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Information overload and cocoon effect make the phenomenon of emotional
polarization easily appear in online knowledge community. The mechanism of
emotional polarization of users in knowledge community is analyzed, so as to
reveal the formation rule of users’ emotional polarization in knowledge
community and summarize the intervention measures, provide a theoretical
basis for further effective control of polarized emotions of knowledge
community users. Starting from the theory of social network structure, based
on the PAD emotional model, starting from the dimensions of Pleasure, Arousal
and Dominance, focusing on the degree of user centrality, an index framework of
emotional polarization is constructed around three behavioral patterns of
information retrieval, information selection and information interaction. SOR
model is used to dynamically explore the polarization mechanism under this
framework. The results show that the heterogeneity of social network structure
has an effect on participants’ emotional perception and information behavior. The
polarization of Pleasure has a positive effect on user centrality, and the polarization
of Arousal and Dominance have a negative effect. User centrality positively affects
their information selection and interaction behavior, but has no significant effect
on retrieval behavior. The emotional polarization in the process of community
knowledge sharing is decomposed from different perspectives, and the
polarization mechanism is shared by combining social network structure and
information behavior. From the perspective of application, this is conducive to
promoting knowledge sharing, communication learning and information value
chain remodeling, and also provides a kind of insightful analysis paradigm for this
field.
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1 Introduction

With the popularization of online knowledge community, the
relationship between different individuals within it has formed a
specific social network. From the perspective of social network
structure, there are differences in the opportunities and abilities
of audiences to obtain information, and information stratification
has emerged in the digital society [1], that is, different network
structures in the community have different channels and contents to
obtain information, and the ability to effectively use information has
an impact on the status of the network society. Users have different
status in the network society, and their importance and influence are
also different, which will lead to corresponding changes in user
behavior.

Emotional polarization refers to the extreme situation in which
individual emotion deviates from the normal state, and it is an
important influencing factor to induce individual extreme behavior.
Multiple values and complex interest demands make users often
contain emotional views when commenting on information, such as
joy, sadness, anger, criticism, praise, etc. These views have a strong
personal subjective color. In the network environment,
“dematerialization” and “decentralization” coexist at the same
time. On the one hand, online people do not have to be forced
to submit to elite views, and on the other hand, online people have
no real identity background restrictions [2], which makes extreme
emotional consequences invisible. In the online knowledge
community, the emotional state of users is closely related to the
community network structure. The emotional polarization of users
will affect the overall public opinion guidance of the community,
and even cause the platform to fall into a bad atmosphere in serious
cases.

Therefore, this paper takes online knowledge community
‘Zhihu’ as sample data to conduct research, explore the
interaction of emotional polarization, network structure and
information behavior, dynamically describe the polarization
mechanism of users in the community, provide effective
suggestions for better dissemination, use and sharing of content
in online knowledge community, and promote the further extension
and development of content value chain in online knowledge
community. At the practical application level, it provides an
insightful reference paradigm for expanding the depth and
breadth of content services on the Internet platform, effectively
controls and guides the emotions of Internet users, promote the
sound development of the knowledge ecology of community
platform, provide guarantee for the establishment of a more
stable user emotional world and knowledge community platform,
promote the feasibility construction of emotional polarization
mechanism, and realize the sustainable progress and development
of cyberspace.

2 Analysis of research status

This paper uses “social network structure”, “emotional
polarization”, “user information behavior” as the subject words to
conduct literature retrieval and sorting, summarize and analyze the
current theoretical research, and quickly and comprehensively

understand the research trends and results of scholars in related
fields.

2.1 Research status of social network
structure

Online community is a virtual organization form that uses
digital technology to jointly create data, information and
knowledge [3]. In this form of organization, knowledge
collaboration takes place in an unprecedented scale and scope,
helping those seeking answers to questions to obtain guidance.
Participants improve their professional knowledge by learning
from others, so that users can transform between content
producers and content consumers.

Social network structure refers to the direct or indirect
association mode between social members and the association
mode existing in the individual set. It is a type of social network
based on individual characteristics and group relations [4]. The
essence of online community is the collection of community
members and their organizational relationships [5], which divides
the structure into three aspects: actors, relationships and
connections. The social network structure in the online
community can be expanded from the overall network
measurement and network centrality analysis. The indicators of
the overall network measurement include the density of individuals
and community centers, the level of network density, clustering
coefficient, etc., which are mainly used to measure the degree of
tightness between nodes in the community network [6]. Simpson [7]
found that there is direct dynamic feedback between social networks
and organizational levels. The intimate relationship and reciprocal
relationship between members of organizations promote the
emergence of the whole network supporting social ties. The types
and attributes of organizational levels in social networks, as well as
the relative position of individuals in them, will affect and be affected
by status differences; Li Zhuoyu [4] analyzed the social network
structure based on the knowledge map theory, and the research
results revealed the association relationship and path distance of
each node in the online community; Deng Jun et al. [8] found the
user size of the online knowledge community is positively related to
the value users feel from within the community through the
structural equation model. A perfect social network structure is
conducive to users’ obtaining a higher sense of self-worth; Gao
Xiaoyu [9] took the international students as the node to form a new
social network relationship through social media, and explored the
relationship between the density and type of social network
relationship of international students in the host country and
cultural identity from the perspective of social network
relationship; Wang Feifei et al. [53] believed that the enterprise
decision-making under the leadership of the successor is affected by
the social network embedded in it, which is reflected in the structural
characteristics and relationship characteristics.

Based on previous studies, it can be found that there is a certain
correlation between the social network structure of online
knowledge community and user behavior, and the social network
structure has become an important factor affecting the polarization
mechanism of user behavior. At the same time, the social network
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structure relationship has more far-reaching application value that is
worth exploring.

2.2 Research status of emotional
polarization

Scholars have various views on the definition of emotion: Shui
et al. [10] believed that emotion is an important research topic in
psychology, cognitive neuroscience and many other fields; Ye and
Ho [11] believed that the actual change of the individual’s
environment is an effective reflection of emotion; Cui Xiaomiao
and Wang Yi [12] believed that emotion is a state of emotional
arousal with a fixed configuration in the human neuroanatomical
system, including four basic emotions: anger, fear, sadness and
happiness; Wu Weihua et al. [13] defined emotion as people’s
general feelings about real life in a specific era, full of shared
values and social psychology; Guo Xiaoan et al. [14] believed that
there are differences between emotion and sentiment, specifically,
emotion emphasized the external performance of the subject’s
reaction to things, and sentiment emphasized the endogenous
feelings of the subject. In this regard, this paper believes that
emotion and sentiment have the same role in controlling
behavior, so this paper makes no distinction between emotion
and sentiment.

The emergence of social media and online communities has
made people’s communication more convenient. People
communicate and express their views through the Internet,
which has become an important channel for the public to vent
their emotions due to its convenience and inclusiveness. However,
due to the anonymity and fragmentation of network information,
netizens’ comments are more likely to be distorted or extreme. Users
in the network tend to communicate with users with similar views
rather than users with opposite positions, so information overload
and cocoon room effect make these views extreme [15]. Xing et al.
[16] found that social network users with the same opinion have
gathered. These users identify with each other and form a group,
refusing to accept other different views, which leads to the
intensification of group emotional polarization. When the
average value of emotions generated by public opinion is greater
than the initial value, it indicates that the phenomenon of group
emotional polarization has occurred [17]. Yang Guang [19] found
that the intensification of emotional polarization is affected by the
highly consistent online platform technology with people’s selective
contact, motivation reasoning, social identity and social identity
mechanism. In addition, Sunstein [20] found that when individuals
interact with each other within a group, their emotions and those of
the group they belong to will be more extreme, and explained the
causes of the irrational network phenomenon; ZhaoWanli et al. [21]
believed that emotional polarization is closely related to group
polarization, that is, group members have a certain bias at the
beginning, after discussion, people continue to move in the direction
of bias, and finally form extreme views, so that the groups involved
in the discussion fall into an emotional polarization state. At the
same time, emotional polarization is also shown in a more
macroscopic way: Hobolt et al. [18] carried out an exploration of
the western society of emotional polarization. They used surveys and
experiments to measure the intensity of the emotional polarization

of the parties and the Brexit countries, indicating that emotional
polarization can come from identities other than party relations.

As a subjective factor, user emotion affects the direction and
atmosphere of community public opinion, and the group emotional
polarization has become the focus of scholars’ research.

2.3 Research status of user information
behavior

User information behavior includes information retrieval,
information selection, information interaction, etc. Information
retrieval refers to the process of retrieving effective information
according to needs after information is organized, that is, the process
of using search engines to find needed information [22]. Generally
speaking, users’ demand for information directly leads to their
information retrieval behavior. Tan Chunhui et al. [23] built an
influencing factor model of information retrieval behavior based on
the motivation opportunity capability model, and found that when
the motivation, opportunity and capability factors are met at the
same time, online knowledge community users are more likely to
conduct information retrieval behavior; Deng Shengli et al. [24]
concluded that users’ information needs indirectly affect
information retrieval behavior by building an information
retrieval influencing factor model; Chen Xiaoyu et al. [25] found
that information requirements, information satisfaction and affinity
will have an impact on information retrieval behavior through
regression analysis.

From the perspective of information selection, ensuring the
correct adoption of information is critical to successful
information seeking, and the benchmark for adoption is whether
information is based on needs and can help users make the best
decisions [26]. Osatuyi et al. [27] pointed out that the reputation and
information quality of contributors are important determinants of
the choice of the best answer; Elwalda et al. [28] formed an
information adoption model based on information quality and
credibility, and proved that social support is the key prerequisite
for information quality and credibility by using social support theory
and information adoption model; Oliveira et al. [29] studied
information adoption characterized by diversification and
repeated influence stimuli, and confirmed that labels, forwarding,
and influential publishers have significant positive effects on
information adoption behavior; Han Zhengbiao et al. [30]
revealed the mechanism of emotion in user information behavior
model by analyzing literatures related to emotion.

From the perspective of information interaction, Xing Bianbian
et al. [31] believed that information interaction includes the
acceptance and distribution of information by individuals, which
is a two-way information behavior; Tara [32] found that creating
personal reputation, establishing or maintaining relationships, and
pursuing important commitments in the community will affect
users’ observable information interaction behavior.

2.4 Overview of research status

It can be seen from the above domestic and foreign research
status that most of the research on online knowledge community
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users’ emotions and emotional polarization focuses on the overall
emotional polarization, that is, emotions are analyzed as a single
variable. Few scholars separate emotions into different dimensions,
and study the dynamic polarization mechanism of the emotional
polarization of each dimension. The existing literature shows that
there is a certain correlation between users’ emotions and behavior
patterns in the online knowledge community, and the network
structure in the community will also affect users’ behavior, but
few articles combine the three for research. At the same time, in the
research on behavior patterns, domestic and foreign scholars usually
study each behavior pattern separately, and few scholars summarize
and analyze the behavior pattern as a whole. Based on the above
background, this paper explores the emotional polarization
indicator framework under the interaction of different
dimensions of emotional polarization, network structure and
overall users’ behavior mode, dynamically describes the
polarization mechanism under this framework, and puts forward
relevant suggestions for platform managers and community users.

3 Main concepts and theoretical
foundations

This paper analyzes emotional polarization based on the PAD
emotional model from Pleasure, Arousal, and Dominance
dimensions, taking user centrality as the core and information
retrieval, information selection, and information interaction as
the three behavioral models to build an indicator framework to
describe emotional polarization, so as to determine the background
and theoretical basis of the operation mechanism of this paper.

3.1 PAD emotion model theory

Emotion models can be used to describe the types of emotions
that arise in humans along the emotional dimension. Good emotion
models tend to describe the vast majority of emotional states with a
relatively small number of observations. Osgood [33] found that
emotional experience can be measured in terms of Evaluation,
Potency, and Activity. Mehrabian [34, 35] proposed the PAD
emotional model based on this research base for generalization.
The PAD three-dimensional emotion space can represent different
categories of emotions continuously and smoothly, which in turn
can represent the relationship between emotions [36]. It consists of
three independent dimensions of Pleasure, Arousal and Dominance.
According to the “+” or “-” values of the three descriptive
dimensions, 8 kinds of 3D emotion models of 2*2*2 can be
generated. In addition, the PAD model can be used in many
ways and has the advantages of being fast and intuitive, fault-
tolerant, and widely applicable. For example, Guo Yan [37]
combined the PAD model to study its role in influencing users’
information behavior; Jiang Ni et al. [38] used the PAD model to
assess users’ emotional experience during product use, which can be
used to assess task usability, immersiveness, etc., Song Ying [39]
constructed a text-oriented 3D emotion computing model for PAD
in order to extract the service experience emotion information
contained in UGC text. It can be seen that PAD model is more
suitable for emotion measurement and can make qualitative

judgment on user emotion. Therefore, PAD emotion model is
chosen as the theoretical basis in this paper.

3.2 Social network structure

Social network structure can be considered as an organizational
structure within a community. It combines micro factors such as
individual behavior and individual relationships with the macro
world such as social systems and organizational structures through
the relationship of networks. Therefore, social network analysis
method is widely used in the study of network structure. Social
network analysis is a method established for studying the
relationships between individuals, informal groups and formal
groups. It is often used to reveal the characteristics of
interactions between actors [40]. In social network analysis, an
individual is regarded as a node in a social network. The
connections between different individuals are regarded as the
threads connecting the nodes in the social network. The intricate
relationships between nodes and threads form the social network.

In this paper, we choose the model constructed by Li et al. [41],
which divides the social network into two dimensions: relational
dimension and structural dimension. Since this paper focuses on the
network structure in online communities and explores where users
are in the social network of online communities, this paper selects
the structural dimension in social networks. User centrality in the
structure dimension is chosen as a variable to measure the structure
of the network because it is an indicator of the importance of the
individual at the center of the network. According to Wang Lu [42],
user centrality indicates the user’s ability to engage with others in the
network. This indicates that when a user has a high centrality, he or
she is in the center of the entire social network and has more
connections with the rest of the information nodes and user nodes,
i.e., the user has a “star” effect in the online knowledge community.
When the centrality of a user is low, the user is at the edge node of
the community location, and the user has little or no connection
with the rest of the information nodes and user nodes, so the user
can be regarded as non-important and an “orphan” in the online
knowledge community network structure.

3.3 User information behavior

User information behavior refers to the user’s behavior related to
the acquisition, retrieval, utilization, and proliferation of
information. However, because there are many factors affecting
information behavior, and the definition of information behavior
from different perspectives is also different. Therefore, domestic and
foreign scholars do not have a unified view on the concept of
information behavior. Vanscoy et al. [43] considered information
behavior as an important area of knowledge for consulting service
providers because it provides structure for understanding user
information seeking and use. Zhang Yaxin [44] defined
information behavior as the activities of information acquisition,
selection, and utilization carried out by users based on the needs of
knowledge resources. Qu et al. [45] argued that user information
behavior refers to the user’s use of information technology services
to efficiently obtain the information they want, as well as their
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behaviors of selecting and optimizing information. In general, the
specific behaviors of users in online knowledge communities include
posting for questioning and sharing purposes, information retrieval
and browsing, post selection, commenting and liking, and
retweeting. In summary, combined with the characteristics of
users’ use of online knowledge communities, this paper argues
that users’ information behavior is based on users’ need for
certain information, spontaneous information search on the
platform, and selection based on the validity of the retrieved
information, and finally users will interact with other users for
information activities. Therefore, information retrieval, information
selection, and information interaction are selected as research
indicators in this study.

4 Model construction and research
hypothesis

4.1 Stimulus-organism-response model

Mehrabian [46] proposed the stimulus-organism-response
model (SOR model), which is used to explain the effect of
external stimuli on the organism, which will further stimulate
individual behavior. Among them, the stimulus factor represents
the external factors. From the macroscopic point of view, the
external stimulus to the individual can be political, economic,
cultural and other factors. From the microscopic point of view, it
can be the individual’s current psycho-emotional, physiological
state, etc. The organism factor represents the state of the
individual in the macro organization, i.e., the user’s position in
the macro network. The response factor represents the individual
response, including the feedback given by the user psychologically
and physiologically. Individuals are stimulated to change their
current state, and the difference in state leads to a difference in
individual behavior, which is the main generative principle of this
model. Since it was proposed, the SOR model has been widely used
in many fields such as sociology and management to study user
behavior. Pan et al. [47] explored the impact of social support based
on emotion-mediated mechanisms on user engagement behavior in
online health communities based on the SOR model. Tian et al. [48]
used the SOR model to investigate the impact of users’ use of social
e-commerce fashion products on their continuous purchase
intention.

In this paper, the PAD emotional model theory, network
structure, and theories related to user information behavior are
incorporated into the SORmodel. Among them, the PAD emotional
model corresponds to the stimulus factors of the SORmodel, and the
polarization of pleasure, arousal and dominance in the emotional
model all trigger individuals to be stimulated. The network structure
corresponds to the organism factors of the SOR model, and the user
centrality measures the user’s position in the network structure,
while the user network structure position is the external expression
of the organism. User information behavior corresponds to the
response factor of SOR model, and information retrieval,
information selection, and information interaction in user
information model as representative behaviors can reflect the
response done by users. For users in online knowledge
community, their degree of user centrality in the community is

affected by their different degrees of pleasure, arousal and
dominance. Individuals with different degrees of user centrality
will also show different information behaviors in the community.
The framework of the final emotional polarization indicator
operating mechanism is shown in Figure 1.

4.2 Variable definition and measurement

4.2.1 Pleasure—Arousal—Dominance
Pleasure-P (Pleasure-displeasure) in the PAD three-dimensional

emotional model represents the degree to which an individual’s
emotional state is positive or negative. Among the many external
manifestations of emotional states, “extreme liking” is a state when
the degree of pleasure is positively polarized; “extreme disliking” is a
state when the degree of pleasure is negatively polarized, both of
which can be regarded as having polarized pleasure. The state of “no
feeling”, which is neither liked nor disliked, can be regarded as zero
pleasure, i.e., the degree of pleasure is not polarized.

Arousal-A (Arousal-nonarousal) in the PAD three-dimensional
emotional model indicates the degree of physiological and
psychological involvement of the individual. The higher the
arousal of the individual, the higher the level of physiological
arousal on the nerves and the greater the attentional nature, and
vice versa. Among many external manifestations of emotional states,
“active participation” is an emotional state in which arousal is
positively polarized; “strong resistance” is an emotional state in
which arousal is negatively polarized, both of which can be regarded
as having polarized arousal. The state of “indifference”, which is
neither positive nor negative, is seen as zero arousal, i.e., arousal is
not polarized.

Dominance-D (Dominance-submissiveness) in the PAD three-
dimensional emotional model indicates the individual’s state of
control over situations and others, control and influence over
others and the external environment. Among many external
manifestations of emotional states, “extreme conceit” is an
emotional manifestation with a positive degree of dominance,
while “people follow the crowd” is an emotional manifestation
with a negative degree of dominance. The emotional state that
achieves equality of trust and control between oneself and the
surroundings can be considered to have zero dominance.

FIGURE 1
Operational mechanism framework of user emotional
polarization index in online knowledge community.
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Based on the research of Mehrabian [46] and Lunardo [49] on
emotional states, this paper measured three dimensions by referring
to the characteristics of online knowledge communities. As shown in
Table 1.

4.2.2 User centrality
User centrality indicates the degree of importance of users in the

online knowledge community network structure. When a user is in
the central node of the community location, it means that the user
has more connections with the rest of the information nodes, user
nodes, etc., on the contrary, it means that the user has less
connections or even no connections with the rest of the
information nodes. Users with high centrality in online
knowledge communities often show high extroversion, frequent
interaction, high self-monitoring scores, and many direct and
indirect relationships. Overall, individuals with higher prestige or
social and leadership skills are the ones who have higher user
centrality.

Based on the research of Hongseok [50] and Tsai [51] on user
network structure centrality, this paper measured user centrality by
referring to the characteristics of online knowledge communities. As
shown in Table 2.

4.2.3 Information retrieval—Information
selection—Information interaction

Information retrieval is the most basic behavior of users in
online knowledge communities. Users enter the keywords of the
topics they want to retrieve through the retrieval portal in the
community to get the posts that meet their retrieval expectations.
Information retrieval is one of the three user information behaviors
that can best reflect current user topic concerns. Online knowledge
communities usually provide users with hot lists below the search

bar so that users can quickly search and understand recent hot
topics.

Information selection is a kind of behavior that users filter and
screen all the information they get when using online knowledge
communities. Information selection behavior changes based on
factors such as user’s current needs or information matching,
and selection behavior is the most persistent behavior among
user information behavior. As long as users are still using online
knowledge communities, information selection will continue to
occur. Based on big data, the online knowledge community
platform has added the “Guess Your Favorite” function, which
will push different content to different users based on their past
information selection behavior.

Information interaction is an act of user participation in topic
interaction, which is reflected in adding specified people and topics
to the following list, and liking, commenting and retweeting posts in
the community. Online knowledge communities often use electronic
text format to achieve information interaction. This form can
maximize the preservation of document records, ensure the
security and readability of information, and effectively avoid
information distortion during the interaction process.

Based on the research of Shao [52] on user information
behavior, this paper measured user information behavior by
referring to the characteristics of online knowledge communities.
As shown in Table 3.

4.3 Research hypotheses

4.3.1 Pleasure and user centrality
The polarization of pleasure is manifested as a strong liking or

dislike for a topic or user. Polarized pleasure is usually

TABLE 1 PAD three-dimensional emotional model measurement items.

Variable name Number Measurement indicators References

Pleasure PD1 I feel happy when using [Mehrabian(1974) & Lunardo(2009)]

PD2 I feel satisfied when using

PD3 My bad mood is improved when using

Arousal AN1 Sometimes I give it my full attention

AN2 Sometimes I feel excited and nervous

AN3 I will go over and over the content of a topic

Dominance DS1 I understand all the function points and how to use them

DS2 I do not change my opinion easily

DS3 My points are mostly correct

TABLE 2 User centrality measurement items.

Variable name Number Measurement indicators References

User centrality CE1 I pay attention to a lot of topics in the community [Hongseok(2008) & Tsai(1998)]

CE2 I often receive replies to my posts

CE3 My answers are often viewed and liked
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accompanied by the publication of some extreme remarks. The
participation process has too strong emotional color, and such
too strong self-emotional expression will lead to alienation of
other users. The importance of users in the community has
decreased, that is to say, the polarization of pleasure is related
to the centrality of the user’s knowledge network, and this
relationship is reverse. Based on such phenomena, this paper
proposed the following assumption:

Hypothesis 1: The polarization of pleasure negatively affects user
centrality.

4.3.2 Arousal and user centrality
The polarization of arousal is manifested as excessive

attention or resistance to some topics and users. Such
behavior will lead to overly one-sided information of users,
who tend to wander away from the topic of concern at a low
level of information acquisition, and thus cannot undertake the
task of leading and coordinating other users and sharing
information. Therefore, the polarization of arousal degree is
related to the centrality of user’s knowledge network, and this
relationship is reverse. Based on such phenomena, this paper
proposed the following assumption:

Hypothesis 2: The polarization of arousal negatively affects user
centrality.

4.3.3 Dominance and user centrality
The polarization of dominance is manifested as extreme self-

confidence or inferiority. The overconfident person will not accept
the suggestions of others and are relatively strong, which makes
most users resist and isolate the overconfident users. The extreme
inferiority will reduce the social attributes and values of users in
others’ eyes, and will gradually be marginalized in the community.
Therefore, the polarization of dominance has a relationship with the
centrality of user’s knowledge networks, and this relationship is
reverse. Based on such phenomena, this paper proposed the
following assumption:

Hypothesis 3: The polarization of dominance negatively affects
user centrality.

4.3.4 User centrality and information retrieval
When the user centrality is high, the user is at the central node of

the knowledge network structure. In order to consolidate their
importance, users will obtain more information through information
retrieval. Therefore, there is a positive relationship between user’s
knowledge network centrality and their retrieval behavior. Based on
such phenomena, this paper proposed the following assumption:

Hypothesis 4: User centrality positively affects user information
retrieval.

4.3.5 User centrality and information selection
With the improvement of user centrality, the importance of

users has also been increasing, which has prompted users to
strengthen their ability to filter and screen information obtained.
At the same time, users with high centrality are more inclined to
obtain high-quality information to consolidate their central
position. Therefore, there is a positive correlation between user’s
knowledge network centrality and user’s choice behavior. Based on
such phenomena, this paper proposed the following assumption:

Hypothesis 5: User centrality positively affects user information
selection.

4.3.6 User centrality and information interaction
When the user centrality is high, users will have more

connections with other user nodes. Because the node has a large
interpersonal network, it also generates more interactive behaviors.
That is, there is a positive correlation between user’s knowledge
network centrality and user’s interaction behavior. Based on such
phenomena, this paper proposed the following assumption:

Hypothesis 6: User centrality positively affects user information
interaction.

5 Research design and empirical
analysis

Based on the SOR model with emotional polarization, network
structure, and user information behavior as indicators, and under

TABLE 3 Information behavior measurement items.

Variable name Number Measurement indicators References

Information retrieval SE1 I often check the content that I follow or recommend [Shao(2009)]

SE2 I always check the hot content

SE3 I often search for problems

Information selection CH1 I will select posts with high quality content and answers

CH2 I will choose the most current posts and answers

CH3 I will choose posts and answers that are relevant to my interests

Information interaction IN1 I will follow the people and topics that interest me

IN2 I often comment on topics

IN3 I often like and repost some topics
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TABLE 4 Sample characteristics of online knowledge community user behavior survey.

Project Category Number of
samples

Proportion
(%)

Gender Male 208 52.26

Female 190 47.74

Age Under 18 13 3.27

18–25 186 46.73

26–35 114 28.64

36–45 61 15.33

Over 46 24 6.03

Educational background High school and below 34 8.54

Specialty 85 21.36

Undergraduate 163 40.95

Master or above 116 29.15

Occupation Student 162 40.7

College staff 16 4.02

Personnel of government and public institutions 32 8.04

Enterprise personnel 129 32.41

Professional 47 11.81

Other 12 3.02

Frequently browse the online knowledge community Zhihu 287 72.11

Baidu Knows 255 64.07

Sogou asks 127 31.91

360 Q&A 54 13.57

Other 22 5.53

Registration usage time Within half a year 43 10.8

Half a year to one year 119 29.9

One to three years 147 36.93

Three to five years 68 17.09

More than five years 21 5.28

Frequency of using online knowledge community Used almost every day 133 33.42

3–5 times a week 102 25.63

1–3 times a week 94 23.62

Less than once a week 69 17.34

Time of each use of online knowledge community Within 30 min 226 56.78

30 min to 1 h 104 26.13

1 h to 2 h 42 10.55

More than 2 h 26 6.53

Behavior interaction form of participating in online knowledge
community

Browse Only 93 23.37

Browse, collect and occasionally like 138 34.67

(Continued on following page)
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the guidance of the operating mechanism framework of user
emotional polarization indicators of online knowledge
community constructed above, the questionnaire designed
includes seven variables, namely, pleasure, arousal, dominance,
user centrality, retrieval behavior, selection behavior, and
interaction behavior. The questionnaire design is divided into
two parts: the influence of user’s basic information and emotion
on user behavior. In the second part, the Likert five-level scale is used
to evaluate the emotional state, network structure, location and
behavior of the users in the Q&A community. The respondents were
required to score 1–5 levels according to their own experience. The
corresponding levels are very disapproval, disapproval, meaningless,
approval and very approval.

Taking into account the time cost, economic cost, convenience
and other factors, the questionnaire was completed through the
online questionnaire production platform “Questionstar”. The
distribution and recovery of questionnaires to online knowledge
community users through the Internet mainly involve the following
channels: Zhihu Community Post Bar, Baidu Knows Community,
relevant users’ QQ groups and WeChat groups. From 1 March
2022 to 15 April 2022, a total of 462 questionnaires were collected.
Based on the comprehensive consideration of filling time, filling
profile and filling IP, 398 valid questionnaires were obtained after
strict screening, with an effective rate of 86.1%.

5.1 Descriptive statistics, reliability and
validity analysis

This study uses R Studio 4.1.3 software to process the sample
data obtained from the questionnaire survey, so as to obtain the
basic information of the sample and the mean variance of the
variables, and complete the reliability and validity analysis of the
sample data.

5.1.1 Sample characteristics
Based on the statistics of the above survey results (Table 4), we

can conclude that the survey objects have the following
characteristics:

In terms of gender, men accounted for 52.26% of the total number,
and women accounted for 47.74% of the total number; In terms of age,
users aged from 18 to 25 account for the highest proportion. Such users
are generally college students. They have more free time and no life
pressure, so they will increase the investment in entertainment. Next are
users aged from 26 to 35, accounting for about 1/3 of the total, and users
aged from 36 to 45 account for 15% of the total. These two types of users

are generally young and middle-aged groups who have already worked.
Because of various factors such as personal curiosity and social needs,
they will choose to use online knowledge communities to enrich their
personal experience and solve work problems in addition to daily work.
There are few users under the age of 18 and over the age of 46. Users
under the age of 18 areminors. The use of the Internet will be controlled
by family, society, software and other aspects. The personal ability of
users over the age of 46 tends to be saturated, and the demand for using
online knowledge communities decreases. This reflects the youth
characteristics of the community; In terms of educational
background, about 70% of the people have bachelor’s degree or
above, indicating that the groups using online knowledge
communities are generally highly educated and users have good
knowledge reserves; In terms of occupation, students accounted for
the highest proportion, followed by enterprise employees. It can be seen
from the age structure that the number of users under the age of 18 is
small, but the overall proportion of users is high among middle school
students, which indicates that most users of online knowledge
communities are college students, masters and doctors. The number
of employees in the social structure is large, so the proportion is
also high.

Among the online knowledge communities that people
frequently browse and use, Zhihu, as the first one, accounts for
72%, which can be mainly attributed to the popularity and authority
of the community itself. Baidu Knows also uses more than half of
them. The main source of traffic is the promotion function of Baidu
Browser, which drives the development of Baidu Knows; In terms of
registered use time, users from 1–3 years account for the most, and
90% of users have registered for more than half a year, indicating
that the vast majority of users have a certain foundation for the use
of online knowledge communities; In terms of the frequency of
using online knowledge community, 1/3 of the users use it every day,
followed by 3–5 times a week, which indicates that the online
knowledge community is very sticky, and the number of times
per person uses it every week can reachmore than 3 days; In terms of
the time spent each time using the online knowledge community,
the number of people within 30 min is the largest, accounting for
56%; 30 min to 1 h accounts for 26%, 1 h to 2 h accounts for 11%,
and more than 2 h accounts for 7%. It indicates that the average
usage time is about half an hour, and the actual user activity is not
high, which needs to be improved; In terms of interactive form, 34%
of the people participated in browsing, collecting and liking, only
23% of the people browse, and 20% of the people frequently ask
questions and actively express opinions.

Based on the above analysis, the main characteristics of the
online knowledge community user sample are students aged

TABLE 4 (Continued) Sample characteristics of online knowledge community user behavior survey.

Project Category Number of
samples

Proportion
(%)

Search for questions and occasionally participate in
answering

86 21.61

Frequently ask questions and participate in answering
questions

52 13.07

Actively express experience and views, and actively
interact

29 7.29
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18–25 years old, and have a bachelor’s degree or higher education
background. The online knowledge community they use most often
is Zhihu. The duration of use is concentrated in 1–3 years, and the
duration of single use is concentrated in 30 min. The main form of
user interaction still focus on basic browsing, collection and likes,
but the process of uploading and sharing is lacking.

5.1.2 Descriptive statistics
The results of descriptive statistical analysis is based on the

scale data are shown in Table 5. The dimensions are the variables
and related item factors. The data range of is 1–5. The mean
value of the item is the average user recognition of the item, and
the standard deviation indicates the dispersion of user
recognition.

It can be seen from Table 5 that the difference between the mean
values of each item (PD, AN, DS, CE, SE, CH, IN) and the mean
values of the corresponding variables (pleasure, arousal, dominance,
user-centrality, retrieval behavior, selection behavior, and
interaction behavior) remain within 0.5, indicating that the
recognition of each observation variable is high. The standard
deviation results of variables and items show that there are no
abnormal items in the scale data. The volatility of data is large and
the data is scattered. This is due to the data difference caused by the
difference in the age, occupation, educational background and other
foundations of users in the online knowledge community, which
also shows that the online knowledge community is highly inclusive
of users. To sum up, this survey data is suitable for testing the
reliability and validity.

TABLE 5 Descriptive statistics of online knowledge community user behavior survey.

Dimension Name Mean value Standard deviation

Variable Pleasure 3.06 1.521

Item PD1 3.17 1.567

PD2 3.11 1.449

PD3 2.9 1.541

Variable Arousal 2.9 1.583

Item AN1 3.17 1.535

AN2 2.86 1.594

AN3 2.65 1.585

Variable Dominance 2.74 1.572

Item DS1 2.77 1.582

DS2 2.75 1.557

DS3 2.69 1.585

Variable User centrality 3.2 1.234

Item CE1 3.39 1.127

CE2 3.49 1.005

CE3 2.72 1.398

Variable Retrieval behavior 3.73 0.993

Item SE1 3.71 1.013

SE2 3.64 1.032

SE3 3.84 0.925

Variable Selection behavior 3.17 1.213

Item CH1 3.15 1.167

CH2 3.51 1.07

CH3 2.85 1.307

Variable Interaction behavior 3.04 1.233

Item IN1 3.1 1.217

IN2 3.09 1.218

IN3 2.94 1.264
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5.1.3 Reliability and discrimination analysis
Different items of the questionnaire in this study are different

ways to describe the interaction of emotional polarization,
information behavior and network structure, and to reveal the
formation rule of emotional polarization of users in knowledge
community. Therefore, there should be no significant differences
between the different questions under the same variable. In order to
test this indicator, reliability testing is often introduced in scientific
research to confirm the reliability of the research data and the need
for the study. Cronbach coefficient is the most commonly used
reliability measurement method in academia, and when Cronbach’s
alpha > 0.8, the questionnaire was considered to have good reliability
and research value. In this paper, the R language code was used to
test the reliability of the questionnaire and the alpha coefficient was
calculated as follows:

α � n/n − 1( ) 1 −∑ si2/st2( )

The final overall Cronbach’s Alpha value for the questionnaire
was obtained as 0.952. In addition, a question-total correlation
analysis, i.e., the differentiation of the items, is conducted on the
questionnaire and the results are shown in Table 6. Generally
speaking, if the correlation coefficient between a certain item and

the total score is greater than 0.4, it means that the correlation
between a certain item and the total score is high, and the
differentiation of this question is good. Combined with the
overall Alpha value of the questionnaire, this indicates that the
overall reliability of the questionnaire is very high, the variables and
items of the questionnaire are very reasonably designed, and the
questionnaire is highly usable, stable and reliable.

5.1.4 Validity analysis
Validity analysis is used to reflect the corresponding relationship

between structure and measurement value. Factor analysis is widely
used in academia to measure the structural validity of the scale and
questionnaire. The implementation logic of factor analysis is to
extract some common factors from all variables and items. Each
common factor is highly related to a certain group of specific
variables, and these common factors represent the basic structure
of the scale. Because the question-item scales used in this thesis are
all well-established scales derived from the relevant literature and
the reliability-tested data have high reliability, the validated factor
analysis method was chosen to test the hypothesis model.

KMO and Buffett sphere tests should be conducted on the
survey data before factor analysis. The closer the KMO value is

TABLE 6 Reliability and discrimination analysis data.

Variables Item General
relevance

General relevance (After deletion of
item)

Overall Cronbach’s alpha value of the
questionnaire

Pleasure PD1 0.631 0.593 0.952

PD2 0.650 0.616

PD3 0.702 0.670

Arousal AN1 0.757 0.732

AN2 0.783 0.760

AN3 0.820 0.798

Dominance DS1 0.727 0.698

DS2 0.606 0.568

DS3 0.732 0.701

User centrality CE1 0.780 0.752

CE2 0.770 0.744

CE3 0.745 0.705

Retrieval behaviour SE1 0.724 0.694

SE2 0.690 0.657

SE3 0.552 0.514

Selection behaviour CH1 0.842 0.820

CH2 0.754 0.723

CH3 0.774 0.739

Interaction
behaviour

IN1 0.796 0.766

IN2 0.826 0.801

IN3 0.856 0.833
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to 1, the stronger the partial correlation between factors, and the
better the effect of factor analysis on data. The lower the significance
of Buffett’s sphere test results, the stronger the correlation between
items. Academics generally believe that when the KMO value is
greater than 0.7 and the significance p-value is less than 0.05, it is
suitable for factor analysis. In this paper, using the R language code,
the measured value of the scale KM test is 0.92, and the significance p
is 0.000, as shown in Table 7, indicating that the scale data has passed
the test and is suitable for factor analysis.

The mean extracted variance AVE and the combined reliability
CR were calculated by RStudio software, where the mean extracted
variance AVE was above 0.5 and the combined reliability CR was
above 0.8, as shown in Table 8. The results indicate that the factor
corresponds to a more representative topic setting and the
convergent validity is ideal.

The analysis of the above data shows that the question options
designed in the scale have a certain correlation, and the convergent
validity is ideal; at the same time, different variables can be
differentiated, and the discriminant validity is ideal; the scale meets
the requirements of reasonable design and has a good structural effect;
the overall validity of the questionnaire meets the requirements, and
the measurement results are true and accurate.

5.2 Model empirical analysis

Based on the previous research samples and data analysis, the
AMOS software was used to build a relevant model, and the path
coefficients and significance coefficients of the variables were
analysed according to the relationship between the variables in
the model, so that the correctness of the model and the validity
of the previous hypothesis could be verified. As shown in Figure 2:

5.2.1 Model fit
The fitting degree of the research model is obtained through R

Studio software, as shown in Table 9.
According to the comparison between the coefficients in the

table, model requirements and evaluation criteria, the model is ideal,
and the fitting degree of sample data and hypothetical model is high.

5.2.2 Model path and research hypothesis analysis
When p-value of significance level< 0.05, this path can be

considered as significant; When the S.E. value is > 0, it indicates
that all variables under the assumption do not have the same linear
relationship. When the variables are significantly correlated, the
larger the path coefficient is, the closer the relationship between
variables is. The specific values of this research model are shown in
Table 10. According to the results, the degree of pleasure
polarization has a positive impact on user centrality; dominance
polarization adversely affects user centrality; user centrality has a
positive impact on selection behavior and interaction behavior;
Arousal polarization adversely affects user centrality; User
centrality has no significant effect on retrieval behavior.

The path analysis and research assumptions of the model are as
follows:

1) Pleasure and user centrality of online knowledge community
The relationship between the pleasure polarization of online

knowledge community and user centrality is positive correlation,
that is, the more extreme the pleasure in the emotional direction, the
higher the user centrality. The model data results reject the original
Hypothesis 1, and the results are contrary to the hypothesis. This is
due to the anonymity and high openness of the online knowledge
community. Users can hide their real identity and speak freely
during the use process, so it is more likely to occur pleasure
polarization. Extreme pleasure state is often accompanied by
some extreme words, while other users will prefer these
information that can intuitively judge the position rather than
some absolutely neutral declarative statements in the process of
information selection and use. In addition, users will also choose
posts with more intense emotional expression to interact, thus
increasing the centrality of the original post owner.

2) Arousal and user centrality of online knowledge community
The relationship between the arousal polarization of online

knowledge community and user centrality is negative correlation,
that is, the more extreme the arousal in the emotional direction, the
lower the user’s centrality. The model data results support the
original Hypothesis 2. Users whose activeness is polarized tend to
show excessive concern or resistance to some topics. Such users’
knowledge is one-sided and tends to focus on specific topics. It is
difficult to receive and disseminate various information at the
intermediate nodes of the community, which leads to low
centrality of such users.

3) Dominance and user centrality of online knowledge
community

The relationship between dominance polarization and user
centrality in online knowledge communities is negatively
correlated, that is, the more extreme the dominance in the
affective direction, the more the user centrality. The results of the
model data support the original Hypothesis 3. Dominance indicates
the degree of control over community topics and other users, and
when dominance is too high, users tend to show arrogance, which is

TABLE 7 KMO and buffett sphere test.

Observation index Measured value

KMO test 0.92

Buffett sphere test Approximate chi square 8,372.22

Free degree 210

Significance 0

TABLE 8 Factor convergent validity test results.

Route AVE CR

Factor 1 (Pleasure) 0.853 0.946

Factor 2 (Arousal) 0.770 0.909

Factor 3 (Dominance) 0.618 0.828

Factor 4 (User centrality) 0.646 0.842

Factor 5 (Retrieval behaviour) 0.634 0.834

Factor 6 (Selection behaviour) 0.684 0.864

Factor 7 (Interaction behaviour) 0.861 0.949
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not conducive to maintaining interpersonal relationships; when
dominance is too low, users tend to lack independent views,
follow the crowd and are not valued, both of which lead to low
centrality of the user in the community.

4) User centrality and information retrieval of online knowledge
communities

The effect of online knowledge community user centrality on
information retrieval is not significant, with little difference in
retrieval behaviour when using the community between either star
users with higher centrality or marginal users with lower centrality. The
model data results reject the original Hypothesis 4. This is because
information selection and interaction in online knowledge communities
are based on retrieval behaviour, so information retrieval is the most
basic information interaction. Users retrieve and browse information

according to their own needs and hot tweets, and the results returned by
retrieval do not differ according to user centrality, so user centrality does
not affect the occurrence of information retrieval.

5) User centrality and information selection of online knowledge
communities

User centrality and information selection in online knowledge
communities are positively correlated, that is, the higher the
centrality of users, the stronger the information selection. The
model results support the original Hypothesis 5. Users with
higher user centrality are in an important position in the
network structure and play an important role in the reception
and dissemination of information, and users with higher
centrality tend to prefer topics and users with high quality,
timeliness or relevance to their interests, so as to obtain higher

FIGURE 2
Structural equation model.

TABLE 9 Model fit.

Fitting index χ2/df RMSEA CFI NFI TLI

Evaluation criterion Ideal standard < 3 < 0.05 > 0.9 > 0.9 > 0.9

Acceptable standards < 5 < 0.08 > 0.8 > 0.8 > 0.8

Actual value 2.216 0.069 0.928 0.861 0.911

Result Ideal Acceptable Ideal Acceptable Ideal

TABLE 10 Model path inspection results.

Structural equation path Normalized path coefficient S.E. p-value Result

User centrality < − Pleasure 0.293 0.053 0.000

User centrality < − arousal −0.147 0.043 0.000 Remarkable

User centrality < − dominance −0.415 0.049 0.000

Retrieval behaviour < − user centrality 0.012 0.064 0.853 Remarkable

Selection behavior < − user centrality 0.232 0.05 0.000

Interaction behavior < − user centrality 0.531 0.089 0.000 Remarkable
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quality and relevant information and maintain their central position
in the community network structure.

6) User centrality and information interaction of online
knowledge communities

User centrality and information interaction in online knowledge
communities are positively correlated, that is, the higher the centrality of
users, the stronger the information interaction. The model data results
support the original Hypothesis 6.When users are at the central node of
the online knowledge community structure, they will frequently interact
with other nodes, including but not limited to answering other users’
questions, reposting posts, following and being followed, etc.

6 Research conclusion and emotional
polarization intervention measures

6.1 Research conclusion

This paper takes existing research on online knowledge
communities’ emotions, network structure and users’ information
behaviour as the theoretical basis, combines the SOR model to
establish the operational mechanism framework of online
knowledge communities’ users’ emotional polarization index,
collects data by means of questionnaires, and uses RStudio and
AMOS 26.0 to complete the empirical analysis of the questionnaire
data, and draws the following conclusions and recommendations.

(1) The polarization of users’ pleasure has a positive impact on their
centrality in the network structure, and when users have their
own positions and attitudes in terms of emotions rather than
absolute indifference and neutrality, it can strengthen their
centrality in the community.

(2) The polarization of users’ arousal and dominance has an inverse
effect on their centrality in the network structure, and the
polarization of users’ dominance has a greater effect on
centrality than the polarization of arousal. An excessive focus
on one part of the problem or a strong ego or inferiority
complex can reduce the importance of the user in the
community as a whole and lead to the user being marginalized.

(3) The effect of user centrality on information retrieval is not
significant. In online knowledge communities, information
retrieval is the most basic interaction behaviour, and the
same retrieval behaviour is generated regardless of the user’s
position in the network structure of the online community.

(4) The effect of user centrality on information selection and
information interaction is positive, and the effect of user
centrality on information interaction is greater than the effect
on information selection. When users are at the centre of the
online knowledge community network structure, they will
enhance their selectivity of information and will also interact
more with other nodes and information.

6.2 Emotional polarization intervention
measures

According to the results of empirical analysis, the author puts
forward suggestions on intervention measures of emotional

polarization for users and platform managers in online
knowledge communities:

Online knowledge communities are platforms where various
users interact freely in the community under the supervision and
control of the platform. Based on the above research findings,
platform administrators should actively promote the community to
connect to relevant software, archive all user information behavior
and statistics, push information in the information pool differently for
different users, control user speech through system control and
correctly guide the community atmosphere; at the same time,
introduce function points applicable to the community according
to the basic elements of the community such as user network structure
tomeet the needs of different users. Platform administrator should use
big data algorithms to manage and operate corresponding knowledge
posts according to different network sizes. They can promote
knowledge dissemination by setting the top, strengthening
knowledge sharing rewards, and reducing the level required for
comments [54]. In addition, the interaction mode of online
knowledge communities is basically the same, which can be
summarised as users posting questions in the community,
answering and forwarding, etc. The singularity of the interaction
mode limits the development of online knowledge communities, so
new function points can be added or existing functions can be
optimised to increase the playability and ease of use of the
community. For example, the online knowledge community can be
divided into a centralised mode and a distributedmode, and users can
switch between the two modes freely. The diffusion mode favours the
breadth of topics, mainly focusing on current social hotspots; the
centralisedmode favours the depth of the user’s area of interest, which
may involve some proper nouns or some industry terminology, thus
satisfying the user’s interests and personalised resources. In this way,
the reliance and loyalty of users are enhanced and the economic value
of the online knowledge community as a whole is increased.

For users of online knowledge communities, as arousal and
dominance can have a significant impact on user centrality, it is
necessary to strengthen the acquisition of all aspects of information in
online knowledge community, do not pay toomuch attention to some
topics and refuse to accept knowledge in other directions, and
maintain a stable attitude. Online knowledge community is a
highly inclusive community that everyone can participate in. We
should accept all users and information in the community equally. In
healthy communities with low level of community rewards and
innovation knowledge, it is particularly important to improve
emotional support. For example, maintain a civilized and friendly
network order and guide users to respect the knowledge achievements
of others; establish and improve the content review and user reporting
mechanism to automatically delete or independently screen
uncivilized content [55]. Reasonable control of their own
emotional expression, under the premise of appropriate
enhancement of emotional expression, friendly interaction with
other users. In addition, the difference in centrality does not affect
the user’s information retrieval behaviour, so users should accurately
control their own needs in the process of use, and improve their ability
to express themselves when retrieving information, their ability to
filter information and their own cultural literacy, so as to stop
spreading bad information, thus enhancing the individual’s fame
and prestige in the online knowledge community, and attracting
capital and traffic while enriching themselves.
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6.3 Limitations of the study

The model was designed by integrating the existing research
base, although some of the findings were achieved, there is still
much room for improvement in the article as a whole. For
example, the model uses the PAD 3D model of emotion,
which is based on static emotions at specific points in time
when users participate in filling out the questionnaire, but
users’ emotional states may change dynamically at different
points in time when using online knowledge communities, so
using static nodes to categorize them uniformly is obviously not
comprehensive and accurate. In addition, there are many factors
that influence the organizational structure of users other than
centrality, and only the most obvious and easily statistically
measurable centrality has been chosen as the indicator for
consideration in this paper. In terms of theory, we can also
start with the classical group polarization theory, summarize
the connotation, dynamic mechanism and key influencing factors
of the emotional polarization in the perspective of social network
structure, and propose corresponding intervention measures of
emotional polarization according to its generative mechanism
and dynamic mechanism. In summary, this study will continue to
improve and enhance the data optimization, model construction
and theory in the future.
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