sharing behavior prediction.
This paper uses 3694 user data, 53978 English learning knowledge, and 9805 knowledge
sharing records crawled from online learning platforms in literature [29] as the experi-
mental dataset, and divide this dataset into training set, testing set, and validation set
according to the ratio of 7:2:1. The experiments were conducted with Windows 10 oper-
ating system, 64-bit processor, 1,755 MHz 24GD6 GeForce RTX 2080 Ti GPU, 256 GB
of physical memory, PyCharm2020 compilation environment, Python version Python3,
and Pytorch framework. To improve the robustness and convergence speed of the model,
the experiments use Dropout and batch regularization for entity embedding, and choose
L2 regularization to prevent overfitting. The learning rate is set to 0.01, the embedding
dimension of entities and relations is set to 100, and the batch size is 128.

For ease of analysis, the method in the literature [14] is denoted as MT1, the method
in the literature [18] as MT2, the method in the literature [19] as MT3, and the proposed
method as MT4, and the prediction is performed using the mean accuracy rate (MAP),
the overall accuracy rate (OA), the overall precision rate (OP), the overall recall (OR),
the overall F1 value (OF1), and the ROC curves accuracy assessment. This paper has
statistically counted the MAP of knowledge sharing behaviors of the four models on each
Batch size of the test set using box- and-line diagrams as shown in Figure 5. The MAP
values of MT1, MT2, MT3 and MT4 are 0.825, 0.863, 0.881 and 0.918 respectively, MT4
has the highest MAP value and the best prediction performance, and the performance of
MT2 and MT3 is almost comparable, MT1’s prediction accuracy is significantly lower than
that of the other three models, and although it constructs an English language knowledge
graph for the online learning platform, does not consider the platform’s the influence of
users’ social relationships on shared knowledge in the platform, so the prediction accuracy
is not high.
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Figure 5. MAP of different knowledge sharing behavior prediction methods

The prediction accuracy indexes of different methods are shown in Table 1. All the
prediction accuracy indexes of MT4 are higher than the other methods. The OF1 of
MT4 is 0.911, which is improved by 0.06, 0.022, and 0.018 compared with MT1, MT2,
and MT3, respectively. Both MT1 and MT2 are based on GNN for feature extraction
of English KGs, the difference is that MT2 considers social network data and enriches
the representation of user feature vectors, so the accuracy of MT2 is higher than that of
MT1. MT3 uses GCN for user and knowledge feature mining of social network graphs
and English KGs respectively, but it does not take into account the user’s neighborhood
information and does not optimize the representation learning model for KGs, and the
prediction accuracy is not as good as that of MT4, which in general performs the best in
terms of prediction accuracy.

Table 1. Prediction accuracy indexes of different knowledge-sharing behaviors

Indicator MT1 MT2 MT3 MT4

OA 0.824 0.861 0.894 0.933
opP 0.865 0.896 0.883 0.916
OR 0.838 0.882 0.904 0.907
OF1 0.851 0.889 0.893 0.911

Further, this paper compares the ROC curves and AUC values of the four prediction
methods in order to comprehensively analyze the prediction ability of the various methods
on sharing behaviors, and obtains the comparison graph shown in Figure 6. The hori-
zontal coordinate is specificity (False Positive Rate, FPR) and the vertical coordinate is
sensitivity (True Positive Rate, TPR). The AUC values of all methods are greater than
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0.9, indicating that all four methods are effective, and the larger the AUC value, the higher
the prediction accuracy of the model, and the AUC value of MT4 is improved by 3.3%,
2%, and 2.1% compared with that of MT1, MT2, and MT3, respectively, which indicates
that the prediction accuracy of MT4 is better than that of the other three models.

0.8 - ; S —
20.6 R
E S . 0.88
% . | 0.86
7 0.4 agts
J ) // g 0.2)5 0.‘10 0,‘15 0.‘20 0.‘25 0,I30
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027 ——— MT2 AUC = 0.946
— MT3 AUC=0.945
0.0 4 —— MT4 AUC =0.966
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0.0 0.2 0.4 0.6 0.8 1.0
Specificity

Figure 6. ROC curves for different knowledge sharing behavior prediction meth-
ods

5.2. Comparison of errors in forecasting. In addition to visualizing the prediction
capability of the four methods through the above prediction accuracy metrics, further
in-depth analyses of the prediction error metrics of the coefficient of determination R2,
the mean absolute error MAE, the mean square error MSE, and the root mean square
error RMSE are also needed to assess the prediction performance in a more comprehensive
way. The prediction error indicators for each method are shown in Table 2.

Table 2. Prediction error comparison

Indicator MT1 MT2 MT3 MT4
R2 0.875 0.913 0.937 0.962

As can be seen from Table 2, all the accuracy evaluation indexes of MT4 are better
than the other three methods, in which the MAE and MSE of MT4 are 0.084 and 0.135,
respectively, which are reduced by 0.112 and 0.124, respectively, compared with MT1,
0.059 and 0.079, respectively, compared with MT2, and 0.025 and 0.031, respectively,
compared with MT3. This suggests that a knowledge representation that incorporates
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users’ social relationships and KG is more suitable for solving the problem of predicting
knowledge-sharing behaviors in English language learning. Comparing the coefficient of
determination R2, the closer R2 is to 1, the higher the prediction accuracy of the model
is, and the R2 of MT4 is 0.962, which is the closest to 1, and it is improved by 9.9%,
5.3%, and 2.7% compared to MT1, MT2, and MT3, respectively. MT4 not only uses
the ETransD for knowledge feature mining, but also utilizes the attention mechanism to
merge the user features with the knowledge features and to highlight the critical features,
which greatly improves the prediction accuracy.

6. Conclusion. English is a subject covering a large amount of knowledge, and knowl-
edge sharing among students can significantly improve English learning ability. Aiming at
the problems that the existing knowledge sharing behavior prediction methods ignore the
social factors of users and the knowledge features are not sufficiently extracted, this paper
investigates a KG-based knowledge sharing behavior prediction method for English learn-
ing in the social network environment. Firstly, the English learning KG is modelled to
establish the mapping relationships of different entities. On this basis, the TransD model
is enhanced by uniting the relationship path information and the hierarchical relationship
structure (ETransD), and the vector representation of the relationship is converted into
the sum of relationship vectors at three levels by obtaining the potential semantic infor-
mation of the multi-step relationship paths in order to enhance the ability of knowledge
representation learning. Then GCN is used to capture social network user features and
combined with ETransD to mine the feature information of shared knowledge. Finally,
the attention mechanism is used to aggregate user and shared knowledge features, and
the final prediction probability of knowledge sharing behavior is obtained in the form of
inner product through the prediction function. The experimental outcome implies that
the suggested method has high prediction accuracy and low prediction error, and can be
better applied to the field of knowledge sharing behavior prediction.
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