
Research on the Internal Relationship 

Characteristics and Their Influences of 

Knowledge Sharing Multilevel Network in 

Q&A Community 

Chen Xiaohuia,1 and Hu Ping 

a 
a

 School of Management, Xi’an Jiaotong University 

Abstract. The virtual communities have become the main position for people to 
create and share content in today's society. It not only realizes the dissemination of 
knowledge and information, but also promotes the formation of the relationship 
between users. The traditional related studies treat all information in Internet as 
knowledge, which deviate from the real situation. Therefore, this paper uses text 
classification technology to classify the answer texts under the topic of "English 
learning" in the "Zhihu" Q&A community, and extract the real knowledge under 
the topic. On this basis, a multilevel network about answer-users’ knowledge 
sharing is constructed, and three subgroups with different users’ node degree are 
divided. The multilevel network exponential random graph models are used to 
explore the influence of local structural characteristics formed by the relationship 
between users on the whole multilevel network. The results show that: When the 
node degrees of answer-users are small and the network structure is stable, the 
initiative of sharing knowledge is small and the homogeneity of knowledge 
content is high; if there are structural holes in the network, answer-users will 
create an obvious clustering effect, and the heterogeneity of shared knowledge is 
high; for the subgroup with the largest answer-users’ node degree, the relationship 
between users is tight and the network structure is stable, then the shared 
knowledge is more heterogeneous. 
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1.Introduction 

The transmission of information and knowledge resources based on the Internet has 

become a mainstream trend. In online Q&A communities, users can ask questions 

freely and other users will participate in answering questions, which realizes the 

transfer of knowledge and information. Users’ activities may affect the complex 

information flow within the platform, thus forming a huge social network with levels of 

nesting. Based on the theories of social capital, social exchange and social cognition, 

many studies analyze the influencing factors of knowledge sharing in virtual 

communities [1],[2] and the factors that may affect users’ motivation and willingness of 
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knowledge sharing in virtual communities [3],[4],[5],[6]. Moreover, the researchers 

also explore the factors that promote the knowledge sharing behavior of community 

members [7],[8]. It can be seen that the studies mainly from the perspective of "users" 

and pay less attention to the impact of local structure generated by the relationship 

between users on the whole network.  

In addition, most of them ignore the interaction between different networks and 

treat all information as knowledge. Thus, this paper uses the text classification method 

to classify the answer texts from “Zhihu” Q&A community and extract the real 

knowledge. In addition, it constructs a multilevel network of answer-users’ knowledge 

sharing and uses the multilevel network exponential random graph models (ERGMs) to 

explore the possible relationship characteristics created by different network levels’ 

interaction and the influences of the local network structures represented by these 

relationship characteristics on the overall network. 

2. ERGMs and Multilevel network ERGMs 

ERGMs can investigate the influence of some local substructures on the whole 

network through the statistical analysis of network structures. It can draw a conclusion 

by comparing the statistical results of real network data with the expected values of the 

variables in the model simulation results [9]. At present, people have gradually 

extended this kind of researches to more complex fields, such as ERGMs for affiliation 

network [10] and multilevel network [11]. 

Multilevel network ERGMs examine multiple networks and the interaction effects 

between these networks. Due to the complexities and difficulties in this method, the 

main study is about the model specification and variable selection [12]. Recently, there 

are few studies apply this method to the real networks [13],[14]. It could explore the 

possible local structure variables exist in the multilevel network and the interaction 

effects among different network levels. Different from the traditional empirical 

research methods, it is an exploratory empirical study method, which helps us to 

discover the internal features of real networks. Therefore, we use it to achieve the 

research objectives.  

3.Research data and method  

3.1 Data  

In this study, we use Python to crawl the relevant users’ information, questions and 

answers of “English Learning” topic in Zhihu from 9th November of 2017 to 13th 

January 0f 2018. Finally, 6296 answer texts and 6296 answer-users are collected. 

At present, there is no standard classification thesaurus for Chinese text 

classification. Therefore, based on the classification system of Zhihu platform, 

combined with the classification modes of Netease, Sina Weibo and other virtual 

communities, this study constructs the "English learning" answer texts classification 

vocabulary with 13 tags (Examination, Grammar, Word, Institution, Speaking, 

Pronunciation, Method, Translation, Materials, Software, Listening, Reading and    
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Writing). We use the sequence to sequence (Seq2seq) algorithm and combine with the 

Encoder-decoder module of LSRTM model to improve the algorithm, and finally get 

3768 answer texts with tags. 

3.2 Multilevel network construction 

The multilevel network ERGMs include three levels, Network A and network B are 

two different levels of network, and the affiliation network generated by their 

relationship, namely network X, is the middle network [11]. The specific model 

equation is as follows, 

P�A = �,� = �,� = �� =
�

����
exp (∑
� ����� + 
������ + 
������ + 
�����, �� + 
�����, �� +


�����, �, ��  (1) 

Where, �����, ����� and ��(�)represent the network effects of networks A, B 

and X respectively. ����, ��, ����, �� and ����, �, �� are the interaction effects 

between networks A and X, networks B and X, and three networks A, B, and X, 

respectively. 

A multilevel network about answer-users’ knowledge sharing is constructed as 

follows: Answer-users network (A): If two answer-users answered a same question, 

their matrix position in the network is marked as 1, otherwise it is 0. Knowledge 

network (B): According to the results of text classification, the answer texts of users 

can be divided into 13 knowledge tags. If two different tags appear in a same answer, 

the matrix position in the network is marked as 1, otherwise it is 0. Affiliation network 

(X): If one answer user’s text contains one Knowledge tag, they are defined as related, 

and the matrix position is marked as 1, otherwise it is 0. 

Network subgroup extraction: Due to the low density of the answer-users 

network (0.0035), it is difficult to analyze the overall network after text classification. 

Therefore, we use the node degree method in Pajek to partition the answer-users 

network. Moreover, the FR algorithm is used to visualize the network [15]. Then, we 

can extract three subgroups with 54, 66 and 116 node degree, respectively.  

4. Model Estimation 

Since one of the difficulties of multilevel network ERGMs is model convergence, this 

paper analyzes the possible network effects in the model and finally obtains the 

corresponding convergence model of three subgroups. Table 1 shows the parameter 

estimation results of each model. If the absolute value of the parameter is greater than 2 

times of the standard deviation, it is considered to be significant. 
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Table1: Estimation results of three multilevel networks  

Network level Effects subgroup 1 subgroup 2 subgroup 3 

Network A Cycle4A -- 0.0001* -- 

Network B 

EdgeB -8.7794 -0.0832 1.6366 

Star2B 1.8891 -- -0.2822 

Star3B -0.4082 -- -- 

TriangleB -- -0.2468 -- 

ATB -- -- 0.3114 

Network X 
XEdge -2.6599*  -- 

XACB 0.0938* -0.035* -0.0283* 

Network B&X 

Star2BX 0.4375 -- -- 

StarAB1X -0.2728 -- -- 

L3XBX 0.0029 -- -- 

EXTB 0.0031 -- -- 

Note: “*” represents that the parameter estimation result of the variable is significant. 
 

(1) Answer-users network (Network A): The results in Table1 show that under the 

premise of model convergence, no network effect of network A is found in subgroup1 

and 3. This is because the network (A) density of the two subgroups is 1, which means 

that all nodes are fully connected and the network structures are stable. The network 

density of subgroup 2 is 0.5, there are unconnected nodes and the parameter estimation 

result of variable Cycle4A is positive significantly. This parameter reflects the 

clustering effects in network A. It shows that when there are unrelated nodes in 

network A, there will be more clusters in the multilevel network. In these small clusters, 

the relationship between answer-users will be closer, and the knowledge contribution 

behavior of answering-users will be affected by other users associated with them. 

Knowledge is transferred to each other in these small clusters to form a closure. 

Compared with other network structures, this closed structure can make users in the 

clusters receive more kinds of knowledge, and the transmission performance of 

knowledge in such clusters would be better. The results of subgroup2 show that when 

there are obvious structure holes in network A, the aggregation characteristics among 

answer-users in the multilevel network are more obvious. 

(2) Affiliation network (Network X): Network X reflects the knowledge sharing 

behavior of answer-users. Table1 shows that XEdge participates in the converging of 

subgroup1 model and is negative significantly. It means that in the subgroup with the 

smallest node degree of answer-users, people are less inclined to share knowledge. 

According to social capital theory, the interaction between users has a positive 

relationship with the amount of knowledge sharing [3]. The parameter XACB indicates 

the homogeneity tendency of knowledge content shared by different answer-users. 

When XACB is positive and significant, the more answer-users share the same kind of 

knowledge. A negative XACB indicates that users pay more attention to the 

heterogeneity of content when sharing knowledge. Sharing original knowledge can 

improve users’ status and popularity in the platform, and the competition among similar 

users also makes the answer-users output different knowledge from others. According 
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to social network analysis theory, the characteristics of users in social network can be 

expressed as their status in the network, that is, the network reputation of users [16]. 

The higher the network reputation, the more popular the users are in the network, and 

the more other users have established relationships with them. For answer-users, 

sharing original knowledge can make them stand out in the platform and improve their 

popularity. The recognition of other users to these original knowledges will promote 

answer-users to get more attention, thus changing their relationship structures, 

enhancing their reputation in the network and gaining more authoritative network status. 

On the other hand, if answer-users want to improve their network reputation, they need 

to create original knowledge which is different from other competitors, improve the 

attraction of their output content, so as to obtain more recognition and attract more 

people to establish relations with them.  

To sum up, in subgroup 1, the relationship between answer-users is less close than 

the other two subgroups, and users share less knowledge. At the same time, the 

knowledge sharing content of users in the corresponding multilevel network of this 

subgroup is relatively high. For subgroups 2 and 3, the users pay more attention to the 

heterogeneity of their knowledge output so as to get more attention in the platform. 

According to the results of network A, there are obvious aggregation characteristics 

among the answer-users in subgroup 2, and the knowledge heterogeneity shared by 

these users is higher, which once again confirms the relationship between the closeness 

of the answer-users and the heterogeneity of knowledge output. 

If the absolute value of the goodness of fit t-value is less than 2, it means that the 

goodness of fit of the model is good, which can fully explain the sample network [11]. 

The results show that all variables of three models have passed the goodness of fit test, 

so the results of model estimation are reasonable and meaningful. 

5. Conclusion 

To sum up, the structural characteristics and relationship compositions of the 

answer-users network have a significant impact on the knowledge sharing multilevel 

network, which not only affects the enthusiasm of users to share knowledge, but also 

affects the heterogeneity of the shared knowledge content. Meanwhile, the shared 

knowledge content also could affect the relationship between answer-users. In the 

multilevel network, the structural characteristics and relationship compositions of 

answer-users network are closely related to the network composed of their shared 

knowledge. Firstly, relationship structures of answer-users network affect their 

enthusiasm to share knowledge. When there are fewer associated users in the network 

and the less edges between answer-users, the narrower the scope of knowledge 

transmission they share. Therefore, the less sense of achievement the answer-users can 

obtain from the network, and they are more inclined to output less knowledge. On the 

contrary, when there are more edges between users, they share knowledge more 

actively in order to obtain higher sense of achievement and higher network reputation. 

Secondly, when there are more clusters in answer-users network, these aggregated 

users respond more closely, and knowledge transferred better between them. However, 

the higher the homogeneity of shared knowledge content, the lower the probability of 

being noticed and recognized. In order to stand out from the competition, users tend to 

output heterogeneous content. In addition, the greater the degree of nodes in 

answer-users network, the wider the range of knowledge dissemination. Similarly, in 
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order to distinguish from other answer-users and gain higher reputation in the network, 

they are more likely to share knowledge with high heterogeneity. This paper extends 

the social network analysis about knowledge sharing in virtual communities to the 

multilevel network's extent. The relationship generated by answer-users and the content 

characteristics of knowledge are integrated to analyze the relationship between local 

substructures in different network levels and its impact on the whole multilevel 

network. The relationship characteristics and structural variables that affect the 

knowledge sharing of users are explored. 

In view of the fact that this paper is an exploratory study, it still has some 

limitations. First, the research does not consider the users’ attributes, and how different 

attributes affect the multilevel network. Second, it only selects the sample data under 

the topic of "English learning". Whether there are obvious differences in the network 

under different topics needs further analysis and research. 
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