
Original Paper

Understanding Social Support and Opinion Leaders in a
Tuberculosis-Related Online Community in China: Content and
Network Analyses

Xiaojun Fan1, MA; Jueman Zhang2, PhD; Xiuli Wang1, PhD
1School of New Media, Peking University, Beijing, China
2Harrington School of Communication and Media, University of Rhode Island, Kingston, RI, United States

Corresponding Author:
Xiuli Wang, PhD
School of New Media
Peking University
No. 5 Yiheyuan Rd.
Haidian District
Beijing, 100871
China
Phone: 86 10 62766689
Email: xiuli.wang@pku.edu.cn

Abstract

Background: Tuberculosis (TB) remains one of the world’s deadliest infectious diseases. Yet, despite the growing role of online
health communities (OHCs) as key sources of social support, research on TB-related online communities remains scarce. Network
analysis has been increasingly used to study OHCs and identify opinion leaders (OLs), offering a valuable approach to advancing
knowledge about TB-related online communities.

Objective: This study examined the types of social support and the influence of OLs in a prominent TB-related online forum
in China, with a particular focus on its curated subforum that served as a centralized space for user interaction. The subforum
consisted of posts recommended by the forum’s administrator and the corresponding user replies they generated.

Methods: The data consisted of all 438 administrator-recommended posts and the 150,570 associated user replies over 18 years,
from the forum’s launch in 2004 to 2021. The study used content analysis to examine the types of social support present in
administrator-recommended posts, which are commonly considered high-quality. It then applied social network analysis to these
posts and their associated user replies to identify OLs by using a Borda ranking method based on centrality measures and user
tenure. Finally, semantic network analysis was used to explore topic clusters within each OL’s posts and their associated user
replies.

Results: The content analysis showed a high prevalence of informational and emotional support in the administrator-recommended
posts. Of the 438 posts, 296 (67.5%) contained social support, with 150 containing informational support and 136 containing
emotional support. Social support varied by post theme and whether the intent was to provide or seek it. Among disease knowledge
posts, 74 out of 75 provided informational support. Emotional support was most frequently provided in nontreatment sharing
posts (28/113) and most frequently sought in treatment experience posts (47/129). The social network analysis identified 10 OLs.
The first was a former patient with TB, and the second was a pulmonary TB doctor. Together, they contributed 30.4% (133/438)
of all the posts. Across the semantic network analyses of each OL’s posts and their associated user replies, informational support
was more prominent than emotional support.

Conclusions: The findings suggest that the examined TB-related online forum served as an important source of social support
for people affected by TB in China, fostering an environment for both informational and emotional support. OLs played an
important role by contributing posts and establishing a central position through reply interactions with users.

(JMIR Infodemiology 2026;6:e79140) doi: 10.2196/79140
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Introduction

Background
Tuberculosis (TB), caused by a bacterium called Mycobacterium
tuberculosis, can be transmitted among people through the air
and usually affects the lungs [1]. As of 2023, TB has likely
reclaimed its position as the world’s leading cause of death from
a single infectious agent after 3 years of COVID-19 leading,
according to the World Health Organization [2]. Between 2014
and 2021, a total of 6,587,439 TB cases were reported in
mainland China, with an average annual incidence rate of 59.17
per 100,000 people [3]. Although the TB incidence rate declined
from 67.05 per 100,000 in 2014 to 46.40 per 100,000 in 2021
[3], China remains among the countries with the highest TB
incidence rates, reporting about 734,400 new cases in 2023,
ranking third globally and accounting for 6.8% of new cases
worldwide [4].

TB treatment typically lasts at least 6 months. Throughout the
treatment process, patients not only have to endure the physical
pain caused by the disease and the side effects of medications
but also experience negative impacts on their mental health
[5-7]. Social support is considered a crucial factor in promoting
treatment adherence, therapy completion, and the ability to
navigate other challenges among patients with TB [8-10].

With the development of the internet and increased accessibility
[11], online health communities (OHCs) have emerged as a
leading source of social support for individuals facing
health-related challenges, particularly through online forums
[12,13] and social media groups [14-16]. The establishment and
maintenance of a successful OHC requires key catalysts [17],
often in the form of opinion leaders (OLs), who are defined as
individuals in interpersonal communication networks that
regularly provide information and opinions to others and exert
influence on them [18]. Social network analysis has been
increasingly used to identify influential users such as OLs and
to reveal the community structure of online forums and social
media groups [12-14].

Previous research has explored OHCs for various diseases
[12-16]. However, the literature on TB-related OHCs remains
scarce, which suggests a critical gap in understanding the state
of online social support for people affected by TB. This study
aimed to bridge this gap by exploring the TB forum in Baidu
Post Bar (also known as Baidu Tieba, with “Bar” or “ba”
meaning “forum”), a prominent TB-related OHC in China.
Specifically, the study investigated the subforum within the TB
forum that features posts recommended by the forum’s
administrator, which are commonly regarded as high-quality,
along with the corresponding user replies they generated. The
data, consisting of the administrator-recommended posts and
the associated user replies in the subforum, were extracted over
a span of 18 years, from the TB forum’s launch in 2004 to 2021
[19].

The study has 3 main objectives. First, it uses content analysis
to examine the types of social support provided and sought in
the examined subforum. Second, it applies social network
analysis to identify OLs using a Borda ranking method based
on centrality measures and user tenure. Third, it uses semantic
network analysis to uncover the topics discussed in the OLs’
posts and their associated user replies, offering insights into the
types of social support they provided to users. To the best of
our knowledge, this is the first study to apply social network
analysis and semantic network analysis to a TB-related OHC.
Understanding these aspects could enhance knowledge about
TB-related online social support, inform the design of more
effective digital health interventions, and help address gaps in
TB education and support networks.

Literature Review

Social Support in OHCs
The concept of social support involves providing information
that makes individuals feel cared for, loved, valued, and
connected within a network of reciprocal obligations [17]. It is
postulated that social support positively impacts both physical
and mental well-being [20], including alleviating stress and
enhancing self-efficacy [17].

TB treatment generally requires at least 6 months, during which
patients endure not only the physical discomfort caused by the
disease and medication side effects, but also mental health
challenges [5-7]. A study in China revealed that 59% of patients
with TB experienced moderate to severe psychological stress
[6]. A study from South Africa indicated that 60% of patients
with TB exhibited symptoms of depression [7]. Social support
is considered an important factor in helping patients with TB
adhere to treatment, complete therapy, and overcome challenges
[8-10]. A study from China demonstrated that social support
from family members, friends, and other organizations
contributed to improved medication adherence and alleviated
symptoms of depression and anxiety [21].

Previous research outlines 4 primary types of social support:
informational, emotional, instrumental, and appraisal support
[22]. Another, more detailed classification includes
informational, emotional, esteem, network, and tangible support
[23,24]. A study on cancer-related OHCs identified opinion and
personal narrative support as additional types in extending the
detailed classification [12]. Furthermore, previous studies have
revealed that informational and emotional support are the 2
most prevalent types of social support in OHCs for different
health issues [25-27].

A scoping review of 49 studies worldwide about social support
for people with TB and their households classified social support
programs into 3 categories: financial intervention, food support,
and community participation [8]. Among these, community
participation fosters a supportive network and environment
through activities such as providing educational resources and
implementing educational activities [8]. However, limited access
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to these support programs remains a major challenge for many
individuals [8].

As internet access continues to expand [11], OHCs have become
a prominent source of social support for individuals facing
health-related challenges, particularly through online forums
[12,13] and social media platforms [14-16]. However, research
on TB-related online social support remains limited,
underscoring the need for further investigation into digital
platforms to better understand the state of social support for
patients with TB.

As a type of online community focused on health, OHCs share
common characteristics such as social relationships among
users, specific organizational structures and discussion formats,
sharing of historical content, community rituals, and a shared
online discussion space [28], all of which promote user identity,
nurture long-term connections, and encourage sustained
commitment to community goals [29].

Online communities enable users to initiate discussions and
engage with others’posts, fostering opportunities for interaction
that help establish social networks [12]. In this context, online
social support primarily refers to the support obtained through
these interactions, often manifested in OHCs through the
responses users receive from others [12]. Prior research has
summarized that patients often turn to OHCs for social support
due to limited access to adequate support in traditional networks,
the convenience of computer-mediated communication, the
need to cope with health-related stigma, and the perception of
support providers as credible and similar [30].

According to Granovetter’s Weak Ties Theory [31], the
interactive relationships within online communities are
considered weak ties, which, unlike strong ties such as those
with family and friends, often provide a wider range of
information and have a lower likelihood of conflict [32].
Previous studies have revealed that OHCs facilitate patient
self-management through the sharing of health information and
experiences [29,33].

OLs in OHCs
Lazarsfeld et al [18] introduced the concept of OLs in the 2-step
flow of communication theory, which suggests that media
messages do not directly influence the public. Instead,
information flows first from mass media to OLs—individuals
who actively consume, interpret, and filter media content based
on their knowledge and expertise. The OLs then disseminate
and discuss the information within their social networks, shaping
public opinions and behaviors [34,35]. Rogers’ [36] Diffusion
of Innovation Theory also underscores the crucial role of OLs
in spreading new information and influencing others. These
individuals are typically influential figures within social
networks, from whom others often seek information and advice
[37].

Likewise, online OLs have been characterized as individuals
who hold central positions in diffusing information within online
communities and influencing public opinion [12,37]. A study
on cancer-related OHCs revealed that online OLs actively
shaped the agenda within OHCs by creating topics, primarily
focusing on four themes: disease history and treatment, personal

health and life updates, advocacy, and emotional expression
[12].

In addition, research on cancer-related OHCs showed that online
OLs provide various forms of social support through their replies
to others, typically offering a combination of opinion support,
emotional support, and network support [12]. However, a study
on mental illness found that online OLs who post stereotypical
and stigmatizing remarks on social media can reinforce public
prejudices [38].

The influence of OLs in public health is evident not only in
their role in disseminating health information but also in
facilitating health promotion programs, including serving as
role models for behavior change [39].

Within online communities, OLs have significantly more
connections and a greater ability to foster shared attitudes among
community members [12,40]. With the widespread use of mobile
communication, online OLs can deliver information and advice
to members within OHCs more promptly and effectively than
those within traditional offline social networks [41].

Regarding the identity of OLs in OHCs, one study on
cancer-related OHCs found that individuals with higher levels
of cancer knowledge and a more optimistic outlook on life
challenges were more likely to become OLs in these
communities [42]. Another study on cancer-related OHCs
identified the majority of OLs as patients with cancer, while
the remaining were family or friend caregivers [12].

Research Questions
This study examined the subforum within the TB forum in Baidu
Post Bar that features administrator-recommended posts, along
with the replies those posts received, collected over 18 years
from the TB forum’s launch in 2004 to 2021. To understand
the types of social support in the administrator-recommended
posts, we used a 2-step content analysis. First, we classified
each of the posts into 1 theme, drawing on existing
classifications from the literature on OHCs [12,13], as well as
emerging ones observed in the posts. The 6 resulting themes
were disease knowledge, treatment experience, nontreatment
sharing, community activities, community announcements, and
questions and answers. Then, we identified posts containing
social support and categorized them into 1 of 4 types based on
the literature: informational, emotional, instrumental, or network
[12,22]. We further distinguished whether each post provided
or sought support. We posed the following questions:

• Research question 1 (RQ1): What types of social support
are provided and sought in the administrator-recommended
posts?

• Research question 2 (RQ2): How do different types of social
support vary by post theme?

In addition, we used social network analysis to identify OLs,
assessed by centrality and user-tenure metrics. We also applied
semantic network analysis to uncover the topics discussed in
the OLs’ posts and their associated user replies. We posed the
following questions:

• Research question 3 (RQ3): Who are the opinion leaders
in the subforum based on centrality and user-tenure metrics?
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• Research question 4 (RQ4): What topics emerge from
opinion leaders’ posts and their associated user replies?

Methods

Data Source
We examined the TB forum hosted on Baidu Post Bar, one of
China’s most prominent online communities related to TB.
Baidu Post Bar, also known as Baidu Tieba, was launched in
2003 and represents one of the earliest and largest interest-based
online platforms in China. Organized around thematic “bars”
(forums) dedicated to specific topics, Baidu Post Bar enables
registered users to initiate discussion threads or participate in
existing ones through replies. At its peak around 2015, Baidu
Post Bar encompassed over 22 million forums and attracted
approximately 300 million monthly active users. Although
subsequent competition from emerging social media platforms
has reduced its dominance [19,43], Baidu Post Bar remains a
valuable case for studying Chinese internet culture and
community dynamics, owing to its vast historical user base and
distinctive user-generated content ecosystem. The TB forum,
as one of the platform’s earliest and most active disease-specific
communities, offers a unique dataset for investigating the core
mechanisms driving health-related online
communities—namely, social support and opinion leadership.

We focused our analysis on the subforum of
administrator-recommended posts within the TB forum. In
Baidu Post Bar, an administrator holds the highest authority
and is responsible for forum governance, policy enforcement,
and user management. Each forum includes a prominent
navigation tab leading to a centralized subforum for all
administrator-recommended posts, which are widely perceived
as high-quality content. This subforum fosters focused user
engagement through replies, which are the sole interaction
mechanism. In contrast, the broader forum contains numerous
low-engagement threads, yielding fragmented reply networks
unsuitable for robust social network analysis. By restricting the
dataset to the subforum containing administrator-recommended
posts and their associated user replies, we ensured a cohesive,
high-interaction dataset that was optimal for examining social
support and opinion leadership dynamics.

Data collection spanned from 2004 to December 31, 2021,
encompassing the TB forum’s entire lifecycle—from its
inception in 2004 through Baidu Post Bar’s peak popularity and
its subsequent decline amid competition from newer social
media. This longitudinal window captures the forum’s rise,
maturity, and waning activity, culminating in the near cessation
of administrator-recommended posts by late 2021 (only 2 posts
in 2021) and a registered user base of approximately 113,000.
Using Scrapy [44], an open-source web scraping framework
for Python (Guido van Rossum), we programmatically retrieved
438 original administrator-recommended posts and 150,570
associated user replies, with the earliest post dated May 27,
2004. Additional publicly available metadata included post and
reply timestamps, anonymized user identities, gender,
registration date, and lifetime post counts.

Content Analysis to Examine Themes and Social
Support in the Posts
Content analysis has often been used to examine social support
in OHCs [24,25,45]. The unit of analysis is an original post in
the administrator-recommended subforum. Each post consists
of a user identity, post date, post title, and post body. We used
a 2-step content analysis to manually code each post’s theme
and social support based on its title and body. In step 1, the
researchers classified each of the 438 posts into 1 of 6 themes,
drawing on existing classifications from the literature on OHCs
[12,13], as well as emerging ones observed in the posts. The
first theme, disease knowledge, includes information about TB
treatment, research progress, and advice on returning to work
or school. The second theme, treatment experience, consists of
patients sharing their experience with TB treatment. The third
theme, nontreatment sharing, covers aspects of daily life or
travel experience during or after TB treatment, as well as
personal talents and skills. The fourth theme, community
activities, contains information about group activities initiated
within the OHC, including offline events. The fifth theme,
community announcements, consists of updates shared by the
management team of the TB OHC. The final theme, questions
and answers, covers consultations on TB-related issues and
responses provided by doctors or experienced patients.

In the second step, the researchers identified 296 of the 438
posts as containing social support. These 296 posts were then
classified into 1 of 4 types of social support—informational,
emotional, instrumental, and network support—based on prior
literature [12,22]. In addition, each post was coded according
to whether it provided or sought social support. Informational
support includes advice, knowledge, and resources related to
treatment options, medication use, hospital information, research
findings, and other relevant topics to help individuals navigate
TB-related challenges and make informed decisions. Emotional
support involves expressing empathy, concern, compassion,
and encouragement to help individuals cope with TB-related
struggles and difficult emotions. Instrumental support refers to
practical resources and assistance to help individuals address
their needs. Network support focuses on fostering a sense of
belonging within a community through actions such as offering
greetings, acknowledging other group members, and engaging
in mutual information exchange.

For example, a post titled “Is there anyone familiar with
bronchial TB? What medications are you taking?” (including
its body text) was coded under the disease knowledge theme as
a request for informational support. Another post titled “I’m
not afraid of anything, except for making my parents worry”
(including its body text) was coded under the treatment
experience theme as seeking emotional support. Two researchers
independently coded 50 posts randomly selected from the 438
posts to test intercoder reliability. Krippendorff’s α was 0.92
for classifying post themes, 0.89 for classifying the type of
social support a post provides, and 0.90 for classifying the type
of social support a post seeks. Each researcher then coded half
of the remaining posts independently.
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Social Network Analysis to Examine Community
Structure and Identify OLs
This study used social network analysis to examine the
community structure and to identify OLs within the subforum
featuring administrator-recommended posts and their associated
user replies. Social network analysis involves analyzing the
structure of a social network, which consists of a set of actors
connected by 1 or more relationships. In this context, nodes
represent users, and edges represent their connections [46]. We
modeled the subforum as a directed interaction network, where
each node represents a user and a directed edge from user i to
user j indicates that user i replied to user j, which is the only
form of interaction available in the subforum.

We identified the top 10 OLs using a Borda ranking method
based on 4 centrality metrics and a user-tenure metric [47,48].
User tenure was included as a separate indicator in the Borda
aggregation to capture cumulative participation in the forum,
rather than to normalize or adjust the structural centrality
measures. The 4 centrality metrics are (1) normalized in-degree
centrality (the proportion of distinct users who replied to a given
user); (2) normalized out-degree centrality (the proportion of
distinct users a given user replied to); (3) betweenness centrality
(the extent to which a user lies on shortest reply paths between
other users); and (4) PageRank (a weighted measure that reflects
replies from other highly influential users) [40]. User tenure
was operationalized as the time since registration. Each metric
was first converted into a separate rank, and these ranks were
then aggregated using a Borda count to produce an overall
influence score as follows.

where rm(i) is the rank of user i on metric m among n users. The
final Borda rank was derived from ordering the users by Si.

Gephi 0.10.1 (Mathieu Bastian, Sébastien Heymann, and
Mathieu Jacomy) was used to conduct the social network
analysis [49], using the Yifan Hu proportional layout algorithm.

Semantic Network Analysis of OLs’Posts and All User
Replies
This study used semantic network analysis to investigate the
topics discussed in OLs’ posts and user replies. Semantic
network analysis is frequently used to analyze large volumes
of text and identify the main topics. Unlike social network
analysis, which treats actors as nodes and relationships as edges,
semantic network analysis treats words as nodes and their
co-occurrences as edges [46]. In a semantic network, words that
convey the same topic tend to appear together in the same
cluster. The higher the frequency with which a specific group

of words appears in the semantic network, the more prominent
the corresponding topic.

Since the corpus used in this study was in Chinese, we used
ROST-CM6 (Wuhan University), a commonly used Chinese
content mining and analysis software. Initially, all texts were
tokenized, and high-frequency words were extracted based on
a frequency ranking of the top 200 words. Subsequently,
high-frequency words with similar meanings were merged.
Word pairs exhibiting co-occurrence relationships within the
set of high-frequency words were then used to construct a
co-occurrence matrix. Finally, the semantic networks of
high-frequency words were visualized using Gephi (Mathieu
Bastian, Sébastien Heymann, and Mathieu Jacomy) [47], and
the words were translated from Chinese into English for
presentation.

Ethical Considerations
This study analyzes publicly available, anonymized data
obtained from an online platform. No private, personally
identifiable, or sensitive information was accessed or collected.
All data were deidentified before analysis. The research did not
involve direct interaction with human participants. In accordance
with items (1) and (2) of Article 32 of the Measures for Ethical
Review of Life Science and Medical Research Involving Human
Subjects, jointly issued by the National Health Commission,
the Ministry of Education, the Ministry of Science and
Technology, and the National Administration of Traditional
Chinese Medicine of the People’s Republic of China, the study
was exempt from institutional review board review for the
following reasons. The research is conducted using legally
obtained public online data generated through observation
without interfering with public behaviors; all data have been
anonymized; the study causes no harm to the human body and
does not involve sensitive personal information or commercial
interests [50].

Results

Original Posts by Year
Figure 1 illustrates the annual number of original posts in the
TB forum from its launch in 2004 through 2021. The peak
occurred in 2012, followed closely by 2013. This surge can be
attributed primarily to 2 factors. First, the 2012-2013 period
coincided with the height of user activity on Baidu Post Bar,
which drew a large number of patients with TB to the forum
for interaction and support. Second, the production of
high-quality posts depended heavily on active moderation and
recommendation by the forum administrator. In 2012, a new
administrator took over the role. Compared to the previous one,
the new administrator exhibited greater engagement, stronger
organizational skills, and more substantial influence within the
community. He authored 24 posts in 2012 and 15 in 2013, while
recommending 140 posts over those 2 years.
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Figure 1. The number of administrator-recommended posts from 2004 to 2021.

Subsequently, the conditions supporting sustained content
production eroded. Core users gradually left the forum upon
recovery, and more significantly, the emergence of new social
media platforms such as Weibo (known as China’s Twitter;
Sina Corporation) and WeChat (a super app developed by
Tencent and widely used for messaging, social networking,
mobile payments, and various online services) prompted a
broader migration away from Baidu Post Bar. As a result, the
volume of administrator-recommended posts declined steadily
over the year. By 2020 and 2021, the number of
administrator-recommended posts had fallen to just 1 and 2
posts, respectively.

Themes and Social Support in
Administrator-Recommended Posts
Table 1 presents the classification of themes and social support
in the 438 original posts. Among the 6 themes, the most
prevalent was treatment experience, where patients shared their
experience with TB treatment, appearing in 29.5% (129/438)
of the posts. This was followed by nontreatment sharing at
25.8% (113/438), disease knowledge at 17.1% (75/438),
community activities at 16% (10/438), community
announcements at 7.5% (33/438), and questions and answers
at 4.1% (18/438).
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Table 1. Classification of themes and social support in administrator-recommended posts (N=438). One example post title (labeled a-i) is provided for
each category containing ≥10 posts. Coding was based on both the post title and the body text.

Types of social supportSocial support
(n=296), n (%)

Posts (N=438),
n (%)

Theme

Network (n=6), n
(%)

Instrumental (n=4),
n (%)

Emotional (n=136),
n (%)

Informational (n=150), n
(%)

SeekProvideSeekProvideSeekProvideSeekProvide

0 (0)0 (0)0 (0)0 (0)0 (0)1 (0.2)0 (0)74a (16.9)75 (25.3)75 (17.1)Disease knowledge

0 (0)0 (0)1 (0.2)0 (0)47e

(10.7)
30d (6.8)12c

(2.7)
25b (5.7)115 (38.9)129 (29.5)Treatment experi-

ence

0 (0)1 (0.2)0 (0)0 (0)8 (1.8)28f (6.4)1 (0.2)3 (0.7)41 (13.9)113 (25.8)Nontreatment shar-
ing

0 (0)0 (0)1 (0.2)1 (0.2)4 (0.9)18g (4.1)2 (0.5)3 (0.7)29 (9.8)70 (16)Community activi-
ties

0 (0)5 (1.1)0 (0)1 (0.2)0 (0)0 (0)0 (0)12h (2.7)18 (6.1)33 (7.5)Community an-
nouncements

0 (0)0 (0)0 (0)0 (0)0 (0)0 (0)6 (1.4)12i (2.7)18 (6.1)18 (4.1)Questions and an-
swers

0 (0)6 (1.4)2 (0.5)2 (0.5)59
(13.5)

77 (17.6)21 (4.8)129 (29.5)296 (67.5)438 (100)Total

aExample post title: is there anyone familiar with bronchial tuberculosis? What medications are you taking?
bExample post title: process record: treatment of tuberculosis in Canada.
cExample post title: record my first day on medication.
dExample post title: to those who have recovered and finished medication, check in here and cheer on the newcomers.
eExample post title: I am not afraid of anything, except for making my parents worry.
fExample post title: [positive energy] teenager with pulmonary tuberculosis dances the shuffle and shows that patients with tuberculosis are no different
from others!
gExample post title: dear friends, whether we know each other or not, let’s comfort and encourage one another!
hExample post title: hello everyone! To help you better communicate, interact, and seek advice in this forum, please read this post carefully. It will
answer common questions and explain the forum’s rules. We hope this guide is helpful to you!
iExample post title: [back-to-school-season] questions and answers on updated conditions for suspension and resumption of studies—all students
welcome!

RQ1 examined the types of social support provided and sought
in the subforum featuring administrator-recommended posts.
As Table 1 shows, about 67.5% (296/438) of the posts contained
social support. Among the 4 types of social support,
informational support was the most prevalent, appearing in 150
posts, with 86% (129/150) providing it and 14% (21/150)
seeking it. This was closely followed by emotional support,
present in 136 posts, with 56.6% (77/136) providing it and
43.4% (59/136) seeking it. Instrumental support and network
support were minimal, found in 4 and 6 posts, respectively.

RQ2 explored how different types of social support varied across
post themes. Analysis of the distribution of informational and
emotional support across the 3 most common themes—treatment
experience, nontreatment sharing, and disease

knowledge—revealed distinct patterns. Among the 129 posts
about treatment experience, 89.1% (115/129) contained social
support. Seeking emotional support was the most prevalent,
appearing in 40.9% (47/115) of the posts, followed by 26.1%
(30/115) posts providing emotional support, 21.7% (25/115)
providing informational support, and 10.4% (12/115) seeking
informational support. In contrast, only 36.3% (41/113) of posts
about nontreatment sharing included social support, with
providing emotional support being the most dominant type
(68.3%, 28/41 of the posts). For the 75 posts about disease
knowledge, providing informational support was
overwhelmingly dominant, appearing in 98.7% (74/75) of posts.
Table 2 presents the top 10 most-replied-to posts that contain
social support.
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Table 2. Top 10 most-replied-to posts containing social support.

Social support type was coded
in the content analysis

Theme coded in the
content analysisPost translated from Mandarina (date posted)Reply countReply rank

Informational (provide)Treatment experienceYou’re welcome to ask the doctor about TBb (Feb 6, 2006)c.37,4741

Informational (seek)Treatment experienceRecord my first day on medication (Sept 17, 2011).30,0752

Emotional (seek)Community activitiesA hub for comforting communication (Oct 4, 2011).78443

Emotional (seek)Treatment experienceI’m not afraid of anything, except for making my parents
worry (Aug 23, 2011).

73954

Emotional (seek)Non-treatment sharingI’ll live well (Nov 6, 2012).72175

Emotional (provide)Non-treatment sharingJuly 2015: Girls who love to smile have good luck (Feb 24,
2016).

70576

Informational (provide)Treatment experienceAnti-TB Diary (Sept 2, 2014).64367

Informational (provide)Treatment experienceProcess record: treatment of TB in Canada (Aug 15, 2014).63328

Emotional (provide)Treatment experienceRecording daily medication with photos and text—Stay per-
sistent and keep going! (July 10, 2013)

62179

Informational (provide)Treatment experienceProcess record: treatment of TB in Canada (Apr 5, 2015).577910

aEach original post was manually coded for theme and social support based on its title and body. Due to space limitations, the table presents only the
post titles rather than the full post content.
bTB: tuberculosis.
cThe user who posted the post is a doctor specializing in pulmonary tuberculosis.

Identifying OLs
Figure 2 depicts the overall reply-based social network within
the TB subforum of administrator-recommended posts, clustered
using the modularity module via the Louvain algorithm and
visualized with the Yifan Hu proportional layout algorithm in
Gephi [47]. The network reveals a highly centralized structure
dominated by the top 10 OLs (labeled OL1-OL10), each
surrounded by dense clusters of varying colors representing
distinct interaction communities. OL1 (purple) commands the

largest and most cohesive cluster, indicating paramount
influence and extensive reply engagement. Other leaders—such
as OL2 (orange), OL3 (green), and OL7 (pink)—anchor
substantial but smaller subnetworks, while peripheral clusters
exhibit sparser connections. This configuration underscores the
gatekeeping role of OLs, channeling the majority of discourse
and support exchange, consistent with a hierarchical, star-like
topology characteristic of health-related online communities
where influential users mediate information flow and relational
ties.

Figure 2. Opinion leaders (OLs) and subcommunities of the administrator-recommended posts and user replies.
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Table 3 presents the top 10 OLs identified using the Borda
ranking method, which aggregates scores across 4 centrality

metrics and a user-tenure metric.

Table 3. Top 10 opinion leaders identified using the Borda ranking method.

User tenure (years)PageRankBetweenness centrality
Outdegree centrality
(normalized)

Indegree centrality
(normalized)RankbUser IDa

14.40.05990.23680.12620.22151OLc1

16.90.02060.04410.01030.09202OL2

6.70.00720.02750.03010.03113OL3

5.80.00730.02010.01950.02494OL4

7.90.00970.01360.00480.04735 (tie)OL5

9.30.00610.01400.01370.02525 (tie)OL6

9.30.00660.01320.01260.02567OL7

8.40.00610.01740.01680.01798OL8

7.20.00500.01530.01800.02149OL9

7.80.00420.01220.01640.018110OL10

aID: identity.
bFor the Borda ranking, each metric was converted into ranks separately. These ranks were then combined using a Borda count aggregation method, as
explained in the Methods section.
cOL: opinion leader.

The top-ranked OL led all 4 centrality measures: receiving
replies from the largest proportion of distinct users (highest
normalized in-degree centrality), replying to the largest
proportion of distinct users (highest normalized out-degree
centrality), occupying the most structurally important positions
in reply paths (highest betweenness centrality), and receiving
replies from other highly influential users (highest PageRank).
Although this user did not have the longest tenure in the
forum—the second-ranked OL had been active for more
years—the consistently superior centrality scores outweighed
the tenure difference in the Borda aggregation, resulting in this
user’s overall first-place ranking.

The first-ranked OL served as the administrator of the TB forum
at the time of data collection and is a former patient with TB
who had completed treatment and fully recovered. The
second-ranked OL, a medical doctor specializing in pulmonary
TB, is the founder and initial administrator of the TB forum.

Out of the 438 administrators-recommended posts, the first OL
contributed 71 posts, accounting for 16.2% of the total. The

second OL contributed 62 posts, accounting for 14.2% of the
total. Combined, the 2 OLs contributed 30.4% (133/438) of the
posts.

Semantic Network Visualization of Topics in OLs’
Posts and User Replies
RQ4 examined the topics that emerged from OLs’ posts and
the replies these posts received from users. Semantic network
visualization, achieved using the modularity module via the
Louvain algorithm, was used to uncover the topics emerging
from each of the top 10 OLs’ posts and their associated replies.
Figures 3-12 present the resulting semantic networks, with
Figure 3 corresponding to OL 1, Figure 4 to OL 2, and so forth
to Figure 12. In these visualizations, each node represents a
high-frequency word translated from Chinese, with node size
proportional to its frequency of co-occurrence with other
high-frequency words. Edge thickness signifies the strength of
co-occurrence between word pairs. Colors delineate distinct
topic clusters but may not reflect cluster magnitude in terms of
the number of words or nodes within each cluster.
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Figure 3. Semantic network of opinion leader 1 (OL1) posts and associated user replies.

As illustrated in Figure 3, the semantic network constructed
from the first OL's posts and the associated user replies identifies
seven distinct topic clusters, each denoted by a unique color
and characterized by its high-frequency words. The largest
cluster (purple, n=25 words) focuses on TB treatment
information, including transmission routes, therapeutic options
for contacts, pulmonary TB, drug resistance, cure rates,
recurrence risks, and treatment duration. The second-largest
cluster (green, n=18 words) revolves around the keyword
“doctor,” emphasizing the importance of professional medical
consultation and treatment. The third cluster (blue, n=9 words)
addresses treatment adherence and lifestyle guidelines, including
regular check-ups, medication compliance, liver protection, and
avoidance of overexertion. The fourth cluster (black, n=5 words)
conveys blessings and wishes for speedy recovery. The fifth
(orange, n=4 words) highlights rest and overall health
maintenance. The sixth (gray, n=4 words) pertains to antibiotic
regimens for TB. Finally, the smallest cluster (teal, n=2 words)
reflects New Year greetings.

The first OL exemplifies both informational and emotional
support in interactions with forum users. For instance, when a
user inquired whether joint pain during medication treatment
was normal, the first OL responded: “Joint pain is considered
normal; many patients experience it after taking the medication.
Check your liver and kidney function—if it’s caused by high
uric acid, your attending doctor can provide appropriate
treatment.” This exchange illustrates informational support
through practical medical guidance and reassurance based on
clinical knowledge.

Emotional support is equally evident. When responding to a
distressed minor patient, the first OL wrote: “Tuberculosis is

no longer a terminal illness. It’s normal to feel shocked and
panicked at first due to a lack of understanding. With proper
treatment and adherence to medication, it can be cured. Many
patients in this forum have already recovered, and you will too.”
Such replies offer empathy, normalization of fear, and hopeful
encouragement, fostering resilience amid stigma and uncertainty.

Notably, the first OL’s most engaged posts—generating 3693
replies—explicitly called on recovered patients with TB to share
encouragement with newly diagnosed individuals, reinforcing
the forum’s role as a mutual-aid network driven by peer
expertise and solidarity. These examples underscore how OLs
blend authoritative knowledge with compassionate outreach,
enhancing both cognitive understanding and affective coping
in the community.

Figure 4 depicts the semantic network derived from the second
OL’s posts and the associated user replies. The visualization
identifies 4 topic clusters, each delineated by a distinct color
and characterized by its high-frequency words. The largest
cluster (purple, n=25 words) centers on TB symptoms, diagnosis,
and treatment, with particular emphasis on pulmonary TB. The
second-largest cluster (green, n=17 words) revolves around the
keyword “doctor,” underscoring the importance of seeking
advice and treatment from doctors. The third cluster (orange,
n=15 words), anchored by the keyword “TB,” highlights patient
symptoms and clinical characteristics, featuring words such as
“bronchus,” “pathological changes,” “lesions,” and “lymph
nodes.” The smallest cluster (blue, n=2 words) comprises
“medicine” and “response,” reflecting discussions of
pharmacological reactions or treatment responses.
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Figure 4. Semantic networks of opinion leader 2 (OL2) posts and associated user replies.

Figure 5. Semantic networks of opinion leader 3 (OL3) posts and associated user replies.
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Figure 6. Semantic networks of opinion leader 4 (OL4) posts and associated user replies.

Figure 7. Semantic networks of opinion leader 5 (OL5) posts and associated user replies.
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Figure 8. Semantic networks of opinion leader 6 (OL6) posts and associated user replies.

Figure 9. Semantic networks of opinion leader 7 (OL7) posts and associated user replies.
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Figure 10. Semantic networks of opinion leader 8 (OL8) posts and associated user replies.

Figure 11. Semantic networks of opinion leader 9 (OL9) posts and associated user replies.

Notably, the second OL’s 2006 post titled “Ask the Doctor”
received an extraordinary 37,474 replies, making it the
most-replied-to post in the subforum. For instance, 1 user asked
whether rifampin and other anti-TB drugs could be taken after
meals. The second OL responded: “Rifampin should be taken
on an empty stomach, while other medications do not have such
strict requirements. This is determined by the drug’s mechanism
of action.” Such interactions highlight the second OL’s pivotal
role in the community’s formative years, delivering professional
consultations that bridged critical knowledge gaps for patients.

Across the semantic networks of the top 10 OLs’posts and their
associated replies (Figures 3-12), informational support
consistently predominates, manifesting as clusters centered on
treatment protocols, diagnostic guidance, and clinical expertise.
Emotional support, while present, remains secondary. This
pattern aligns with the platform’s asynchronous, text-based
nature, which favors knowledge dissemination over affective
exchange, and highlights the expert-driven character of influence
in TB-related OHCs.
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Figure 12. Semantic networks of opinion leader 10 (OL10) posts and associated user replies.

Discussion

Despite the growing importance of OHCs, empirical research
on TB-related OHCs remains limited, leaving a significant gap
in understanding the nature of social support available to
affected individuals amid increasing internet access in China.
This study helps bridge this gap by examining the TB forum
on Baidu Post Bar, a prominent TB-related online community
in China.  Focusing on i ts  subforum of
administrator-recommended posts and associated replies, we
applied content analysis, social network analysis, and semantic
analysis to a longitudinal dataset spanning 18 years from the
TB forum’s inception in 2004 to 2021.

Principal Findings
The literature suggests OHCs as an important source of social
support for health issues [12,13], which is confirmed by this
study in the context of TB. In the leading TB online forum in
China examined in this study, 67.5% (296/438) of the
administrator-recommended posts contained social support.
Consistent with previous studies on OHCs [25-27],
informational and emotional support were the most common
types. Moreover, there were more posts providing support than
those seeking it, fostering a supportive online environment. Out
of the 296 posts containing social support, informational support
was the most prevalent, appearing in 150 posts—129 providing
it and 21 seeking it. Emotional support was also significant,
present in 136 posts, with 77 providing it and 59 seeking it.
While access to traditional social support programs remains a
major challenge for people affected by TB and their households
[8], increased internet access has provided a channel for social
support, which could be further leveraged for effective digital
health interventions.

An examination of the 3 most common themes—treatment
experience, nontreatment sharing, and disease

knowledge—revealed distinct patterns of social support. Among
the 129 posts on treatment experience, 115 contained social
support, primarily seeking emotional support (47 posts). Of the
113 nontreatment sharing posts, 41 included social support,
primarily providing emotional support (28 posts). For the 75
posts about disease knowledge, providing informational support
was overwhelmingly dominant, appearing in 74 posts.

The social network analysis identified 10 leading OLs based
on a Borda ranking method, which reflects overall influence
derived from 4 centrality measures and user tenure as a temporal
factor. While centrality measures capture users’ positions and
interaction patterns within the network, user tenure reflects the
longevity of participation and is interpreted in this study as a
complementary, rather than controlling, dimension of influence.

Specifically, the first-ranked OL not only achieved the highest
combined in-degree and out-degree centrality but also topped
each individually, indicating the highest levels of replies
received and sent. The second-ranked OL placed second in
combined centrality. Among the 438 posts, the first OL
contributed 71 (16.2%) posts, and the second contributed 62
(14.2%) posts, accounting for a combined 30.4% (133/438) of
all posts.

Consistent with previous research identifying OLs in OHCs
primarily as patients [12], the top-ranked OL in this study was
a former patient with TB. This individual’s experiences of
completing treatment and achieving full recovery likely provided
substantial disease knowledge and a positive outlook, both of
which have been shown to facilitate opinion leadership in OHCs
[42]. The second-ranked OL was a pulmonary TB doctor with
professional expertise. In addition, the first OL’s role as the TB
forum’s administrator and the second OL’s role as the forum’s
initial administrator highlight the significance of administrative
positions in shaping influence through higher posting volume
and denser reply-based interactions.
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Importantly, tenure was not used to normalize or adjust the
centrality measures. Rather, it was included as a distinct
indicator in the Borda aggregation to reflect cumulative presence
in the community. Accordingly, the Borda ranking should be
interpreted as capturing overall influence, which may derive
from both structural embeddedness and long-term participation.
Structural centrality and tenure are therefore analytically
distinguished in this study, and high tenure alone does not imply
opinion leadership in the absence of strong network centrality.

Finally, the semantic network analysis uncovered the topic
clusters in each OL’s posts and their associated user replies.
Across these semantic networks, informational support was
more dominant than emotional support. Between the 2
highest-ranked OLs who served as administrators of the TB
forum, their semantic networks shared common themes,
including treatment information for TB and pulmonary TB, as
well as the importance of consulting doctors. However, their
themes diverged in scope. As a former patient with TB, the first
OL addressed a broader range of topics and provided more
emotional support, as reflected by 1 theme conveying well
wishes for recovery and another theme containing holiday
greetings. The first OL’s most-replied-to post fostered social
support within the forum by urging patients with TB who had
completed medication treatment to respond and encourage newly
diagnosed patients with TB. As a pulmonary TB doctor, the
second OL provided more informational support, drawing on
professional expertise. One theme focused on clinical symptoms
and pathology, using more medically specific language. In the
second OL’s most-replied-to post, titled “Ask the Doctor,”
professional information and advice were shared.

These findings demonstrate that OLs predominantly provide
informational and emotional support while anchoring the
dominant topical clusters. This pattern offers empirical
validation for an adapted 2-step flow model within OHCs,
wherein influential users act as gatekeepers, selectively filtering
and amplifying health information. The triangulation of methods
further reveals interdependent mechanisms: structural positions
(captured through social network analysis) systematically shape
discursive content (manifest in semantic clusters) and support
provision (coded via content analysis). Collectively, these
insights yield a multilevel framework of OHC functioning that
transcends descriptive enumeration, theorizing how relational
architecture mediates both knowledge dissemination and
affective sustenance in stigmatized illness contexts.

Limitations
This study has several limitations that warrant consideration.
First, our analysis was confined to the subforum that features
administrator-recommended posts, which are widely regarded
by forum users as high-quality content and generate dense
interaction patterns. While this focus ensured a cohesive and
analytically tractable dataset suitable for network analysis, it
excluded low-engagement threads from the broader forum.
Importantly, restricting the network to threads curated by
administrators may introduce a circular validation effect,
whereby administrators are more likely to appear structurally
central due to their role in initiating or curating these
discussions.

We acknowledge that a sensitivity analysis—such as
reconstructing the network after excluding
administrator-authored initial posts to examine whether
administrators remain central based solely on reply-based
interactions—would provide a more rigorous test of this
potential bias. However, such analyses were not conducted in
this study. Consequently, the identified opinion leadership,
particularly among administrators, should be interpreted as
conditional on this curated subforum context rather than as a
definitive representation of influence across the entire TB forum.
Future research should address this limitation by incorporating
the full forum dataset and conducting sensitivity analyses to
assess the robustness of centrality findings under alternative
sampling and network construction strategies.

Second, the cross-sectional aggregation of data across
2004-2021 obscures temporal evolution. Longitudinal
disaggregation—for example, annual or periodic analysis of
support types, OL prominence, and topical shifts—could
illuminate how social support and leadership structures adapted
to changing platform vitality and external health events.

Finally, Baidu Post Bar’s declining usage in recent years amid
competition from newer platforms limits the generalizability of
findings to the contemporary Chinese OHC landscapes.
Comparative studies of TB-related online communities on
emerging social media platforms would enrich the literature
and reveal platform-specific mechanisms of support provision
and influence diffusion.

Conclusions
This study demonstrates that the TB forum on Baidu Post Bar
served as an important source of social support for people
affected by TB in China, fostering an environment rich in both
informational and emotional resources. Of the 438 analyzed
posts, 67.5% (296/438) contained social support, with
informational support appearing in 150 posts and emotional
support in 136. Thematic distribution revealed distinct patterns:
disease knowledge posts overwhelmingly provided informational
support (74/75), while treatment experience posts most
frequently sought emotional support (47/129), and nontreatment
sharing posts most commonly offered emotional support
(28/113).

Using a Borda ranking method that integrates 4 centrality
measures and user tenure, we identified 10 OLs. Semantic
network analysis of each OL’s posts and their associated user
replies revealed that informational support predominated over
emotional support. The 2 highest-ranked OLs—a former patient
with TB and a pulmonary TB doctor—exerted the strongest
influence through reply interactions. While both emphasized
TB treatment and the importance of medical consultation, the
patient OL covered a wider range of topics and provided more
emotional support, whereas the doctor OL focused
predominantly on authoritative informational content.

These findings suggest that OLs play a central role in filtering
and amplifying health information, consistent with an adapted
2-step flow model in OHCs. The integration of content analysis,
social network analysis, and semantic network analysis not only
maps the structure of support provision but also reveals how
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structural positions (centrality), discursive content (topical
clusters), and support types interact to sustain community

functioning.

Funding
No external financial support or grants were received for this work.

Conflicts of Interest
None declared.

References

1. Zaman K. Tuberculosis: a global health problem. J Health Popul Nutr. 2010;28(2):111-113. [FREE Full text] [doi:
10.3329/jhpn.v28i2.4879] [Medline: 20411672]

2. Tuberculosis. World Health Organization. URL: https://www.who.int/news-room/fact-sheets/detail/tuberculosis [accessed
2025-03-01]

3. Deng LL, Zhao F, Li Z, Zhang W-W, He G-X, Ren X. Epidemiological characteristics of tuberculosis incidence and its
macro-influence factors in Chinese mainland during 2014-2021. Infect Dis Poverty. 2024;13(1):34. [FREE Full text] [doi:
10.1186/s40249-024-01203-6] [Medline: 38773558]

4. Global tuberculosis report 2024. World Health Organization. URL: https://www.who.int/teams/
global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2024 [accessed 2025-10-30]

5. Thomas BE, Shanmugam P, Malaisamy M, Ovung S, Suresh C, Subbaraman R, et al. Psycho-socio-economic issues
challenging multidrug resistant tuberculosis patients: a systematic review. PLoS One. 2016;11(1):e0147397. [FREE Full
text] [doi: 10.1371/journal.pone.0147397] [Medline: 26807933]

6. Feng D, Xu L. The relationship between perceived discrimination and psychological distress among Chinese pulmonary
tuberculosis patients: the moderating role of self-esteem. Psychol Health Med. 2015;20(2):177-185. [doi:
10.1080/13548506.2014.958505] [Medline: 25243362]

7. Naidoo P, Mwaba K. Helplessness, depression, and social support among people being treated for tuberculosis in South
Africa. Soc Behav Pers. 2010;38(10):1323-1333. [FREE Full text] [doi: 10.2224/sbp.2010.38.10.1323]

8. Todd H, Hudson M, Grolmusova N, Kazibwe J, Pearman J, Skender K, et al. Social protection interventions for TB-affected
households: a scoping review. Am J Trop Med Hyg. 2023;108(4):650-659. [FREE Full text] [doi: 10.4269/ajtmh.22-0470]
[Medline: 36806490]

9. Paz-Soldán VA, Alban RE, Jones CD, Oberhelman RA. The provision of and need for social support among adult and
pediatric patients with tuberculosis in Lima, Peru: a qualitative study. BMC Health Serv Res. 2013;13:290. [FREE Full
text] [doi: 10.1186/1472-6963-13-290] [Medline: 23899353]

10. Nirmal A, Kuzmik A, Sznajder K, Lengerich E, Fredrick N, Chen M, et al. 'If not for this support, I would have left the
treatment!': qualitative study exploring the role of social support on medication adherence among pulmonary tuberculosis
patients in Western India. Glob Public Health. 2022;17(9):1945-1957. [FREE Full text] [doi:
10.1080/17441692.2021.1965182] [Medline: 34459366]

11. LaCoursiere SP. A theory of online social support. ANS Adv Nurs Sci. 2001;24(1):60-77. [doi:
10.1097/00012272-200109000-00008] [Medline: 11554534]

12. Zhu Y, Guan M, Donovan E. Elaborating cancer opinion leaders’communication behaviors within online health communities:
network and content analyses. Social Media + Society. 2020;6(2). [FREE Full text] [doi: 10.1177/2056305120909473]

13. Lu Y, Luo S, Liu X. Development of social support networks by patients with depression through online health communities:
social network analysis. JMIR Med Inform. 2021;9(1):e24618. [FREE Full text] [doi: 10.2196/24618] [Medline: 33279878]

14. Ramamoorthy T, Karmegam D, Mappillairaju B. Use of social media data for disease based social network analysis and
network modeling: a systematic review. Inform Health Soc Care. 2021;46(4):443-454. [doi: 10.1080/17538157.2021.1905642]
[Medline: 33877944]

15. Cheng Z, Hao H, Tsofliou F, Katz M, Zhang Y. Effects of online support and social media communities on gestational
diabetes: a systematic review. Int J Med Inform. 2023;180:105263. [doi: 10.1016/j.ijmedinf.2023.105263] [Medline:
37907014]

16. Bender JL, Jimenez-Marroquin M, Jadad AR. Seeking support on Facebook: a content analysis of breast cancer groups. J
Med Internet Res. 2011;13(1):e16. [FREE Full text] [doi: 10.2196/jmir.1560] [Medline: 21371990]

17. Cobb S. Social support as a moderator of life stress. Psychosom Med. 1976;38(5):300-314. [FREE Full text] [doi:
10.1097/00006842-197609000-00003] [Medline: 981490]

18. Lazarsfeld PF, Berelson B, Gaudet H. The People's Choice: How the Voter Makes up His Mind in a Presidential Campaign.
New York, NY. Columbia University Press; 1944.

19. Baidu Tieba users lost 90%: former king, unable to return to its peak. Jiemian News. URL: https://m.jiemian.com/article/
6796047.html [accessed 2023-01-30]

JMIR Infodemiology 2026 | vol. 6 | e79140 | p. 17https://infodemiology.jmir.org/2026/1/e79140
(page number not for citation purposes)

Fan et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

https://europepmc.org/abstract/MED/20411672
http://dx.doi.org/10.3329/jhpn.v28i2.4879
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20411672&dopt=Abstract
https://www.who.int/news-room/fact-sheets/detail/tuberculosis
https://idpjournal.biomedcentral.com/articles/10.1186/s40249-024-01203-6
http://dx.doi.org/10.1186/s40249-024-01203-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38773558&dopt=Abstract
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2024
https://www.who.int/teams/global-tuberculosis-programme/tb-reports/global-tuberculosis-report-2024
https://dx.plos.org/10.1371/journal.pone.0147397
https://dx.plos.org/10.1371/journal.pone.0147397
http://dx.doi.org/10.1371/journal.pone.0147397
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26807933&dopt=Abstract
http://dx.doi.org/10.1080/13548506.2014.958505
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25243362&dopt=Abstract
https://doi.org/10.2224/sbp.2010.38.10.1323
http://dx.doi.org/10.2224/sbp.2010.38.10.1323
https://europepmc.org/abstract/MED/36806490
http://dx.doi.org/10.4269/ajtmh.22-0470
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36806490&dopt=Abstract
https://bmchealthservres.biomedcentral.com/articles/10.1186/1472-6963-13-290
https://bmchealthservres.biomedcentral.com/articles/10.1186/1472-6963-13-290
http://dx.doi.org/10.1186/1472-6963-13-290
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23899353&dopt=Abstract
https://www.tandfonline.com/doi/10.1080/17441692.2021.1965182?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1080/17441692.2021.1965182
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34459366&dopt=Abstract
http://dx.doi.org/10.1097/00012272-200109000-00008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11554534&dopt=Abstract
https://doi.org/10.1177/2056305120909473
http://dx.doi.org/10.1177/2056305120909473
https://medinform.jmir.org/2021/1/e24618/
http://dx.doi.org/10.2196/24618
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33279878&dopt=Abstract
http://dx.doi.org/10.1080/17538157.2021.1905642
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33877944&dopt=Abstract
http://dx.doi.org/10.1016/j.ijmedinf.2023.105263
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37907014&dopt=Abstract
https://www.jmir.org/2011/1/e16/
http://dx.doi.org/10.2196/jmir.1560
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21371990&dopt=Abstract
https://doi.org/10.1097/00006842-197609000-00003
http://dx.doi.org/10.1097/00006842-197609000-00003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=981490&dopt=Abstract
https://m.jiemian.com/article/6796047.html
https://m.jiemian.com/article/6796047.html
http://www.w3.org/Style/XSL
http://www.renderx.com/


20. Thoits PA. Mechanisms linking social ties and support to physical and mental health. J Health Soc Behav. 2011;52(2):145-161.
[doi: 10.1177/0022146510395592] [Medline: 21673143]

21. Gu L, Wu S, Zhao S, Zhou H, Zhang S, Gao M, et al. Association of social support and medication adherence in Chinese
patients with type 2 diabetes mellitus. Int J Environ Res Public Health. 2017;14(12):1522. [FREE Full text] [doi:
10.3390/ijerph14121522] [Medline: 29211039]

22. House JS. Work Stress and Social Support. Boston, MA. Addison-Wesley Publishing Company; 1981.
23. Cutrona CE, Suhr JA. Controllability of stressful events and satisfaction with spouse support behaviors. Communication

Research. 1992;19(2):154-174. [FREE Full text] [doi: 10.1177/009365092019002002]
24. Liu Y, Zhu Y, Xia Y. Support-seeking strategies and social support provided in Chinese online health communities related

to COVID-19. Front Psychol. 2021;12:783135. [FREE Full text] [doi: 10.3389/fpsyg.2021.783135] [Medline: 34867695]
25. van Gastel D, Antheunis M, Tenfelde K, van de Graaf DL, Geerts M, Nieboer T, et al. Social support among women with

potential essure-related complaints: analysis of facebook group content. JMIR Form Res. 2023;7:e32592. [FREE Full text]
[doi: 10.2196/32592] [Medline: 37535412]

26. Yip J. Evaluating the communication of online social support: a mixed-methods analysis of structure and content. Health
Commun. 2020;35(10):1210-1218. [doi: 10.1080/10410236.2019.1623643] [Medline: 31154856]

27. Maestre JF, Herring SC, Min A, Connelly CL, Shih PC. Where and how to look for help matters: analysis of support
exchange in online health communities for people living with HIV. Information. 2018;9(10):259. [FREE Full text] [doi:
10.3390/info9100259]

28. Stanoevska-Slabeva K, Schmid BF. A typology of online communities and community supporting platforms. 2001. Presented
at: Proceedings of the 34th Annual Hawaii International Conference on System Sciences; January 06-06, 2001; Maui, HI.
URL: https://doi.org/10.1109/HICSS.2001.927041 [doi: 10.1109/hicss.2001.927041]

29. Chen L, Straub D. The impact of virtually crowdsourced social support on individual health: analyzing big datasets for
underlying causalities. 2015. Presented at: Americas Conference on Information Systems (AMCIS 2015); August 13-15,
2015; Fajardo, Puerto Rico. URL: https://aisel.aisnet.org/amcis2015/HealthIS/GeneralPresentations/18

30. Wright KB. Communication in health-related online social support groups/communities: a review of research on predictors
of participation, applications of social support theory, and health outcomes. Rev Commun Res. 2016;4:65-87. [FREE Full
text] [doi: 10.12840/issn.2255-4165.2016.04.01.010]

31. Granovetter MS. The strength of weak ties: a network theory revisited. In: Marsden PV, Lin N, editors. Social Structure
and Network Analysis. Thousands Oak. Sage Publication; 1982:105-130.

32. Wright KB, Miller CH. A measure of weak-tie/strong-tie support network preference. Communication Monographs.
2010;77(4):500-517. [FREE Full text] [doi: 10.1080/03637751.2010.502538]

33. Willis E. The making of expert patients: the role of online health communities in arthritis self-management. J Health Psychol.
2014;19(12):1613-1625. [doi: 10.1177/1359105313496446] [Medline: 23988679]

34. Kang M, Liang T, Sun B, Mao HY. Detection of opinion leaders: static vs. dynamic evaluation in online learning communities.
Heliyon. 2023;9(4):e14844. [FREE Full text] [doi: 10.1016/j.heliyon.2023.e14844] [Medline: 37089294]

35. Katz E, Lazersfeld PF. Personal Influence: The Part Played by People in the Flow of Mass Communications. New York,
NY. Free Press; 1955.

36. Rogers EM. Diffusion of Innovations. New York, NY. Free Press; 1955.
37. Huffaker D. Dimensions of leadership and social influence in online communities. Hum Commun Res. 2010;36(4):593-617.

[FREE Full text] [doi: 10.1111/j.1468-2958.2010.01390.x]
38. Wang W, Liu Y. Discussing mental illness in Chinese social media: the impact of influential sources on stigmatization and

support among their followers. Health Commun. 2016;31(3):355-363. [doi: 10.1080/10410236.2014.957376] [Medline:
26360792]

39. Valente P, Pumpuang P. Identifying opinion leaders to promote behavior change. Health Educ Behav. 2007;34(6):881-896.
[doi: 10.1177/1090198106297855] [Medline: 17602096]

40. Knoke D, Yang S. Social Network Analysis. Thousand Oaks, CA. SAGE Publications Ltd; 2019.
41. Turcotte J, York C, Irving J, Scholl R, Pingree R. News recommendations from social media opinion leaders: effects on

media trust and information seeking. J Comput-Mediat Comm. 2015;20(5):520-535. [FREE Full text] [doi:
10.1111/jcc4.12127]

42. Kim E, Scheufele DA, Han JY, Shah D. Opinion leaders in online cancer support groups: an investigation of their antecedents
and consequences. Health Commun. 2017;32(2):142-151. [FREE Full text] [doi: 10.1080/10410236.2015.1110005] [Medline:
27192376]

43. Tieba. Baidu. URL: https://baike.baidu.com/item/%E8%B4%B4%E5%90%A7/122101 [accessed 2025-03-01]
44. Scrapy. GitHub. URL: https://github.com/scrapy/scrapy [accessed 2026-03-05]
45. Qian Y, Gui W, Ma F, Dong Q. Exploring features of social support in a Chinese online smoking cessation community: a

multidimensional content analysis of user interaction data. Health Informatics J. 2021;27(2):14604582211021472. [FREE
Full text] [doi: 10.1177/14604582211021472] [Medline: 34082598]

46. Wellman B, Berkowitz SD. Social Structures: A Network Approach. Cambridge, United Kingdom. Cambridge University
Press; 1988.

JMIR Infodemiology 2026 | vol. 6 | e79140 | p. 18https://infodemiology.jmir.org/2026/1/e79140
(page number not for citation purposes)

Fan et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

http://dx.doi.org/10.1177/0022146510395592
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21673143&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijerph14121522
http://dx.doi.org/10.3390/ijerph14121522
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29211039&dopt=Abstract
https://doi.org/10.1177/009365092019002002
http://dx.doi.org/10.1177/009365092019002002
https://europepmc.org/abstract/MED/34867695
http://dx.doi.org/10.3389/fpsyg.2021.783135
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34867695&dopt=Abstract
https://formative.jmir.org/2023//e32592/
http://dx.doi.org/10.2196/32592
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37535412&dopt=Abstract
http://dx.doi.org/10.1080/10410236.2019.1623643
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31154856&dopt=Abstract
https://doi.org/10.3390/info9100259
http://dx.doi.org/10.3390/info9100259
https://doi.org/10.1109/HICSS.2001.927041
http://dx.doi.org/10.1109/hicss.2001.927041
https://aisel.aisnet.org/amcis2015/HealthIS/GeneralPresentations/18
https://nbn-resolving.org/urn:nbn:de:0168-ssoar-460669
https://nbn-resolving.org/urn:nbn:de:0168-ssoar-460669
http://dx.doi.org/10.12840/issn.2255-4165.2016.04.01.010
https://doi.org/10.1080/03637751.2010.502538
http://dx.doi.org/10.1080/03637751.2010.502538
http://dx.doi.org/10.1177/1359105313496446
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23988679&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2405-8440(23)02051-0
http://dx.doi.org/10.1016/j.heliyon.2023.e14844
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37089294&dopt=Abstract
https://doi.org/10.1111/j.1468-2958.2010.01390.x
http://dx.doi.org/10.1111/j.1468-2958.2010.01390.x
http://dx.doi.org/10.1080/10410236.2014.957376
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26360792&dopt=Abstract
http://dx.doi.org/10.1177/1090198106297855
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17602096&dopt=Abstract
https://doi.org/10.1111/jcc4.12127
http://dx.doi.org/10.1111/jcc4.12127
https://europepmc.org/abstract/MED/27192376
http://dx.doi.org/10.1080/10410236.2015.1110005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27192376&dopt=Abstract
https://baike.baidu.com/item/%E8%B4%B4%E5%90%A7/122101
https://github.com/scrapy/scrapy
https://journals.sagepub.com/doi/10.1177/14604582211021472?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
https://journals.sagepub.com/doi/10.1177/14604582211021472?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/14604582211021472
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34082598&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


47. Madotto A, Liu J. Super-spreader identification using meta-centrality. Sci Rep. 2016;6:38994. [FREE Full text] [doi:
10.1038/srep38994] [Medline: 28008949]

48. Pethes R, Bodor-Eranus E, Takács K, Kovács L. The core might change anyhow we define it: the instability of key actors
in longitudinal social network data. Complexity. 2024;2024:1-22. [FREE Full text] [doi: 10.1155/2024/3956877]

49. Gephi. URL: https://gephi.org/ [accessed 2024-03-05]
50. Measures for ethical review of life science and medical research involving human subjects. National Health Commission,

Ministry of Education, Ministry of Science and Technology, State Administration of Traditional Chinese Medicine. URL:
https://www.gov.cn/zhengce/zhengceku/2023-02/28/content_5743658.htm [accessed 2026-03-25]

Abbreviations
OHC: online health community
OL: opinion leader
TB: tuberculosis

Edited by M Haupt; submitted 16.Jun.2025; peer-reviewed by K Han, A Staffini; comments to author 03.Oct.2025; revised version
received 24.Feb.2026; accepted 24.Feb.2026; published 31.Mar.2026

Please cite as:
Fan X, Zhang J, Wang X
Understanding Social Support and Opinion Leaders in a Tuberculosis-Related Online Community in China: Content and Network
Analyses
JMIR Infodemiology 2026;6:e79140
URL: https://infodemiology.jmir.org/2026/1/e79140
doi: 10.2196/79140
PMID: 41915425

©Xiaojun Fan, Jueman Zhang, Xiuli Wang. Originally published in JMIR Infodemiology (https://infodemiology.jmir.org),
31.Mar.2026. This is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in JMIR Infodemiology, is properly cited. The complete bibliographic information, a
link to the original publication on https://infodemiology.jmir.org/, as well as this copyright and license information must be
included.

JMIR Infodemiology 2026 | vol. 6 | e79140 | p. 19https://infodemiology.jmir.org/2026/1/e79140
(page number not for citation purposes)

Fan et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

https://doi.org/10.1038/srep38994
http://dx.doi.org/10.1038/srep38994
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28008949&dopt=Abstract
https://doi.org/10.1155/2024/3956877
http://dx.doi.org/10.1155/2024/3956877
https://gephi.org/
https://www.gov.cn/zhengce/zhengceku/2023-02/28/content_5743658.htm
https://infodemiology.jmir.org/2026/1/e79140
http://dx.doi.org/10.2196/79140
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=41915425&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

