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Abstract: Since its emergence in 2019, COVID-19 has quickly triggered widespread public discussion
on social media. From 26 February 2020 to 26 September 2020, this study collected data on COVID-
19-related posts in the knowledge Q&A community, identified 220 opinion leaders of this community,
and used social network analysis and sentiment analysis to analyze the information exchange
behavior and emotional evolution of the opinion leaders during COVID-19. The results show that
the COVID-19 topic community could be divided into seven main categories. The information
dissemination of opinion leader information dissemination network had low efficiency, multiple
paths, and a high degree of control. In addition, the emotional evolution of users showed obvious
phased characteristics. User emotion changed from initially strong negative to strong positive over
the course of the pandemic and eventually tended to be objective and neutral as time passed and the
event stabilized.

Keywords: social network analysis; essence posts; knowledge Q&A community; information
dissemination network; opinion leader; emotional evolution

1. Introduction

Since its emergence at the end of 2019, the novel coronavirus (COVID-19) has been
shown to be highly infectious [1], to spread quickly [2], to have multiple transmission
routes [3], and to have universal susceptibility [4]. The World Health Organization declared
COVID-19 a Public Health Emergency of International Concern on 30 January 2020 [5]. The
COVID-19 epidemic has posed a huge challenge and threat to global public health and
has accordingly become a focus of worldwide attention [6]. At the same time, information
about COVID-19 has also spread rapidly on social media.

In recent years, social media has flourished on the basis of Internet technology [7],
becoming an indispensable information channel for many people [8]. Social media provides
a space for emotional venting and the collision of ideas, making it an amplifier of public
opinion [9]. Trends in public opinion are known to affect social stability [10]. The COVID-19
epidemic has aroused widespread public discussion on social media. Online news related
to the epidemic continues to increase [11], rumors frequently spread, and the expression
of public opinion remains intense [12]. In the process of information dissemination on
social media, the public can be highly susceptible to the content that is presented [13], and
negative public opinion can arise as a result. Thus, it is important to understand the focus
of public attention and effectively control and guide the healthy development of public
opinion. This can help the government and health departments to better communicate
with the public on important health issues. In the context of COVID-19, the management
of public opinion on social media has become an urgent problem.
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Exploring public discussion themes and using social network analysis to investigate
and visualize information dissemination on social media can provide new ideas for ad-
dressing such problems. Many studies have investigated information dissemination on
social media. In terms of information dissemination networks, many studies have focused
on the main body of public opinion [14]. Adopting information dissemination theory and
motivation theory, some scholars found that emotional motivation, the social motivation of
the information received, and the credibility of the information source had positive effects
on users’ communication intentions; meanwhile, the emotional tendency of information
had a negative effect [15].

Social network analysis has been widely used to analyze the structure of information
dissemination networks [16,17], key figures in information dissemination [18,19], and
online public opinion topics [20]. Regarding social media applications, studies of the dis-
semination of public opinion information have focused on platforms such as Weibo [21–23],
WeChat [24,25], Blogger [26,27], Instagram [28,29], Twitter [30,31], and Facebook [32,33].
At present, there are few documents in the literature regarding the analysis of informa-
tion dissemination behavior in the knowledge Q&A community, but these studies still
show that the social network analysis method has certain applicability in the community.
In addition, users tend to pay more attention to informational and emotional attributes
when forwarding information [34]. This feature is particularly prominent in public crisis
events [35].

This study used the knowledge Q&A community to study the information trans-
mission network of a topic community. This is the first time China’s knowledge Q&A
social media platform (i.e., Zhihu) has been used to study public attention and information
dissemination related to COVID-19. Moreover, we innovatively combined indicators to
analyze information dissemination, including dissemination efficiency, the dissemination
path, and the degree of control over dissemination. Additionally, we extended the emo-
tional cognition theory to this category, focusing on the analysis of the emotional evolution
process of community users. This study aimed to describe the information dissemination of
this community during COVID-19, explore the characteristics of the information exchange
behavior of opinion leaders in this community, and explain the characteristics and laws
of user emotion evolution. The results can provide a better understanding of the public’s
demands and emotions, provide support for relevant departments to better communicate
with the public, suggest measures for managing information dissemination, and reducing
the spread of rumors.

The rest of this paper is structured as follows: First, we introduce the theoretical
background of this study and present a literature review. Next, Section 3 describes the data
collection procedure, followed by the data analyses and the results of the study. Finally,
this study concludes with a discussion of its implications, as well as an acknowledgment
of its limitations.

2. Theoretical Basis and Concept Definition
2.1. Network Opinion Leaders

Network opinion leaders are people who have leadership ability and play a core
role on the Internet platform. They are activists who often provide information, opinions,
comments, and influence to others in interpersonal communication networks [36], and
they also play a crucial role as intermediaries in the information network constituted by
interpersonal communication [37]. The network opinion leaders are educated, commu-
nicatively competent, politically knowledgeable, and participatory as compared to other
groups [38]. They accumulate their social interaction ties through different routes, such as
self-identity, knowledge contribution, and reciprocity [39]. Opinion leader mining is an
important topic of social network research that is of great significance in terms of internet
public opinion control and information dissemination [40]. To this end, many scholars
have adopted relational data [41], k-clique clustering [42], PageRank measure [43], network
analysis [44], and other methods to identify and analyze opinion leaders in the network.
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However, unlike other social media, users in the knowledge Q&A community mainly
seek information or knowledge from content creators through search, inquiry, and inter-
action [45]. Therefore, when identifying online opinion leaders in the knowledge Q&A
community, we considered more the mutual influence and interaction between users, that
is, whether the user regularly provides information, opinions, and comments to other users
in the topic community and whether the user has an impact on other users.

2.2. Knowledge Q&A Community

There is a wide variety of contemporary mainstream social media, but knowledge
Q&A communities have their own unique characteristics. First, these communities are
divided into two categories: knowledge communities and social communities. Knowledge
communities exchange knowledge and information through questions and answers, while
social communities are mainly developed through user interaction and offline salon gather-
ings [46], and the above two forms have been gradually accepted in recent years. Examples
of such knowledge Q&A communities include Quora, Yahoo! Answers, and Stack Over-
flow in the US, Knowledge-iN in Korea, and Baidu Know, Himalaya FM, and Zhihu in
China. Related reports [47] show that the public has embraced and frequently engaged in
the exchange of information in Q&A communities. Second, unlike other media, knowledge
Q&A communities create a user-centered information exchange environment [48] where
users seek information or knowledge from content creators primarily through searching,
asking, and interacting [49,50]. Users can also obtain more valuable information in a
back-and-forth Q&A based on their interests with other users or content creators in the
community under the posts they are interested in [51]. In addition, users can also post their
concerns and questions in various communities to obtain answers [52].

2.3. Emotional Cognition Theory

Emotional cognitive theory is derived from social psychology and is a branch of
emotional theory. The theory proposes that after the body’s information obtained from
the outside enters the perceptual system, it will be organized and compiled by the per-
ception and perceptual system on the one hand, and on the other hand, the information
will trigger the body’s positive or negative emotional reactions, which in turn triggers
certain behavioral tendencies [53]. In previous studies, the analysis of user information
dissemination in the knowledge Q&A community has mostly been based on the degree
of knowledge contribution [54] and social exchange theory [55], social capital theory [56],
answer selection model [57], and other theories or models. Some scholars attribute the
information behavior of users in the community to knowledge exploration and the result
of rational thinking. However, people are emotional creatures, and they are individuals
who are extremely easily affected by emotions. Their information dissemination behav-
ior is determined by the information they see and their own emotions. In addition, the
user’s cognition and emotion in the process of reading information will play a role in the
processing of information [58]. Through the body’s perception, users in the community
will show obvious emotional tendencies when posting, which is in line with the basic
characteristics of the emotional cognitive theory. Therefore, this research combines the
emotional cognition theory with the analysis of community information dissemination
behavior, which not only expands the scope of application of the theory but also focuses on
understanding the emotional change trend of users in the knowledge Q&A community
during the pandemic through the analysis of the temporal and spatial emotional evolution
of users.

3. Materials and Methods
3.1. Procedure

There were four main steps in this research: (1) Collect essential posts from the COVID-
19-themed community on Zhihu. (2) Based on the title text of the posts, identify COVID-
19-related topic hotspots in the community through word frequency and word-cloud
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analysis. (3) construct an information dissemination network based on the information
interaction behavior of opinion leaders and measure the network in terms of dissemination
efficiency, the dissemination path, and the degree of control over dissemination. (4) The
information on the percentage of new posts added daily is used to understand the user
emotion evolution in public health emergencies. Each step is described in detail below.

3.2. The Sample

The sample came from Zhihu (www.zhihu.com) (accessed on 8 October 2021), which
is an online knowledge Q&A community that triggers users to discuss issues through
behaviors such as posting. Other users may then express their opinions through approval
or comments. The sample came from Zhihu (www.Zhihu.com) (accessed on 8 October
2021), which is an online knowledge Q&A community that triggers users to discuss issues
through behaviors such as posting. Other users may then express their opinions through
approval or comments. Zhihu is an original content platform where high-quality Q&A,
knowledge-sharing communities, and various creators gather. The market scale of the
Zhihu online community has always maintained a growth trend higher than that of other
content markets, reaching CNY 275.8 billion in 2019 and is expected to increase to CNY
1.3 trillion by 2025, with a compound annual growth rate of 30.3%. From the official
launch of Zhihu in January 2011 to 2021, Zhihu APP MAU reached 67 million, the number
of devices used per month was 485 million, and the average daily search volume was
25.45 million. The main users of Zhihu are creators (mainly refers to industry elites,
self-media, Zhi and users) and ordinary users (mainly refers to the knowledge-based
middle class, quality life seekers, Generation X). From the perspective of gender, age, and
geographical dimensions, Zhihu’s user composition shows a diversified distribution trend
and the characteristics of young and high consumption [59]. In general, Zhihu is a very
representative and well-developed platform in the knowledge Q&A community.

Therefore, this study focused on the COVID-19 topic community in Zhihu. Data
collection spanned from 26 February 2020 to 26 September 2020. The number of people
who followed topics reached 9665, and the number of Q&A posts within topics reached
13,313. These figures continue to increase. Due to the poor relevance of common posts [60],
for representativeness, the essence of the topic was captured, including the title, content,
user name, number of approvals, number of comments, and related topic comments. We
initially gathered 2047 essential posts and finally obtained 1890 after removing repetitive,
redundant, or meaningless posts. We also identified the opinion leaders who posted the
essential posts and gathered data on their characteristics, such as the number of answers,
questions, articles, ideas, approvals, likes, favorites, and followers. These two sets of data
were used for further processing and analysis.

3.3. Data Processing

Longseo and ROST-CM6 were used to process the word segmentation of the titles
(in Chinese) of the 1890 posts. ROSTCM6 was developed by the ROST virtual learning
team of Wuhan University. It is a text analysis software that includes character frequency
statistics, word segmentation, Chinese word frequency statistics, sentiment analysis, and
many other analysis functions [61]. Longseo is a Chinese word segmentation processing
software whose main function is to extract the core words of the text. Therefore, we first
extracted the core words of the text using Longseo from the text and merged similar words
such as “new crown”, “pneumonia” and “COVID-19”. Based on the preliminary results
of longseo processing, the user-defined word segmentation thesaurus in ROSTCM6 was
modified, synonyms were merged, some high-frequency words (e.g., auxiliary words,
function words, conjunctions, prepositions) that were not closely related were filtered, and
some proper nouns (e.g., region, country, medicine) were added. Then word segmentation
was performed on the text to ensure accuracy. At the same time, Word Art and Tableau
10.5 were used for word-frequency analysis and word-cloud production. An inductive
thematic analysis was conducted on the discussion threads [62]. We read the discussions

www.zhihu.com
www.Zhihu.com
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read multiple times, and then relevant posts were independently coded line by line by
two authors, and the coding was iteratively discussed and refined after completion to
ensure a rich and diverse interpretation of the data. Finally, we crawled the daily new
posts, combined the sentiment classification model, and used ROSTCM6 to profile the user
emotion evolution during major epidemics.

3.4. Data Analysis
3.4.1. Variables and Instruments Used to Construct Networks

Social network construction was based on whether opinion leaders in the COVID-19
topic community had exchanged and shared information. We obtained the information
exchange between opinion leaders and coded them using numbers to ensure privacy. The
following social network analysis measures were used to analyze the social network of
opinion leaders: density, average distance, centrality, core–periphery, and structural holes.

Density: the proportion of possible relationships in the network. The value ranges
from 0 to 1 [63]. When n is the number of individuals in the network, and l is the number
of lines that exist between users, it is expressed as:

Density =
l

n(n− 1)
(1)

Average distance: the shortest path between two individuals, representing the degree
of connection in the network [64].

Centrality: includes Freeman’s degree, Freeman’s betweenness, and closeness, which
measure the interactions between individuals [65]. In the information dissemination
network, A = Xij, gjk represents the number of the shortest paths from node j to k, gjk(i) is
the number of nodes i in the shortest path from j to k, and dij represents the distance of the
geodesic. The expressions for Freeman’s degree, closeness, and Freeman’s betweenness are
as follows:

Freeman′s degree centrality = ∑
j

Xij (2)

Freeman′s betweenness centrality = ∑
j<k

gjk(i)
gjk

(3)

Closeness centrality =
1

∑
j

dij
(4)

The core–periphery model examines the location characteristics of individuals in the
network [66].

The structural hole measures whether an individual is in a position of direct con-
nection and whether the individual plays a key connecting role [67]. At the same time,
individuals located in structural holes have high information control ability [68] and can
obtain redundant information in the network [69]. It includes four measurement indicators:
effective, efficiency, constraint, and hierarchy.

3.4.2. Identification and Measurement of Opinion Leaders

We identified network opinion leaders through the mutual influence and interaction
between users. The H-index, proposed in 2005, was chosen as the most suitable surrogate
impact metric [70], which can also be used to describe and assess the magnitude of users’
influence in the network and the amount of output [71]. The degree of attention, interaction,
and conversation content obtained through user’s posting of posts were used as the basis for
measuring the influence of the poster [72], which was specifically reflected in the number
of likes and comments on the post. The above two indicators can indirectly indicate the
degree to which other users pay attention to or like the essence posts [73]. Based on the
core idea of the H-index, the influence index of the posting user-n is (xn1, xn2), where xn1 is
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the number of likes posted by user-n, and xn2 is the number of comments posted by user-n.
The expression is as follows:

H − Index(n) = (xn1, xn2) n = 1, 2, 3, . . . , m (5)

3.4.3. Measurement of Network Information Dissemination Ability

We aimed to measure the information dissemination ability of the entire network
according to the efficiency, path, and control degree of information dissemination. Infor-
mation dissemination efficiency is mainly measured by density, distance, and network
cohesion, which can effectively evaluate the flow of information in the entire network [74].
Analyzing the propagation path of an information dissemination network is mainly done
by evaluating the depth of individual influence in the network [75], which is mainly mea-
sured by centrality. Individuals in the critical path can play a role in maintaining the
order of information dissemination in the community. The user’s degree of control over
information refers to the likelihood of the information being transmitted to other users [76].
In the process of information dissemination, the more information that passes through a
user, the greater the user’s control over information dissemination, the greater the influence
of the node in the information dissemination process, and the greater the trust. In this
study, this was mainly measured through structural holes and the core–periphery model.

4. Results
4.1. Thematic Analysis
4.1.1. Word Cloud and Word Frequency

Figure 1 shows a word-cloud diagram of the titles of the essential posts. The size
of a word indicates its frequency. Figures 1 and 2 show that “COVID-19” appeared in
the titles of essential posts 751 times, followed by “epidemic” (554 times), “United States”
(317 times), and “China” (301 times). These were the hottest words in the topic community.
In terms of areas of concern, Hubei, Henan, and Beijing, where the epidemic had been
the most severe in China, were a focus of discussion. Regarding regions outside of China,
discussion hotspots included the US, Italy, Japan, South Korea, the UK, and Germany.
Other areas of focus included masks, medicine, other COVID-19-related materials, and
confirmed cases domestically and internationally.

4.1.2. Classification of Essential Posts

To classify the topics of essential posts, the 1890 essential posts were divided into
seven categories according to content. Then, we counted the number of essential posts of
each type (Figure 3). We found that 783 posts concerned COVID-19-related events, tending
to focus more on foreign rather than domestic events. There was a total of 389 elite posts
involving COVID-19 development status analysis, again with more focus on non-Chinese
contexts. Meanwhile, 148 posts (just 7.83%) focused on promoting science and refuting
rumors about drugs and treatment. Consultation and discussion posts accounted for
22.22%, suggesting that the public had some doubts and concerns regarding COVID-19.

4.2. Identification of Opinion Leaders

After drawing a scatter plot according to the H − index = (xn1, xn2) of each user, it
was found that when xn1 ≥ 5000 and xn2 ≥ 700, there is an obvious layering phenomenon
for posting users. Thus, we set the filtering conditions to 5000 likes and 700 comments or
more and obtained a total of 245 posts after filtering. Excluding duplicate posts, a total of
220 Internet opinion leaders were obtained. Their user information was captured using
crawler software. After removing duplicate and invalid information, nine fields were
obtained to describe user characteristics (Table 1): number of answers, number of questions,
number of articles, number of ideas, number of approvals, number of likes, number of
favorites, number followed, and number of followers.
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Table 1. Information about opinion leaders (the top 20).

Node Answers Questions Articles Ideas Approvals Likes Favorites Followed Followers

187 775 7 311 1064 4,427,729 876,161 3,371,310 308 2,961,288
117 3653 0 1212 642 7,632,933 944,971 2,205,389 127 2,776,704
17 214 8 22 32 498,041 317,217 925,781 905 89,391

129 14,243 0 830 982 3,491,598 365,752 921,719 38 264,810
173 1854 2 428 61 6,303,481 492,862 854,182 254 1,641,516
169 1508 6 40 949 5,476,721 535,175 840,646 79 799,315
201 249 0 455 0 2,183,119 240,481 806,312 19 298,173
212 2050 1 282 137 2,214,365 342,510 792,615 13 1,401,030
179 1897 297 1661 4758 999,646 164,500 665,398 1385 1,311,450
35 10,388 1390 160 2089 2,843,875 374,544 601,155 242 2,167,282

126 11,203 17 27 2603 3,375,730 35,792 584,300 257 304,892
186 163 0 86 12 759,608 132,906 533,675 552 334,760
54 1572 153 147 964 2,895,881 325,269 481,453 1141 1,016,351
13 751 8 47 1253 1,101,697 159,888 480,228 582 412,234

182 911 5 6 40 1,223,316 206,001 415,743 139 194,479
92 2400 1 25 13 1,155,062 163,414 399,878 44 198,812

174 829 4 18 33 929,442 157,933 374,313 118 403,985
63 447 17 333 514 2,536,188 172,221 374,150 193 949,990
68 741 19 40 721 916,109 122,278 365,038 273 513,848
58 252 0 31 137 770,716 123,994 345,119 95 875,600

4.3. Information Dissemination Network Analysis
4.3.1. Dissemination Efficiency

In Figure 4, which was created using Gephi, the nodes mainly rely on the degree of
centrality in the data. The round nodes indicate the 220 opinion leaders, while the larger
circular shapes represent individuals with a high degree of centrality. Lines represent the
relational ties in information seeking, and arrows indicate the direction of information
seeking. Figure 4 shows that there are no isolated nodes in the network, indicating that
there was information-exchange behavior among the opinion leaders of the community.
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However, the overall density (0.041) and cohesion (0.246) of the network are relatively
low, indicating that overall connections were loose. At the same time, the information
dissemination efficiency of the network was relatively low, with an average distance of
2.922, indicating that each individual could communicate with other individuals after an
average of three people in the network.
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4.3.2. Dissemination Path

The propagation path concerns the key nodes of information dissemination in the
network according to depth of influence, which is mainly measured by the centrality of
the network. Network centrality mainly includes three categories: Freeman’s degree, Free-
man’s betweenness, and closeness. Freeman’s degree represents the number of connections
with other nodes, which is divided into out-degree and in-degree. As shown in Table 2, in
the opinion leader information exchange network, certain individuals (4, 14, 40, 44, 54, 79,
110, 140, 166, 186) have a larger in-degree and are therefore good at receiving information
from other users. Some individuals (27, 35, 54, 58, 63, 117, 139, 140, 147, 169, 173, 174, 187)
have a larger out-degree, which means they are willing to actively discuss topics with other
individuals and are good at expressing their opinions. Meanwhile, Freeman’s betweenness
measures the degree of control of resources by actors. Those individuals (14, 27, 29, 35, 39,
54, 58, 63, 110, 117, 140, 147, 152, 166, 169, 173, 187) with larger Freeman’s betweenness are
the middlemen of the network; they have high social proficiency within the topic commu-
nity and influence the dissemination of information and knowledge. Many individuals in
the network need these “social influencers” to connect with other individuals. Furthermore,
those individuals (7, 19, 44, 53, 183, 215, 220) with larger out-closeness had more contact
with other individuals in the network; they are good at expressing their opinions and are
less affected by information from middlemen. Thus, the information dissemination path of
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the network was not singular, and more opinion leaders were located on the critical path
of the information dissemination network.

Table 2. Centrality of the opinion leader information dissemination network.

Node
Freeman’s Degree Freeman’s

Betweenness

Closeness

Out-Degree In-Degree Out-Closeness In-Closeness

4 32 25 931.471 1.141 42.442
7 25 0 0 1.153 0.455

14 40 27 1329.821 1.142 38.830
19 22 0 0 1.153 0.455
27 16 61 2250.844 1.140 48.667
29 19 39 1008.740 1.139 46.300
35 6 47 659.184 1.135 44.785
39 28 34 1100.431 1.141 44.603
40 39 9 735.769 1.142 37.694
44 52 0 0 1.183 0.455
53 2 0 0 1.166 0.455
54 38 59 3147.564 1.142 50.345
58 2 73 941.889 1.131 53.545
63 15 60 2071.452 1.138 48.026
79 32 15 552.177 1.141 37.889
110 37 7 573.174 1.142 34.488
117 4 68 1182.808 1.135 51.529
139 12 47 785.077 1.137 48.451
140 59 45 4782.494 1.143 47.198
147 15 41 1439.679 1.138 46.300
148 18 28 889.609 1.139 45.436
152 14 21 1055.198 1.139 38.693
166 37 27 2035.962 1.142 41.243
169 7 56 1146.631 1.138 46.695
173 10 45 758.197 1.137 45.342
174 1 41 408.984 1.123 47.505
183 29 0 0 1.154 0.455
186 30 17 440.518 1.141 38.153
187 21 59 1391.886 1.139 49.213
215 2 0 0 1.162 0.455
220 6 0 0 1.174 0.455

4.3.3. Degree of Control over Dissemination

The degree of control over dissemination is measured by the number of structural
holes in the network. Freeman’s betweenness indicated that there were structural holes
in the network. By analyzing structural hole-related indicators, we found that certain
individuals (14, 27, 35, 44, 54, 58, 63, 110, 117, 140, 147, 166, 169, 173, 174, 187, 217) were
located in the structural hole of the network and were the middlemen of the network.
Individuals at such nodes can also connect two areas to obtain nonredundant information
in the network. There was also a core–periphery model in the network, and 52 individuals
were in the core area. In Figure 5, the red-boxed individuals are in the structural hole of the
network. More individuals with structural holes were in the core area of the network. They
had greater access to information and thus had a competitive advantage over members
in other positions. In general, due to the influence of the structural hole structure, the
information dissemination of the network was hindered, and the degree of control over
dissemination was relatively high.
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4.4. The Evolution of User Emotion

From 26 February 2020 to 26 September 2020, we continuously crawled the daily
new posts of this community over seven months and used ROSTCM6 to perform emotion
analysis on the content of the posts. The study found that users’ emotional attitudes
towards posting were divided into three main categories: positive, neutral, and negative.
The process of user emotional evolution is mainly represented by the ratio of three daily
emotion posts to daily posts, as shown in Figure 6. During the epidemic, the emotional
evolution of users throughout the data collection period could be divided into three main
phases. Before early April 2020, the three sentiments were relatively unstable, with the
largest proportion of negative sentiment overall, which may be due to public concern and
fear caused by uncertainty and ignorance about the initial outbreak of the epidemic. During
the period from early April to the end of June 2020, the largest share of positive emotions
was observed, while the share of neutral and negative emotions was fluctuating. Based on
the actual situation, it was found that the domestic epidemic was gradually controlled and
stabilized during this period, while the foreign epidemic started to break out continuously,
and the national confidence in fighting the epidemic increased, and the positive emotions
gradually increased. After 1 July 2020, the proportion of neutral emotions was generally
highest among new daily emotional posts on COVID-19, with the user emotions stabilizing,
and they responded to COVID-19 with a more objective attitude while discussion fever
decreased. Overall, during the outbreak period of the epidemic, positive and negative
emotions were dominant at separate times, while neutral emotions appeared during the
dissipation of the epidemic.
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5. Discussion and Conclusion
5.1. Discussion

Social media has played an increasingly prominent role in public health emergen-
cies [77]. Discussions of COVID-19-related topics among users on knowledge Q&A social
media show concentrated trends in terms of regions and topics. The essential posts col-
lected for this study were classified into seven major categories, and there were significant
differences in the number of posts in the different categories. In terms of major events
and development status, users were more concerned about the international contexts than
domestic ones; this may be caused by the uncertainty of COVID-19 in places such as Europe
and the US [78]. We also found that discussion topics were closely related to the latest
news and major events. Topics of interest have changed along with the development of the
epidemic. It is noteworthy that a relatively small proportion of posts (7.83%) concerned
the promotion of epidemic knowledge. Such knowledge can increase users’ awareness of
COVID-19 and help reduce the spread of rumors [79].

We found that in the information interaction network, the information exchange be-
tween users was relatively loose (network density: 0.0414), and dissemination efficiency
was relatively low. However, it had an average distance (2.992) and higher information ac-
cessibility. This differs from previous research conclusions [67], which could be attributable
to differences between different social media in terms of user activity and event atten-
tion. Meanwhile, we identified 18 social influencers (higher Freeman betweenness) in
the information dissemination network. These were the middlemen of information dis-
semination in the community. There were 23 information communication experts (higher
out-degree or in-degree), who were good at expressing their views and communicating
with others. This led to more information dissemination paths in the network, which was
not singular. This also departs from previous findings [80], which could be attributed to
the fact that academic Q&A communities have fewer users, less user-generated content,
and a wider range of content dissemination than the research community. However, too
many structural holes will lead to unconnected information transmission channels between
users, resulting in high communication costs [81]. There were many structural holes in the
topic community, leading to more control factors in users’ information exchange, which
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affects the transmission of information, making the network’s control over the degree of
dissemination larger.

We also found an obvious core–periphery structure in the information exchange
network of the community. In addition, the study also found that the density in the
core area (0.297) was much higher than in the peripheral area (0.010). At the same time,
individuals in the core area have higher information dissemination capabilities, and their
information-exchange behavior will have a stronger effect on other individuals in the
community. This is consistent with previous research [82,83], which shows individuals in
the core area can obtain more diversified information, and their influence degree is greater
than that of individuals in the peripheral area.

The results showed that user emotion changed from initially strong negative to strong
positive over the course of the pandemic and eventually tended to be objective and neutral
as time passed and the event stabilized. This means that in the early stages of an epidemic,
information on social media about the worsening or rapid spread of the pandemic may
cause public panic [84], as evidenced by a tendency for public opinion to be pessimistic. In
addition, the severity of the epidemic is negatively correlated with the proportion of posi-
tive emotions and positively correlated with negative emotions. That is, as the epidemic
worsens, people’s emotions shift to negative, and the proportion of positive emotions tends
to decrease. This is not surprising at all, and the results of previous empirical studies con-
firm our results, showing stronger emotional fluctuations and higher psychological stress
among the public during epidemics [85,86]. Interestingly, the introduction of government
measures and the effective control of the epidemic have led to more positive user emotions,
which manifests itself in social media in the form of more positive public opinion. Several
scholars’ studies also prove this and argue that the government should deal with the
epidemic in an open and objective manner to gain public trust, which also helps to reduce
negative user emotions [87–89]. It is worth noting that as the epidemic subsides and the
probability of major events decreases, public concern about the pandemic will gradually
shift and mood swings will decrease, as evidenced by a decrease in the number of public
comments on social media and a more neutral and objective evaluation of public opinion.
In general, the evolution of public sentiment shows more obvious phased characteristics,
which are closely related to the changes in the life cycle of public opinion.

5.2. Implications for Research and Practice

This research provides a new ideal to analyze the information dissemination behavior
of users in the knowledge Q&A community. First, we extended the theory of emotional
cognition to this field. After obtaining information in the community, through the body’s
perception, it will trigger the user’s positive or negative emotional response. The research
results also demonstrated that users have obvious emotional tendencies in the process of
information dissemination. At the same time, the evolution of emotions had the charac-
teristics of temporal and spatial changes. Secondly, we redefined the community’s online
opinion leaders based on the unique characteristics of the knowledge Q&A community
and the views of scholars. Combining communication studies and social network analysis
methods to construct indicators, a quantitative analysis of the information dissemination
network was carried out. The research results also confirmed that the user information
dissemination network structure during the pandemic is different from the general state.
All in all, user information dissemination behavior is a very complicated process, and
researchers may need to focus more on the information dissemination mechanism and
characteristics of users in the process of information dissemination.

In practice, first of all, in the face of a sudden pandemic, the results of this study
have practical significance for effectively reducing the spread of malignant public opinion.
The information dissemination of the opinion leader information dissemination network
had low efficiency, multiple paths, and a high degree of control. Since the distortion
and uncertainty of information will cause public panic, one effective way is to record
their queries and invite expert members to respond to these questions. More importantly,



Int. J. Environ. Res. Public Health 2021, 18, 12252 14 of 18

more medium and small media accounts should be cultivated to increase the intensity of
information diffusion, avoid information barriers caused by excessive concentration of
information, and improve the efficiency of information dissemination.

Second, the results of this research also have practical significance for the emotional
guidance of community users during the pandemic. We found that user emotions showed
obvious phased characteristics. Thus, community managers could use information tech-
nology to actively pay attention to the development of characteristic groups in core areas
and structural holes and identify some influential key people to release some positive
information to significantly adjust and improve users’ negative emotions.

Third, this study also further reveals how managers could improve community func-
tions to increase community utilization. On the one hand, some users with a high degree of
knowledge contribution may be introduced to promote the flow of knowledge within the
community. On the other hand, it is also necessary to increase the types of topic posts in the
community, such as “Knowledge Popularization”, “Deed Sharing” and other related topics
columns to help the members establish strong and long-term relationships with others and
increase user stickiness.

5.3. Conclusions, Limitations, and Future Research

In this research, we obtained essential posts about COVID-19 on Zhihu. Based on the
theory of emotional cognition, combined with the indicators of social network analysis, we
constructed a social network for the information exchange behavior of opinion leaders and
measured dissemination efficiency, dissemination path, and degree of control over dissemi-
nation. We also analyzed and explained the characteristics and laws of the evolution of user
emotions in the knowledge Q&A community. The conclusions are summarized below. (1)
Essential posts in the COVID-19 topic community could be divided into seven categories
(e.g., major COVID-19-related events, consultation and discussion, development-status
analysis of COVID-19, and knowledge popularization). (2) Opinion leaders in COVID-19-
themed communities showed differences in their ability to disseminate information. The
communication ability of individuals in the core area is significantly better than that of
individuals in the peripheral area. (3) The information dissemination of opinion leader
information dissemination network had low efficiency, multiple paths, and high degree of
control. (4) During COVID-19, the emotional evolution of users in the knowledge Q&A
community showed obvious phased characteristics. User emotion changed from initially
strong negative to strong positive over the course of the pandemic and eventually tended
to be objective and neutral as time passed and the event stabilized.

This study has some limitations. First, it was limited to the outbreak and stabilization
period of COVID-19. Therefore, the situation before 26 February 2020 is beyond the scope
of this work. Second, the data sources were relatively narrow. We only considered Zhihu
and did not include other data sources such as Baidu Zhizhi and Douban. Therefore, in
future research, we can collect users in different types of communities as samples to better
analyze and reflect the network structure and behavior patterns of different users. This
research was also limited to data disclosed by the platform. Furthermore, due to a lack of
more detailed information about the users who contributed to essential posts, we were
unable to describe users’ sociodemographic information, and we could not obtain the
geographic spatial distribution of opinion leaders.

Author Contributions: Conceptualization, X.X. and Z.L.; methodology, X.X.; software, X.X. and L.Z.;
investigation, X.X., R.W. and L.Z.; data curation, R.W. and L.Z.; writing—original draft preparation,
X.X.; writing—review and editing, Z.L.; visualization, R.W. All authors have read and agreed to the
published version of the manuscript.

Funding: This research was funded by Major Projects of Sichuan Province in the “13th Five-Year Plan”
for Social Sciences in 2020 (grant number SC20YJ002), and Sichuan Regional Public Management
Information Research Center Fund Project (grant number QGXH18-02).



Int. J. Environ. Res. Public Health 2021, 18, 12252 15 of 18

Acknowledgments: The authors thank the editors and the anonymous reviewers for providing valu-
able comments and suggestions and thank LetPub (www.letpub.com) (accessed on 8 October 2021)
for its linguistic assistance during the preparation of this manuscript.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Veer, M.; Kumar, A.M.; Ivanova, V. COVID-19 and the Cardiovascular System. Crit. Care Nurs. Q. 2020, 43, 381–389. [CrossRef]
2. Bartsch, S.M.; Ferguson, M.C.; McKinnell, J.A.; O’Shea, K.J.; Wedlock, P.; Siegmund, S.S.; Lee, B.Y. The Potential Health Care

Costs and Resource Use Associated with COVID-19 in the United States. Health Aff. 2020, 39, 927–935. [CrossRef]
3. Cerasti, D.; Ormitti, F.; Pardatscher, S.; Malchiodi, L.; Picetti, E.; Menozzi, R.; Rossi, S. Multiple Acute Ischemic Strokes in a

COVID-19 Patient: A Case Report. SN Compr. Clin. Med. 2020, 2, 1213–1217. [CrossRef] [PubMed]
4. Freeman, E.E.; McMahon, D.E. Creating dermatology guidelines for COVID-19: The pitfalls of applying evidence-based medicine

to an emerging infectious disease. J. Am. Acad. Dermatol. 2020, 82, e231–e232. [CrossRef]
5. World Health Organization. Novel Coronavirus (2019-nCoV) Situation Report—11. Available online: https://www.who.int/docs/

default-source/coronaviruse/situation-reports/20200131-sitrep-11-ncov.pdf?sfvrsn=de7c0f7_4 (accessed on 21 February 2020).
6. Tang, W.; Liao, H.; Marley, G.; Wang, Z.; Cheng, W.; Wu, D.; Yu, R. The Changing Patterns of Coronavirus Disease 2019

(COVID-19) in China: A Tempogeographic Analysis of the Severe Acute Respiratory Syndrome Coronavirus 2 Epidemic. Clin.
Infect. Dis. 2020, 71, 818–824. [CrossRef]

7. Prasanna, P.M.; Seagull, F.J.; Nagy, P. Online Social Networking: A Primer for Radiology. J. Digit. Imaging 2011, 24, 908–912.
[CrossRef] [PubMed]

8. Lin, H.-C.; Ho, W.-H. Cultural Effects on Use of Online Social Media for Health-Related Information Acquisition and Sharing in
Taiwan. Int. J. Hum.-Comput. Interact. 2018, 34, 1063–1076. [CrossRef]

9. Sharma, C.; Whittle, S.; Haghighi, P.D.; Burstein, F.; Sa’Adon, R.; Keen, H.I. Mining social media data to investigate patient
perceptions regarding DMARD pharmacotherapy for rheumatoid arthritis. Ann. Rheum. Dis. 2020, 79, 1432–1437. [CrossRef]
[PubMed]

10. Mei, Y.; Tu, Y.; Xie, K.; Ye, Y.; Shen, W. Internet Public Opinion Risk Grading under Emergency Event Based on AHPSort
II-DEMATEL. Sustainability 2019, 11, 4440. [CrossRef]

11. Burhamah, W.; AlKhayyat, A.; Oroszlányová, M.; AlKenane, A.; Almansouri, A.; Behbehani, M.; Karimi, N.; Jafar, H.; AlSuwaidan,
M. The psychological burden of the COVID-19 pandemic and associated lockdown measures: Experience from 4000 participants.
J. Affect. Disord. 2020, 277, 977–985. [CrossRef]

12. Bao, Y.; Sun, Y.; Meng, S.; Shi, J.; Lu, L. 2019-nCoV epidemic: Address mental health care to empower society. Lancet 2020, 395,
e37–e38. [CrossRef]

13. Kaligotla, C.; Yücesan, E.; Chick, S.E. Diffusion of competing rumours on social media. J. Simul. 2020, 1–21. [CrossRef]
14. Zhang, Y.; Liu, F.; Koura, Y.H.; Wang, H. Dynamic of interactive model for information propagation across social networks media.

Adv. Differ. Equ. 2020, 2020, 1–15. [CrossRef]
15. Shan, S.; Liu, M.; Xu, X. Analysis of the key influencing factors of haze information dissemination behavior and motivation in

WeChat. Inf. Discov. Deliv. 2017, 45, 21–29. [CrossRef]
16. Zhang, L.; Wang, T.; Jin, Z.; Su, N.; Zhao, C.; He, Y. The research on social networks public opinion propagation influence models

and its controllability. China Commun. 2018, 15, 98–110. [CrossRef]
17. Zhao, A.; Bi, S.-B.; Wang, J.; Huang, T.; Wan, L. Spatial Structure and Characteristics of Information-Network Based on Network

Public Opinion. China Sci. Technol. Forum 2017, 11, 149–157. [CrossRef]
18. Geiger, N.; Swim, J.K.; Glenna, L. Spread the Green Word: A Social Community Perspective into Environmentally Sustainable

Behavior. Environ. Behav. 2019, 51, 561–589. [CrossRef]
19. Williams, H.; McMurray, J.R.; Kurz, T.; Lambert, F.H. Network analysis reveals open forums and echo chambers in social media

discussions of climate change. Glob. Environ. Chang. 2015, 32, 126–138. [CrossRef]
20. Pirri, S.; Lorenzoni, V.; Andreozzi, G.; Mosca, M.; Turchetti, G. Topic Modeling and User Network Analysis on Twitter during

World Lupus Awareness Day. Int. J. Environ. Res. Public Health 2020, 17, 5440. [CrossRef]
21. Nip, J.Y.M.; Fu, K.-W. Networked framing between source posts and their reposts: An analysis of public opinion on China’s

microblogs. Inf. Commun. Soc. 2015, 19, 1–23. [CrossRef]
22. Xu, Q.; Yu, N.; Song, Y. User Engagement in Public Discourse on Genetically Modified Organisms: The Role of Opinion Leaders

on Social Media. Sci. Commun. 2018, 40, 691–717. [CrossRef]
23. Wang, X.; Song, Y. Viral misinformation and echo chambers: The diffusion of rumors about genetically modified organisms on

social media. Internet Res. 2020, 30, 1547–1564. [CrossRef]
24. Li, Y.; Zhou, H.; Lin, Z.; Wang, Y.; Chen, S.; Liu, C.; Wang, Z.; Gifu, D.; Xia, J. Investigation in the influences of public opinion

indicators on vegetable prices by corpora construction and WeChat article analysis. Futur. Gener. Comput. Syst. 2020, 102, 876–888.
[CrossRef]

25. Liu, L.; Chen, B.; Ai, C.; He, L.; Wang, Y.; Qiu, X.; Lu, X. The Influence of Geographic Factors on Information Dissemination in
Mobile Social Networks in China: Evidence from WeChat. ISPRS Int. J. Geo-Inf. 2018, 7, 189. [CrossRef]

www.letpub.com
http://doi.org/10.1097/CNQ.0000000000000323
http://doi.org/10.1377/hlthaff.2020.00426
http://doi.org/10.1007/s42399-020-00388-9
http://www.ncbi.nlm.nih.gov/pubmed/32838158
http://doi.org/10.1016/j.jaad.2020.04.002
https://www.who.int/docs/default-source/coronaviruse/situation-reports/20200131-sitrep-11-ncov.pdf?sfvrsn=de7c0f7_4
https://www.who.int/docs/default-source/coronaviruse/situation-reports/20200131-sitrep-11-ncov.pdf?sfvrsn=de7c0f7_4
http://doi.org/10.1093/cid/ciaa423
http://doi.org/10.1007/s10278-011-9371-4
http://www.ncbi.nlm.nih.gov/pubmed/21360214
http://doi.org/10.1080/10447318.2017.1413790
http://doi.org/10.1136/annrheumdis-2020-217333
http://www.ncbi.nlm.nih.gov/pubmed/32883653
http://doi.org/10.3390/su11164440
http://doi.org/10.1016/j.jad.2020.09.014
http://doi.org/10.1016/S0140-6736(20)30309-3
http://doi.org/10.1080/17477778.2020.1785345
http://doi.org/10.1186/s13662-019-2438-0
http://doi.org/10.1108/IDD-09-2016-0029
http://doi.org/10.1109/CC.2018.8424607
http://doi.org/10.13580/j.cnki.fstc.2017.11.018
http://doi.org/10.1177/0013916518812925
http://doi.org/10.1016/j.gloenvcha.2015.03.006
http://doi.org/10.3390/ijerph17155440
http://doi.org/10.1080/1369118X.2015.1104372
http://doi.org/10.1177/1075547018806526
http://doi.org/10.1108/INTR-11-2019-0491
http://doi.org/10.1016/j.future.2019.07.016
http://doi.org/10.3390/ijgi7050189


Int. J. Environ. Res. Public Health 2021, 18, 12252 16 of 18

26. Joshi, G.C.; Paul, M.; Kalita, B.K.; Ranga, V.; Rawat, J.S.; Rawat, P.S. Mapping the social landscape through social media. J. Inf. Sci.
2020, 46, 776–789. [CrossRef]

27. Keelan, J.; Pavri, V.; Balakrishnan, R.; Wilson, K. An analysis of the Human Papilloma Virus vaccine debate on MySpace blogs.
Vaccine 2010, 28, 1535–1540. [CrossRef] [PubMed]

28. Massey, P.M.; Kearney, M.D.; Hauer, M.K.; Selvan, P.; Koku, E.; Leader, A.E. Dimensions of Misinformation About the HPV
Vaccine on Instagram: Content and Network Analysis of Social Media Characteristics. J. Med. Internet Res. 2020, 22, e21451.
[CrossRef]

29. Gao, Y.; Xie, Z.; Sun, L.; Xu, C.; Li, D. Electronic Cigarette–Related Contents on Instagram: Observational Study and Exploratory
Analysis. JMIR Public Health Surveill. 2020, 6, e21963. [CrossRef] [PubMed]

30. Vo, T.T.; Xiao, X.; Ho, S.Y. How Does Corporate Social Responsibility Engagement Influence Word of Mouth on Twitter? Evidence
from the Airline Industry. J. Bus. Ethics 2019, 157, 525–542. [CrossRef]

31. Chauhan, P.; Sharma, N.; Sikka, G. The emergence of social media data and sentiment analysis in election prediction. J. Ambient.
Intell. Humaniz. Comput. 2021, 12, 2601–2627. [CrossRef]

32. Babac, M.B.; Podobnik, V. What social media activities reveal about election results? The use of Facebook during the 2015 general
election campaign in Croatia. Inf. Technol. People 2018, 31, 327–347. [CrossRef]

33. Chan, C.-H.; Fu, K.-W. The Relationship Between Cyberbalkanization and Opinion Polarization: Time-Series Analysis on
Facebook Pages and Opinion Polls During the Hong Kong Occupy Movement and the Associated Debate on Political Reform. J.
Comput. Commun. 2017, 22, 266–283. [CrossRef]

34. Wang, Y.; McKee, M.; Torbica, A.; Stuckler, D. Systematic Literature Review on the Spread of Health-related Misinformation on
Social Media. Soc. Sci. Med. 2019, 240, 112552. [CrossRef]

35. Gu, M.; Guo, H.; Zhuang, J. Social Media Behavior and Emotional Evolution during Emergency Events. Health 2021, 9, 1109.
[CrossRef] [PubMed]

36. Zhang, J.; Zhao, Y.; Dimitroff, A. A study on health care consumers’ diabetes term usage across identified categories. Aslib J. Inf.
Manag. 2014, 66, 443–463. [CrossRef]

37. Meissner, N. Opinion leaders as intermediaries in audience building for independent films in the Internet age. Converg. Int. J. Res.
New Media Technol. 2014, 21, 450–473. [CrossRef]

38. Rhee, J.W.; Kim, E.M.; Suk, K.H. Exploring Online Opinion Leadership. Korean J. Commun. Stud. 2007, 51, 358–384.
39. Xiong, Y.; Cheng, Z.; Liang, E.; Wu, Y. Accumulation mechanism of opinion leaders’ social interaction ties in virtual communities:

Empirical evidence from China. Comput. Hum. Behav. 2018, 82, 81–93. [CrossRef]
40. Xu, J.; Zhu, F.; Liu, S.; Zhu, B. Identifying opinion leaders by improved algorithm based on Leader—Rank. Comput. Eng. Appl.

2015, 51, 110.
41. Zhang, W.; He, H.; Cao, B. Identifying and evaluating the internet opinion leader community based on k-clique clustering. Neural

Comput. Appl. 2014, 25, 595–602. [CrossRef]
42. Zhang, W.; Li, X.; He, H.; Wang, X. Identifying Network Public Opinion Leaders Based on Markov Logic Networks. Sci. World J.

2014, 2014, 1–8. [CrossRef] [PubMed]
43. Chen, C.-M.; You, Z.-L. Community detection with opinion leaders’ identification for promoting collaborative problem-based

learning performance. Br. J. Educ. Technol. 2018, 50, 1846–1864. [CrossRef]
44. Ma, N.; Liu, Y. SuperedgeRank algorithm and its application in identifying opinion leader of online public opinion supernetwork.

Expert Syst. Appl. 2014, 41, 1357–1368. [CrossRef]
45. Liu, Z.; Jansen, B.J. Identifying and predicting the desire to help in social question and answering. Inf. Process. Manag. 2017, 53,

490–504. [CrossRef]
46. Oh, S.; Oh, J.S.; Shah, C. The use of information sources by internet users in answering questions. Proc. Am. Soc. Inf. Sci. Technol.

2008, 45, 1–13. [CrossRef]
47. Recode. Yes, Quora Still Exists, and It’s Now Worth Billion. 2019. Available online: https://carmona.mx/2019/05/18/yes-quora-

still-exists-and-its-now-worth-2-billion/ (accessed on 23 December 2019).
48. Chen, Y.; Dong, T.; Ban, Q.; Li, Y. What Concerns Consumers about Hypertension? A Comparison between the Online Health

Community and the Q&A Forum. Int. J. Comput. Intell. Syst. 2021, 14, 734. [CrossRef]
49. Gazan, R. Microcollaborations in a social Q&A community. Inf. Process. Manag. 2010, 46, 693–702. [CrossRef]
50. Jin, X.L.; Zhou, Z.Y.; Lee, M.K.O.; Cheung, C.M.K. Why users keep answering questions in online question answering communi-

ties: A theoretical and empirical investigation. Int. J. Inf. Manag. 2013, 33, 93–104. [CrossRef]
51. Tang, Z.; Chen, L.; Gillenson, M.L. How to keep brand fan page followers? The lens of person-environment fit theory. Inf. Technol.

People 2018, 31, 927–947. [CrossRef]
52. Zhao, Y.; Peng, X.; Liu, Z.; Song, S.; Hansen, P. Factors that affect asker’s pay intention in trilateral payment-based social Q&A

platforms: From a benefit and cost perspective. J. Assoc. Inf. Sci. Technol. 2020, 71, 516–528. [CrossRef]
53. Meng, Z.L. Emotional Psychology; Peking University Press: Beijing, China, 2005.
54. Guan, T.; Wang, L.; Jin, J.; Song, X. Knowledge contribution behavior in online Q&A communities: An empirical investigation.

Comput. Hum. Behav. 2018, 81, 137–147. [CrossRef]
55. Jin, J.; Li, Y.; Zhong, X.; Zhai, L. Why users contribute knowledge to online communities: An empirical study of an online social

Q&A community. Inf. Manag. 2015, 52, 840–849. [CrossRef]

http://doi.org/10.1177/0165551519865487
http://doi.org/10.1016/j.vaccine.2009.11.060
http://www.ncbi.nlm.nih.gov/pubmed/20003922
http://doi.org/10.2196/21451
http://doi.org/10.2196/21963
http://www.ncbi.nlm.nih.gov/pubmed/33151157
http://doi.org/10.1007/s10551-017-3679-z
http://doi.org/10.1007/s12652-020-02423-y
http://doi.org/10.1108/ITP-08-2016-0200
http://doi.org/10.1111/jcc4.12192
http://doi.org/10.1016/j.socscimed.2019.112552
http://doi.org/10.3390/healthcare9091109
http://www.ncbi.nlm.nih.gov/pubmed/34574883
http://doi.org/10.1108/AJIM-01-2014-0008
http://doi.org/10.1177/1354856514546095
http://doi.org/10.1016/j.chb.2018.01.005
http://doi.org/10.1007/s00521-013-1529-1
http://doi.org/10.1155/2014/268592
http://www.ncbi.nlm.nih.gov/pubmed/24977188
http://doi.org/10.1111/bjet.12673
http://doi.org/10.1016/j.eswa.2013.08.033
http://doi.org/10.1016/j.ipm.2016.05.001
http://doi.org/10.1002/meet.2008.1450450279
https://carmona.mx/2019/05/18/yes-quora-still-exists-and-its-now-worth-2-billion/
https://carmona.mx/2019/05/18/yes-quora-still-exists-and-its-now-worth-2-billion/
http://doi.org/10.2991/ijcis.d.210203.002
http://doi.org/10.1016/j.ipm.2009.10.007
http://doi.org/10.1016/j.ijinfomgt.2012.07.007
http://doi.org/10.1108/ITP-04-2016-0076
http://doi.org/10.1002/asi.24262
http://doi.org/10.1016/j.chb.2017.12.023
http://doi.org/10.1016/j.im.2015.07.005


Int. J. Environ. Res. Public Health 2021, 18, 12252 17 of 18

56. Johnson, C.A. Social capital and the search for information: Examining the role of social capital in information seeking behavior
in Mongolia. J. Am. Soc. Inf. Sci. 2007, 58, 883–894. [CrossRef]

57. Osatuyi, B.; Passerini, K.; Turel, O. Diminishing returns of information quality: Untangling the determinants of best answer
selection. Comput. Hum. Behav. 2022, 126, 107009. [CrossRef]

58. Berger, J.; Milkman, K.L. What Makes Online Content Viral? J. Mark. Res. 2012, 49, 192–205. [CrossRef]
59. Zhihu Product Analysis Report. Available online: http://www.woshipm.com/evaluating/5041779.html (accessed on 17 August 2021).
60. He, L.; He, C.; Reynolds, T.L.; Bai, Q.; Huang, Y.; Li, C.; Zheng, K.; Chen, Y. Why do people oppose mask wearing? A

comprehensive analysis of U.S. tweets during the COVID-19 pandemic. J. Am. Med. Inform. Assoc. 2021, 28, 1564–1573. [CrossRef]
[PubMed]

61. Dong, J.; Dong, J.; Zhang, Y.; He, Z.; Shi, L.; Cai, Y. A content analysis of e-cigarette related calls to the Shanghai health hotline, for
the period 2014–2019. Tob. Induc. Dis. 2021, 19, 1–4. [CrossRef]

62. Teasdale, E.; Clarke, H.; Chen, N.; Everitt, H. Online forum users’ views and experiences of managing irritable bowel syndrome:
A qualitative analysis of discussion content. BJGP Open 2020, 4. [CrossRef]

63. Kivlighan, I.D.M.; Adams, M.C.; Deng, K.; Ye, X.; Menninga, E.J. A Social Network Analysis of International Collaboration in
Counseling Psychology. Couns. Psychol. 2018, 46, 274–295. [CrossRef]

64. Getchell, M.C.; Sellnow, T.L. A network analysis of official Twitter accounts during the West Virginia water crisis. Comput. Hum.
Behav. 2016, 54, 597–606. [CrossRef]

65. File, K.; Valente, T.; McLaws, M.-L. Hygiene and Health: Who Do Mothers in Vanuatu Communicate with about Health? Int. J.
Environ. Res. Public Health 2018, 15, 443. [CrossRef] [PubMed]

66. Liu, J. Overall Network Analysis Lecture: UCINET Software Practical Guide; Shanghai People’s Publishing House: Shanghai,
China, 2009.

67. Li, Z.; Xu, X. Analysis of Network Structure and Doctor Behaviors in E-Health Communities from a Social-Capital Perspective.
Int. J. Environ. Res. Public Health 2020, 17, 1136. [CrossRef] [PubMed]

68. Burt, R.S.; Kilduff, M.; Tasselli, S. Social Network Analysis: Foundations and Frontiers on Advantage. Annu. Rev. Psychol. 2013,
64, 527–547. [CrossRef] [PubMed]

69. Pulgar, J.; Candia, C.; Leonardi, P.M. Social networks and academic performance in physics: Undergraduate cooperation enhances
ill-structured problem elaboration and inhibits well-structured problem solving. Phys. Rev. Phys. Educ. Res. 2020, 16, 010137.
[CrossRef]

70. Grodzinski, N.; Grodzinski, B.; Davies, B.M. Can co-authorship networks be used to predict author research impact? A
machine-learning based analysis within the field of degenerative cervical myelopathy research. PLoS ONE 2021, 16, e0256997.
[CrossRef]

71. Yie, K.-Y.; Chien, T.-W.; Chen, C.-H.; Yeh, Y.-T.; Lin, J.-C.J.; Lai, F.-J. Suitability of h- and x-indices for evaluating authors’ individual
research achievements in a given short period of years. Medicine 2021, 100, e25016. [CrossRef]

72. Tang, X.; Yang, C.C. Ranking User Influence in Healthcare Social Media. ACM Trans. Intell. Syst. Technol. 2012, 3, 1–21. [CrossRef]
73. Park, I.; Shim, H.; Kim, J.; Lee, C.; Lee, D. The effects of popularity metrics in news comments on the formation of public opinion:

Evidence from an internet portal site. Soc. Sci. J. 2020, 1–16. [CrossRef]
74. Yang, Z.; Wu, W.; Chen, Y.; Zhang, J. Efficient Information Dissemination in Dynamic Networks. In Proceedings of the 2013 42nd

International Conference on Parallel Processing, Lyon, France, 1–4 October 2013; pp. 603–610.
75. Li, K.; Lv, G.; Wang, Z.; Liu, Q.; Chen, E.; Qiao, L. Understanding the mechanism of social tie in the propagation process of social

network with communication channel. Front. Comput. Sci. 2019, 13, 1296–1308. [CrossRef]
76. Srinivasan, S.; Babu, L.D.D. Interest aware influential information disseminators in social networks. SN Appl. Sci. 2019, 1, 1456.

[CrossRef]
77. Feng, S.; Hossain, L.; Crawford, J.W.; Bossomaier, T. Quantifying Network Dynamics and Information Flow Across Chinese Social

Media During the African Ebola Outbreak. Disaster Med. Public Health Prep. 2018, 12, 26–37. [CrossRef] [PubMed]
78. World Health Organization. WHO Director-General’s Opening Remarks at the Media Briefing on COVID-19—13 March 2020.

Available online: https://www.who.int/director-general/speeches/detail/who-director-general-s-opening-remarks-at-the-
mission-briefing-on-covid-19---13-march-2020 (accessed on 13 March 2020).

79. Guedes Farias, M.G.; de Andrade Maia, F.C. Proposition of Scientific Observatory for Popularization of Science. Inf. Soc. Estud.
2020, 30, 1–19.

80. Shan, S.; Ren, J.; Li, C. The dynamic evolution of social ties and user-generated content: A case study on a Douban group. Enterp.
Inf. Syst. 2016, 11, 1462–1480. [CrossRef]

81. Cheng, X.L. Research on Network Structure Optimization of Shared Medical Stakeholders. Ph.D. Thesis, Chengdu University of
Technology, Chengdu, China, 2019.

82. Rushmore, J.; Caillaud, D.; Matamba, L.; Stumpf, R.M.; Borgatti, S.P.; Altizer, S. Social network analysis of wild chimpanzees
provides insights for predicting infectious disease risk. J. Anim. Ecol. 2013, 82, 976–986. [CrossRef]

83. Vercellone-Smith, P.; Jablokow, K.; Friedel, C. Characterizing communication networks in a web-based classroom: Cognitive
styles and linguistic behavior of self-organizing groups in online discussions. Comput. Educ. 2012, 59, 222–235. [CrossRef]

84. Lwin, M.O.; Lu, J.; Sheldenkar, A.; Schulz, P.J.; Shin, W.; Gupta, R.; Yang, Y. Global Sentiments Surrounding the COVID-19
Pandemic on Twitter: Analysis of Twitter Trends. JMIR Public Health Surveill. 2020, 6, e19447. [CrossRef] [PubMed]

http://doi.org/10.1002/asi.20561
http://doi.org/10.1016/j.chb.2021.107009
http://doi.org/10.1509/jmr.10.0353
http://www.woshipm.com/evaluating/5041779.html
http://doi.org/10.1093/jamia/ocab047
http://www.ncbi.nlm.nih.gov/pubmed/33690794
http://doi.org/10.18332/tid/132594
http://doi.org/10.3399/bjgpopen20X101084
http://doi.org/10.1177/0011000018763821
http://doi.org/10.1016/j.chb.2015.06.044
http://doi.org/10.3390/ijerph15030443
http://www.ncbi.nlm.nih.gov/pubmed/29510508
http://doi.org/10.3390/ijerph17041136
http://www.ncbi.nlm.nih.gov/pubmed/32053913
http://doi.org/10.1146/annurev-psych-113011-143828
http://www.ncbi.nlm.nih.gov/pubmed/23282056
http://doi.org/10.1103/PhysRevPhysEducRes.16.010137
http://doi.org/10.1371/journal.pone.0256997
http://doi.org/10.1097/MD.0000000000025016
http://doi.org/10.1145/2337542.2337558
http://doi.org/10.1080/03623319.2020.1768485
http://doi.org/10.1007/s11704-018-7453-x
http://doi.org/10.1007/s42452-019-1436-x
http://doi.org/10.1017/dmp.2017.29
http://www.ncbi.nlm.nih.gov/pubmed/28760166
https://www.who.int/director-general/speeches/detail/who-director-general-s-opening-remarks-at-the-mission-briefing-on-covid-19---13-march-2020
https://www.who.int/director-general/speeches/detail/who-director-general-s-opening-remarks-at-the-mission-briefing-on-covid-19---13-march-2020
http://doi.org/10.1080/17517575.2016.1177204
http://doi.org/10.1111/1365-2656.12088
http://doi.org/10.1016/j.compedu.2012.01.006
http://doi.org/10.2196/19447
http://www.ncbi.nlm.nih.gov/pubmed/32412418


Int. J. Environ. Res. Public Health 2021, 18, 12252 18 of 18

85. Zhang, Y.; Gao, J.; Luo, X.; Wu, X.; Bao, H. Dynamic Evolution of Public’s Positive Emotions and Risk Perception for the COVID-19
Pandemic: A Case Study of Hubei Province of China. Math. Probl. Eng. 2021, 2021, 1–14. [CrossRef]

86. Han, Q.; Zheng, B.; Agostini, M.; Bélanger, J.J.; Gützkow, B.; Kreienkamp, J.; Reitsema, A.M.; van Breen, J.A.; PsyCorona
Collaboration; Leander, N.P. Associations of risk perception of COVID-19 with emotion and mental health during the pandemic.
J. Affect. Disord. 2021, 284, 247–255. [CrossRef] [PubMed]

87. De Bruin, Y.B.; Lequarre, A.-S.; McCourt, J.; Clevestig, P.; Pigazzani, F.; Jeddi, M.Z.; Colosio, C.; Goulart, M. Initial impacts of
global risk mitigation measures taken during the combatting of the COVID-19 pandemic. Saf. Sci. 2020, 128, 104773. [CrossRef]
[PubMed]

88. Chena, Q.; Min, C.; Zhangd, W.; Wange, G.; Maa, X.; Evansf, R. Unpacking the black box: How to promote citizen engagement
through government social media during the COVID-19 crisis. Comput. Hum. Behav. 2020, 110, 106380. [CrossRef]

89. Zhang, W.; Wang, M.; Zhu, Y.-C. Does government information release really matter in regulating contagion-evolution of negative
emotion during public emergencies? From the perspective of cognitive big data analytics. Int. J. Inf. Manag. 2020, 50, 498–514.
[CrossRef]

http://doi.org/10.1155/2021/6680303
http://doi.org/10.1016/j.jad.2021.01.049
http://www.ncbi.nlm.nih.gov/pubmed/33602537
http://doi.org/10.1016/j.ssci.2020.104773
http://www.ncbi.nlm.nih.gov/pubmed/32296266
http://doi.org/10.1016/j.chb.2020.106380
http://doi.org/10.1016/j.ijinfomgt.2019.04.001

	Introduction 
	Theoretical Basis and Concept Definition 
	Network Opinion Leaders 
	Knowledge Q&A Community 
	Emotional Cognition Theory 

	Materials and Methods 
	Procedure 
	The Sample 
	Data Processing 
	Data Analysis 
	Variables and Instruments Used to Construct Networks 
	Identification and Measurement of Opinion Leaders 
	Measurement of Network Information Dissemination Ability 


	Results 
	Thematic Analysis 
	Word Cloud and Word Frequency 
	Classification of Essential Posts 

	Identification of Opinion Leaders 
	Information Dissemination Network Analysis 
	Dissemination Efficiency 
	Dissemination Path 
	Degree of Control over Dissemination 

	The Evolution of User Emotion 

	Discussion and Conclusion 
	Discussion 
	Implications for Research and Practice 
	Conclusions, Limitations, and Future Research 

	References

