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Introduction: Online depression-focused communities (ODCs) are popular avenues that 
help people cope with depression. However, to the best of our knowledge, research on online 
behavior and differences among users from managed and unmanaged ODCs has not been 
explored.
Methods: We collected data from the most popular managed depression-focused community 
(MDC) and unmanaged depression-focused community (UDC) in China. Text classifiers 
were built using deep-learning methods to identify social support (ie, informational and 
emotional support) and companionship expressed in the posts of these communities. Based 
on the content of their posts, community users were clustered into supporters and ordinary 
members. Econometrics was used to analyze the factors that influence supporters’ contribu-
tions and ordinary members’ participation in MDCs and UDCs.
Results: Community response has a positive impact on supporters’ social support and time 
span in the UDC, but this impact is not significant in the MDC. Supporters expressing 
positive emotions provide more social support, and they are more willing to serve in the 
MDC. Supporters expressing negative emotions tend to have longer engagement with the 
UDC. In addition, community response has a positive effect on ordinary members’ participa-
tion in both communities, and this effect is greater in the UDC. Ordinary members expres-
sing positive emotions are more active in the MDC, and ordinary members expressing 
negative emotions are more active in the UDC.
Conclusion: This study improves the understanding of users’ online behaviors in ODCs, 
provides decision-making support for designers and managers of ODCs, and provides 
information that can be used to help improve aid for people with depression provided by 
community and mental health professionals.
Keywords: managed depression community, unmanaged depression community, supporters’ 
contribution, members’ participation, text-mining, econometrics

Introduction
The prevalence of depression has been consistently increasing in recent years, and 
the World Health Organization now ranks depression as one of the most burden-
some diseases in the world.1 Medical professionals generally represent an important 
source of information for people with health problems. However, many people with 
depression are reluctant to seek professional help.2 In other words, the stigma 
associated with depression represents a prominent barrier to seeking information 
regarding addressing the condition.3,4
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Online social media allows users to access information 
and interact with others anonymously, which is particu-
larly important for people with stigmatizing diseases.4 

People with depression are reluctant to communicate 
with others in real life, but are willing to communicate 
with people online who have had or are currently experi-
encing the same problems.5,6 Online communities provide 
a platform for people with depression to express them-
selves and communicate with others, which can help them 
establish social relationships, reduce their sense of isola-
tion, and increase their ability to address their illness.7

Previous studies on depression generally used offline 
or online surveys to investigate the prevalence of depres-
sion, the characteristics of depressed users, and the risk 
factors for depression.8–10 The emergence of ODCs pro-
vides a new data source for research on depression. Some 
studies have used text analysis such as natural language 
processing to analyze the content of posts in ODCs and 
have found discussion of depression-related issues as the 
most common theme.11–13 Additionally, some researchers 
have explored the characteristics of ODC users, including 
demographic,7,10 expression,14 and emotional 
characteristics.15 Frequent expression of negative emo-
tions was found to be the most prominent feature of com-
munity users.15 Most studies believe that community 
participation has a positive impact on users, mainly 
because participation in an ODC reduces social isolation 
of people with depression;16 provides opportunities to seek 
more health information, suggestions, and opinions from 
others;17–19 and serves as a platform for online 
interventions.20,21 However, considering that problematic 
Internet use is a risk factor for depression,22–24 it is uncer-
tain whether participation in ODCs is conducive to the 
improvement of depressive symptoms. In addition, some 
studies have questioned the positive impact of ODC in 
terms of online intervention implementation. The loss of 
participants and the low activity of community users is 
a significant problem hindering the implementation of 
online interventions.25

The most important aspect of an online community is 
the supply of information,26 which largely depends on 
active communication among users.27 Thus, active partici-
pation is essential for the sustainability of online 
communities.28 Recognition of these problems has 
prompted many researchers and managers of online com-
munities to attempt to identify the factors that motivate 
users to engage in continuous participation in such 
communities.

Previous research of users’ participation in online 
communities has examined both intrinsic and extrinsic 
motivations. Through these studies, personal characteris-
tics, self-efficacy, altruism, empathy, and needs have 
been found to be the intrinsic motivations that most 
affect the behaviors of users of online communities. In 
terms of personal characteristics, users with higher 
extraversion29–32 and conscientiousness31,33 have been 
found to be more active in online communities, whereas 
those with higher neuroticism have been found to be less 
active in online communities. Gender is another factor that 
influences users’ online behavior. Compared to men, 
women tend to ask fewer questions online, but seek friend-
ship more actively.33 Self-efficacy, altruism, and empathy 
positively influence one’s desire and confidence to contri-
bute to online communities34–37 and encourage users to 
participate more actively in discussions. Finally, regarding 
needs, users may engage with online communities in order 
to satisfy social needs, self-expression needs, and informa-
tion needs.38–40

Meanwhile, the extrinsic motivations that have been 
found to influence online community behavior include 
group identity, perceived similarity, reciprocity, commu-
nity quality, and social support. Regarding group identity, 
several studies have shown that communities with strong 
group identities usually have more members to actively 
participate in them;41,42 this may be because people with 
a common identity tend to have similar goals, rules, and 
interests, and are, therefore, more likely to share informa-
tion with each other and participate in discussions.43 Next, 
perceived similarity, which has been especially examined 
in terms of online health-focused communities,44 relates to 
users viewing other users as experiencing situations simi-
lar to the ones they themselves experienced; this percep-
tion causes the other users to be perceived as more 
attractive, trusted, and understood than dissimilar 
individuals.45 In relation to health problems, the collective 
experience and information of the many people who com-
prise online health communities is often perceived as more 
credible than the information given by health-care 
providers;46 this consequently increases participation in 
such communities. The next external motivation for online 
community behavior is reciprocity. Perceived reciprocity 
positively influences members’ satisfaction and intention 
to participate in community activities.47 In particular, 
response speed, value, and frequency are key reciprocity- 
related factors of online communities, as these factors 
directly influence the quality of dialogue.48 Next, 

https://doi.org/10.2147/PRBM.S323027                                                                                                                                                                                                                                

DovePress                                                                                                                         

Psychology Research and Behavior Management 2021:14 1708

Tang et al                                                                                                                                                              Dovepress

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


community quality has a significant influence on how 
users perceive the community and, therefore, influences 
their online behavior. When members are satisfied with the 
quality of a community (ie, they think the community is 
safe, convenient, and reliable, and that their privacy is 
protected) they participate willingly.49 In contrast, when 
users feel that the quality of messages is poor, the interac-
tion design is bad, and/or that their private information 
may be exposed to others in the community, users are 
reluctant to participate.50 As health-information disclosure 
may incur privacy risks, privacy concerns have 
a particularly strong influence on individuals’ willingness 
to communicate personal health information in health- and 
mental health-focused communities.51 Finally, users who 
obtain social support from online health-focused commu-
nities have been found to be more likely to maintain long- 
term relationships with these communities.52

Few studies have specifically investigated participation 
in ODCs. One study by Sadeque et al noted a problem 
regarding the reduction in the number of users in ODCs.53 

They developed a model to predict when the members 
would quit by analyzing changes in language use and 
activity level.53 Another study by Lu et al explored factors 
driving patients’ information sharing in ODCs from the 
perspective of social capital and found that social interac-
tion ties and the sense of shared identity and trust posi-
tively affect information sharing between patients with 
depression.54 However, these studies and previous studies 
on users’ participation in online health communities tend 
to focus on a single community without considering dif-
ferences in community types, which are critical in under-
standing users’ online behavior.

In China, while on one hand the prevalence of depres-
sion is increasing annually, on the other, the scarcity and 
imbalance of mental health services, results in a low rate of 
diagnosis and treatment of depression.55,56 Consequently, 
ODCs provide a good platform for understanding and help-
ing people with depression. There are many ODCs in 
China. However, some communities cannot fulfill their 
goals or are even forced to suspend operations because of 
the small number of active participants.54 Therefore, it is 
very important to understand the relationship between dif-
ferent community types and members’ participation.

China-based ODCs can be divided based on their 
operation style and management type into managed 
depression-focused communities (MDCs) and unmanaged 
depression-focused communities (UDCs).15 MDCs have 
community managers and professional support groups, 

and they disclose health information regarding depression 
and provide professional help to community members. 
However, such communities often have constraints such 
as a need for users to authenticate their identity, and 
restrictions on freedom of speech. UDCs are communities 
formed by people with depression; they do not feature 
professional support groups, and there are no restrictions 
on speech. In general, well-managed communities attract 
a high number of participants. However, in recent years, 
UDCs have tended to outperform almost all MDCs with 
regard to the number of participants and posts in China.15 

This discrepancy is worth noting.
In addition, communities tend to feature both suppor-

ters (ie, users who provide support to others) and ordinary 
members. The supporters’ contribution and the ordinary 
members’ active participation are considered necessary for 
the survival of the community.28,36 However, these two 
participant types have different motivations underlying 
their participation. Thus, we attempted to bridge these 
gaps by addressing the following two research questions:

RQ1: How does motivation affect supporters’ contribution 
and ordinary members’ participation in ODCs?

RQ2: How do the effects of motivation on supporters’ 
contribution and ordinary members’ participation differ 
between MDC and UDC?

Methods
Data Collection and Preprocessing
In this study, the depression-focused community on Baidu 
Tieba was chosen as the MDC. Baidu Tieba is the largest 
Chinese online community in the world, and its depres-
sion-focused community is one of the most popular 
depression-focused public communities. To date, the 
community has accumulated over 10 million posts and 
has over 100,000 participants. Meanwhile, a comment 
thread on Sina Weibo was chosen as the UDC to examine. 
Sina Weibo is similar to Twitter, and is one of the most 
popular social media platforms in China. In 2012, a Sina 
Weibo user, “zoufan,” died by suicide related to depres-
sion and posted a farewell post on the thread. Over 
one million comments have been posted in response to 
this farewell post, and the number continues to grow (the 
exact number is unknown as, when a post receives over 
100 comments, the total number of comments is no longer 
shown). To our knowledge, this represents the largest and 
most representative UDC.15 In addition, the similar 
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participation patterns of these communities are another 
reason we chose to examine them in our research. We 
used Python to write a crawler program and collect all 
posts (comprising original posts and interactions) from 
the two communities for the period of January 2016 to 
November 2020. For each post, we collected the content 
of the post, the username of the poster, and the date of the 
post. We then preprocessed the data by removing sym-
bols, geographic locations, and web addresses, and 
retained only the text information. No posts were 
removed from the data during the preprocessing steps. 
Figure 1 shows the number of posts and users for the 
MDC and UDC across the study period. There is a spike 
in posts in both the UDC and the MDC in 2019, which 
may result from a survey and data report on depression in 
China.57 The report, from an influential institute, men-
tions the depression communities in Sina Weibo and 
Baidu Tieba, drawing attention to and raising the profile 
of both communities.

No ethical review was required for this research 
because publicly available data were used in this study;58 

however, to protect user privacy, we removed users’ iden-
tity-related information from the dataset.

Roles of Community Users
There is no obvious role division in online depression com-
munities; therefore, to distinguish the roles of community 
users, we divided the users into supporters and ordinary 
members based on the content of their posts. This data- 
processing process mainly comprised two sections, one 
focused on text classification and the other on user cluster-
ing. The details are presented in the following sections.

Taxonomy of Social Support
It was necessary to build a text classifier to classify each 
post in each community. Posts were divided into two 
categories: social support and companionship. Based on 
social support theory, the main types of social support 
commonly provided in online health-focused communities 
are emotional and informational support.59,60 Therefore, 
we developed the coding scheme presented in Table 1.

Considering the differences between the MDC and 
UDC regarding the language styles users apply, separate 
coding processes and classifier training were used for the 
two communities. The post-coding processes for the com-
munities’ posts were as follows: Two research members 
coded 10,000 posts from each community using the coding 
scheme. When disagreements arose between the two 
research members regarding the coding of a post, they 
held discussions until an agreement was reached. Finally, 
to compute the inter-rater reliability, a third research mem-
ber who was experienced in the field of mental health 

Figure 1 

Table 1 Coding Scheme

Support Type Description

Social support Delivering informational support, including 

information, advice, teaching, personal experience, 
guidance, or referral regarding depression; 

Providing emotional support, including 

understanding, empathy, care, comfort, 
encouragement, sympathy, or recognition.

Companionship Posts that do not provide social support, such as 
chatting, greetings, revealing personal information 

about oneself
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coded a random sample of 1000 posts from the MDC and 
1000 from the UDC. All kappa values were > 0.85.

Next, the labeled datasets were used to train text clas-
sifiers. This was performed using the pre-training language 
model Bidirectional Encoder Representations from 
Transformers, which was developed by Google in 2018 
and features new state-of-the-art results for many lan-
guage-classification tasks.61,62 Classifier performance was 
evaluated based on accuracy and F1 scores.63 The results 
for the classifiers are presented in Table 2.

User Clustering
After identifying the post types according to social sup-
port, we aimed to build profiles for each user from the two 
communities by aggregating their posts by type. A 1×2 
vector was used to represent each user’s post type. The 
elements in the vector represented the proportion of posts 
relating to social support and companionship. For exam-
ple, if a user published 10 posts, with two featuring social 
support and the remaining eight featuring companionship, 
the user’s vector would be <0.2, 0.8>.

Next, we applied the classic k-means clustering algo-
rithm to cluster the user profiles of each of the two com-
munities. The optimal number of clusters from the 
k-means clustering results was estimated using the 
R package NbClust.64

Motivations Underlying Users’ Online 
Community Behavior
After determining, through clustering, the roles users per-
formed in the communities, we explored their online beha-
viors in these communities. Specifically, this concerned 
the contributions made by the supporters and the partici-
pation of the ordinary members.

First, the motivations underlying supporters’ contribu-
tions and ordinary members’ participation were analyzed. 
Through this, variables associated with motivation were 

extracted. Then, a regression model was applied to per-
form estimations.

Motivation Analysis
(1) Intrinsic motivation

Emotion is an internal motivation that affects supporters’ 
contributions to online communities. In ODCs, supporters 
with more positive emotions may be more willing to provide 
emotional support to community members and encourage 
them to actively address their illness. In addition, supporters 
want to improve their status in the community and earn the 
respect of others via knowledge-sharing, which motivates 
them to contribute more information support.65

Negative emotion is a common characteristic of people 
with depression,59,66 and those who frequently express 
negative emotions tend to show higher levels of depressive 
symptoms.67–69 The stigma of illness hinders social activ-
ity in real life. The anonymity of online communities 
allows people with depression and negative emotions to 
express their emotions and disclose their illness without 
embarrassment; thus, such communities allow them to 
express themselves more actively and interact with others. 
Therefore, emotion is an internal motivation that affects 
ordinary members’ participation in ODCs.

(2) Extrinsic motivation

To promote the development of online doctor-patient 
communities, several measures are used to ensure doctors’ 
and patients’ continuous participation; such measures 
include improving incentive mechanisms, optimizing the 
service delivery process, and adjusting the prices of pre-
mium doctor–patient interactions.70 In contrast, in ODCs, 
there is no financial exchange among users; thus, extrinsic 
motivations such as monetary rewards may not be the main 
drivers of supporters’ contributions to these communities.71 

Individuals contribute to the community and expect their 
efforts to be recognized. Community recognition can encou-
rage them to make ongoing contributions.27,72–74 

Community response (questions received from other mem-
bers or responses to comments) can reflect other members’ 
recognition of certain contributions, whether these 
responses are positive or negative. For example, posts 
reflecting negative emotions, it can be regarded as seeking 
help and make supporters feel needed by the community. 
Therefore, getting more responses will encourage suppor-
ters to increase the frequency of their support.

Table 2 The Text Classifiers’ Accuracy and F1 Scores for Social 
Support and Emotion

Classification Community Accuracy F1 Scores

Social support UDC 0.9487 0.9077

MDC 0.9546 0.9076

Emotion UDC 0.8428 0.8354

MDC 0.8492 0.8239

Abbreviations: UDC, unmanaged depression-focused community; MDC, mana-
ged depression-focused community.
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Previous studies have shown that social support can 
increase community members’ participation in online 
communities.52 Interactions that do not feature social sup-
port, such as general chatting and discussions of one’s 
illness, can help people establish contact with others who 
have a similar health status; this can contribute to reducing 
people’s sense of social isolation. Thus, an interaction that 
does not feature social support can also motivate members 
to post and interact on online community portals. 
Therefore, community response is an extrinsic motivation 
that affects ordinary members’ participation in ODCs.

Operationalization of Variables Influencing the 
Support Group’s Contributions

(1) Independent variables

The independent variables were community response 
(Res) and emotion (Emo). Community response was 
defined as the total number of responses received by the 
supporters.

Measurement of emotion was divided into two parts: 
emotion classification and calculation. First, to identify the 
emotions in each post, we used the same method as the one 
described in Section 2.2.1 regarding the building of the text 
classifier. Posts could be divided into three categories in 
terms of emotion: positive, negative, and neutral. The per-
formance of the classifier with regard to classifying emotion 
is included in Table 2. After determining the category of 
each post, we calculated the emotion values. The calcula-
tion rule was the total number of positive-emotion posts 
minus the total number of negative-emotion posts, divided 
by the total number of posts; the equation is as follows:

EVi ¼ Tpos � Tneg
� �

=Ti 

Here, EVi represents the emotion value of user i, Tpos 

represents the total number of positive-emotion posts from 
user i, Tneg represents the total number of negative- 
emotion posts from user i, and Ti represents the total 
number of posts from user i. The closer EVi is to 1, the 
more positive the user’s emotion; the closer the value is to 
−1, the more negative the user’s emotion.

(2) Dependent variables

The dependent variables were the supporters’ commu-
nity contribution, including the supporters’ social support 
(SSoSup) and time span (STimSpa). Social support was 
defined as the total number of social support posts 

published by supporters, which was extracted through 
text classification. The time span was the number of days 
between the supporters’ first and last posts.

(3) Control variables

To eliminate the interference of other factors, control 
variables were introduced. Supporters hope to be rewarded 
for their contributions.75 Therefore, receiving thanks can 
be regarded as a psychological reward, one of the external 
motivations for supporters’ contribution.76 In addition, 
when supporters receive positive emotional feedback, 
they will feel that the help offered improves the emotions 
of other users, which increases their confidence and self- 
worth. Confidence and self-worth will increase their 
contributions.77 Moreover, reciprocity also increases sup-
porters’ contribution,78 and users who receive more sup-
port share more support.35,36 Therefore, the following 
control variables were introduced: thanks (Thx), emotional 
feedback (EmoFe) and received social support (ReSoSup).

Thanks (Thx) is defined as the proportion of posts 
received expressing thanks for the total number of replies 
received. Here, we use the Chinese word segmentation 
system to segment the posts and judge whether there are 
words expressing thanks in the posts. The above emotion 
calculation method is used to calculate the emotion value 
of the replies received as emotional feedback (EmoFe). 
Received social support (ReSoSup) is the proportion of 
social support received in terms of the total number of 
replies received. The social support posts here are identi-
fied by building text classifiers. The variable descriptions 
and statistical methods are listed in Table 3.

Operationalization of Variables Influencing Ordinary 
Members’ Participation

(1) Independent variables

The independent variables were community response 
(Res) and emotion (Emo). Community response was 
defined as the total number of responses received by 
ordinary members. The calculation method for users’ emo-
tion value was the same as that described in Section 2.3.1.

(2) Dependent variables

The dependent variables were ordinary members’ com-
munity participation, including members’ posts (MPos) 
and time span (MTimSpa). Members’ posts were defined 
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as the total number of posts published by each member. 
Meanwhile, time span was defined as the number of days 
between a member’s first and last posts.

(3) Control variables

Research has confirmed that obtaining social support is the 
main reason members participate in online health 
communities.52 Moreover, similar individuals are more likely 
to attract, trust and understand each other than dissimilar 
individuals, and are therefore more likely to share information 
and participate in discussions.44 In addition, long response 
delays seriously impact users’ willingness to participate48 

Therefore, the control variables included received social sup-
port (ReSoSup), emotional differences (EmoDif), and 
response time (ReTim).

Received social support (ReSoSup) is also defined as the 
proportion of social support received in terms of the total 
number of replies received. Emotional difference is defined 
as the difference between the user’s emotion value and the 
emotional value received. Response time (ReTim) is 
expressed as the average time interval between the user’s 
post and the first reply. Table 3 shows the descriptions of the 
variables used and the statistical methods.

Econometrics Analysis
Next, a regression model was used to analyze the data. 
First, we verified the effects of supporters’ emotions and 
community response on supporters’ contributions, includ-
ing their social support and time span (Models 1 and 2). 
Then, we verified the effects of ordinary members’ emo-
tions and community response on ordinary members’ par-
ticipation, including the total number of posts and time 
span (Models 3 and 4). Regression equations for these 
analyses were developed for the UDC and MDC, and 
cross terms were used to test the effects of community 
differences on supporters’ contributions (Models 5 and 6) 
and ordinary members’ participation (Models 7 and 8). 
The equations are as follows:

Models 1 and 2:

SSoSupi; STimSpai ¼ β0 þ β1 � Emoi þ β2 þ Resi þ β3
� Controli þ εi þ μi 

Models 3 and 4:

MPosi;MTimSpai ¼ β0 þ β1 � Emoi þ β2 þ Resi þ β3
� Controli þ εi þ μi 

Table 3 Descriptions of the Variables Used in the Analysis

Variable Description Methods

Dependent 
Variable

Supporters’ social support 
(SSoSup)

Total number of social support posts from supporters Text classification

Ordinary members’ posts 

(MPos)

Total number of posts from ordinary members Statistics

STimSpa, MTimSpa Number of days between first and last posts of supporters or 

ordinary members

Statistics

Independent 

Variable

Emotion (Emo) Emotion value Text classification, statistics

Response (Res) Total number of responses Statistics

Control 

Variable

Received social support 

(ReSoSup)

Proportion of social support received in terms of the total number 

of replies received

Text classification

Emotional feedback 

(EmoFe)

Emotional value received Text classification, statistics

Thanks (Thx) The proportion of thanks received in terms of the total number of 

replies received

Keyword extraction, 

statistics

Emotional differences 
(EmoDif)

The difference between the user’s emotion value and the 
emotional value received

Text classification, statistics

Response time (ReTim) The average time interval between the user’s post and the first reply Statistics
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Models 5 and 6:

SSoSupi; STimSpai ¼ β0 þ β1 � Emoi þ β2 þ Resi

þ β3 � Community � Emoi þ β4 � Community � Resi

þ β5 � Controli þ εi þ μi 

Models 7 and 8:

MPosi;MTimSpai ¼ β0 þ β1 � Emoi þ β2 þ Resi

þ β3 � Community � Emoi þ β4 � Community
� Resi þ β5 � Controli þ εi þ μi 

We conducted a robustness check by adding or remov-
ing regressors to examine whether the core regression 
coefficient estimates were plausible and robust.79

Results
Statistical Analysis of Community Users’ 
Roles
To distinguish the supporters and ordinary members in 
the two communities, we first built a text classifier to 
identify posts expressing social support. Subsequently, 
member profiles, defined by type of social support, were 
built and clustered. Figure 2 presents the optimal num-
ber of clusters obtained from the k-means clustering 
results. The optimal number of clusters for MDC and 
UDC was 3 (Table 4). The clustering centroids are the 
proportion of companionship and social support in each 
group. A higher proportion of social support in posts 
indicates a higher willingness to contribute and a higher 
level of expertise.54 Therefore, we define users who post 
and provide social support frequently as supporters. 

Users who provide social support less frequently and 
users who do not provide social support were classified 
as ordinary members.

After classifying the users of the two communities into 
supporters or ordinary members, we determined their online 
activity based on the “9–1 principle,” which is based on the 
“90–9–1 principle.”80 The 90–9–1 principle states that, in an 
online community, 90% of the participants are inactive 
(meaning most users only read the content and rarely post; 
such participants are referred to as “lurkers”), 9% of the 
participants edit content, and only 1% of the participants 
actively create new content.80 Transferring this principle 
into a 9:1 ratio, we defined the users who were ranked in 
the top 10% of the total number of posts in the community as 
the “posters,” and the remaining 90% as “lurkers.”

Figure 2 

Table 4 Descriptions of the Variables

Community Centroids 
Companionship, 
Social Support)

Role Percentage of 
Total Users 
(Number)

UDC 0.98678655, 

0.01321345

Ordinary 

members

74.56% (190,410)

0.57570387, 

0.42429613

Ordinary 

members

11.60% (29,664)

0.01285321, 

0.98714679

Supporters 13.95% (35,668)

MDC 0.993236454, 

0.00676354

Ordinary 

members

78.63% (72,948)

0.616835136, 

0.383164864

Ordinary 

members

7.68% (7121)

0.009252685, 

0.990747315

Supporters 13.70% (12,708)

Abbreviations: UDC, unmanaged depression-focused community; MDC, mana-
ged depression-focused community.
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As seen in Figure 3, for the UDC the average number 
of posts from lurkers was 2.24 (1–11), and the average 
number of posts from posters was 59.64 (11–8723). The 
supporters accounted for only a small section of the pos-
ters. Meanwhile, for the MDC the average number of posts 
from lurkers was 2.12 (1–10), and the average number of 
posts from posters was 52.30 (10–8867). The proportion of 
supporters among the posters was very small, but slightly 
higher than that for the UDC.

Analysis of Factors Influencing User 
Participation in the Communities
Data Analysis
Given that the variables varied in terms of their initial 
quantities, we standardized the dependent, independent, 
and control variables for the econometric analysis. 
STATA was used to analyze the data. Table 5 presents 
the descriptive statistics of the variables.

Regression Results for the Supporters’ Contribution
First, we used a regression model to test the influence of 
supporters’ emotion and community response on their 
social support, as well as the difference between the two 
communities with regard to the strength of this influence. 
The regression results (see Table 6) indicated that suppor-
ters’ emotion had a positive and significant effect on the 
social support that they provide in communities (β = 0.006, 
p < 0.001 in Model 1 [UDC], β = 0.017, p < 0.01 in Model 
2 [MDC]). Cross terms were introduced into the model, and 

the model results consequently showed that there was no 
significant difference between the UDC and MDC regard-
ing the effect of supporters’ emotions on the social support 
they provide (β = 0.018, p > 0.05 in Model 3). Nevertheless, 
in the UDC, response was found to have a significant and 
positive effect on supporters’ social support (β = 0.799, P < 
0.001 in model 1 [UDC]). In the MDC, this effect was not 
significant (β = 0.013, P > 0.05 in Model 2 [MDC]). Finally, 
for the UDC, the effect of community response on suppor-
ters’ social support exceeded that of supporters’ emotion on 
their social support.

We then used a regression model to test the effect of 
supporters’ emotion and community response on suppor-
ters’ time span in the community, as well as the difference 
between the two communities. The results (see Table 6) 
indicated that in the UDC, supporters’ emotions had 
a negative and significant effect on their time span (β = 
−0.025, p < 0.001 in Model 4 [UDC]), whereas in the 
MDC, this effect was positive and significant (β = 0.027, 
p < 0.001 in Model 5 [MDC]). In addition, in the UDC, 
response had a significant and positive effect on suppor-
ters’ time span (β = 0.099, P < 0.001 in model 4 [UDC]). 
Meanwhile, in the MDC, the effect of community response 
on supporters’ time span was positive (β = 0.065, P > 0.05 
in model 5 [MDC]) but not significant. Finally, for the 
UDC, the effect of community response on supporters’ 
time span outweighed that of supporters’ emotion on 
their own time span.

Figure 3 
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The effect of community response on supporters’ social 
support differed significantly between the two community 
types. In addition, there were significant differences 
between the two communities regarding the effect of sup-
porters’ emotions and community response on supporters’ 
time span.

Regression Results for Ordinary Members’ 
Participation
We used a regression model to test the influence of 
ordinary members’ emotions and community response 
on the number of posts by ordinary members, as well 
as the difference between the two communities with 
respect to the strength of this influence. Table 7 presents 
the estimation results from the regression analysis. These 
results show that in the UDC, ordinary members’ emo-
tions were negatively associated with their posts (β = 
−0.008, p < 0.001 in Model 1 [UDC]), while in the 
MDC, ordinary members’ emotions were positively asso-
ciated with their posts (β = 0.026, p < 0.001 in Model 2 
[MDC]). Meanwhile, community response had 
a significant and positive effect on ordinary members’ 
posts (β = 0.833, p < 0.001 in Model 1 (UDC), β = 
0.402, p < 0.001 in Model 2 [MDC]); this effect was 
greater in the UDC (β = −1.045, p < 0.001 in Model 3).

Next, we used a regression model to test the effect of 
ordinary members’ emotions and community response on 
ordinary members’ time span, as well as the difference in 
this regard between the two communities. The regression 
results (see Table 7) indicated that, in the UDC, ordinary 
members’ emotions had a negative and significant effect on 
their time span (β = −0.040, p < 0.001 in Model 4 [UDC]), 
while in the MDC, ordinary members’ emotions had a positive 
and significant effect on their time span (β = 0.044, p < 0.001 
in Model 5 [MDC]). Furthermore, community response 
showed a significant and positive effect on ordinary members’ 
time span (β = 0.528, p < 0.001 in Model 4 [UDC], β = 0.396, 
p < 0.001 in Model 5 [MDC]); this effect was greater in the 
UDC (β = −0.556, p < 0.001 in Model 6).

The effect of ordinary members’ emotions and com-
munity response on their posts and time span differed 
significantly across the two community types.

Robustness Checks
We tested the robustness of the main effects model by 
varying the control variables. The results of the robustness 
checks are shown in Tables 8 and 9 (Table 8 is for 
supporters and Table 9 for ordinary members). After 
removing some control variables, the coefficients and sig-
nificance of the main effect model do not change, which is 

Table 5 Descriptive Statistics for the Variables

UDC MDC

Mean Std. 
Dev

Min Max VIF Mean Std. 
Dev

Min Max VIF

Supporters
SSoSup 2.070 13.280 1 1229 – 2.313 32.142 1 3243 –

STimSpa 1.251 6.669 1 1212 – 1.343 5.242 1 310 –

Emo 0.722 0.572 −1 1 1.00 0.423 0.636 −1 1 1.04
Res 0.400 3.563 0 250 4.28 0.428 4.204 0 312 1.09

ReSoSup 0.043 0.191 0 1 4.34 0.024 0.131 0 1 1.36

EmoFe 0.051 0.309 −1 1 1.54 0.004 0.101 −1 1 1.29
Thx 0.046 0.195 0 1 1.49 0.002 0.039 0 1 1.06

Ordinary members
MPos 8.930 56.318 1 8723 – 7.935 56.798 1 8867 –

MTimSpa 3.394 9.864 1 630 – 3.285 10.688 1 584 –

Emo −0.505 0.558 −1 1 1.46 −0.260 0.495 −1 1 1.86
Res 1.647 10.689 0 1416 1.06 4.521 27.188 0 2557 1.77

ReSoSup 0.120 0.284 0 1 1.92 0.0768 0.199 0 1 1.57

EmoDif 0.732 0.491 0 2 1.72 0.402 0.427 0 2 1.53
ReTim 253.129 167.786 0 365 1.71 274.875 154.529 0 365 1.09

Abbreviations: Emo, emotion; EmoDif, emotional differences; EmoFe, emotional feedback; UDC, unmanaged depression-focused community; MDC, managed depression- 
focused community; MPos, Total number of posts from ordinary members; MTimSpa, Number of days between first and last posts of ordinary members; Res, response; 
ReSoSup, received social support; ReTim, response time; SSoSup, Total number of social support posts from supporters; STimSpa, Number of days between first and last 
posts of supporters; Std. Dev, standard deviation; Thx, thanks; VIF, variance inflation factor.
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consistent with the presentations in Tables 6 and 7. This 
proves the rationality and reliability of the models.

Discussion
Active user participation is essential for online commu-
nities’ sustainability.26 This study investigated participa-
tion in ODCs by classifying the users of an MDC and 
a UDC into supporters and ordinary members according to 
the content of their posts. Then, we examined and com-
pared the online behavior of the supporters and ordinary 
members of the two communities.

First, applying the 9-1 principle,80 we found that both 
communities (especially the UDC) had relatively few 
active supporters. Many supporters may be professional 
mental health service staff, who generally have a high 
level of knowledge about depression and can provide 

informational and emotional support to the community 
members. Other supporters might be people with experi-
ence of depression who wish to share their knowledge 
regarding the condition and its treatment with community 
members and also provide encouragement. A low level of 
supporter activity may result in community members 
being unable to obtain effective help.

Our results show that community response positively 
influenced supporters’ contributions in the UDC, but had 
no significant impact in the MDC. MDC managers endea-
vor to forge relationships with professional support 
groups81 and encourage supporters from such groups to 
provide support actively and continuously for community 
members, but this does not occur in the UDCs, where 
community response is the most important factor influen-
cing supporters’ contributions in the UDCs; it enables 

Table 6 Regression Results for the Supporters’ Contributions

Social Support Time Span

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

UDC MDC Interactive UDC MDC Interactive

Emo 0.006*** 0.017** 0.004*** −0.025*** 0.027*** −0.030***

(0.001) (0.006) (0.001) (0.004) (0.007) (0.005)

Res 0.799*** 0.013 0.555*** 0.099*** 0.065 0.122***

(0.073) (0.007) (0.051) (0.025) (0.041) (0.030)

ReSoSup −0.051*** 0.003 −0.025*** 0.061*** 0.005 0.055***

(0.012) (0.004) (0.007) (0.010) (0.012) (0.009)

EmoFe 0.036*** 0.004 0.017*** −0.020* 0.025 −0.015

(0.009) (0.005) (0.005) (0.010) (0.015) (0.009)

Thx −0.050*** 0.016* −0.026*** 0.041*** 0.043 0.041***

(0.012) (0.008) (0.007) (0.009) (0.024) (0.009)

Community 0.013 −0.154***

(0.018) (0.006)

Community* Emo 0.018 0.038***

(0.010) (0.005)

Community* Res −0.530*** −0.127***

(0.052) (0.030)

Constant 0.000 −0.000 −0.001 0.000 −0.000 0.044***

(0.003) (0.009) (0.002) (0.005) (0.009) (0.006)

R-squared 0.624 0.001 0.202 0.017 0.007 0.022

N 35668 12,708 48,376 35,668 12,708 48,376

F 191.558 3.934334 103.0204 32.20993 4.320892 95.267

Notes: *p < 0.05, **p < 0.01, ***p < 0.001. Bold values: Highlight the coefficients of independent variables and cross terms in the models. 
Abbreviations: Emo, emotion; EmoFe, emotional feedback; UDC, unmanaged depression-focused community; MDC, managed depression-focused community; Res, 
response; ReSoSup, received social support; Thx, thanks.
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supporters to feel that their contributions are recognized, 
which can enhance their sense of self-worth and motivate 
them to make further contributions. Emotional character-
istics also affected supporters’ contributions, though these 
effects were very small and significant. Supporters expres-
sing positive emotions provided more social support in 
both communities, but they contributed for a longer time 
in the MDC. Supporters expressing negative emotions 
spend more time than expressing positive emotions in the 
UDC. UDC supporters expressing negative emotions may 
have comprised people who had experienced or were 
experiencing depression. Thus, they may not have had 
a high level of expertise, but they tended to have longer 
engagement with the community.

Finally, community response is the most important 
factor related to increasing ordinary members’ 

participation, and this effect is stronger in UDCs. The 
main purpose of ordinary members’ participation in the 
MDCs may be to seek professional health support, while 
the primary motivation to participate in the UDCs may 
relate more to a desire for self-expression and communica-
tion with others. UDCs enable ordinary members to com-
municate freely, and community response encourages 
ordinary members to express and exchange health-related 
information and emotions more actively; this allows such 
users to establish social relationships in online commu-
nities, which may be difficult for them to achieve in real 
life. In addition, there are differences in community 
engagement among ordinary members with different emo-
tional characteristics. Ordinary members expressing nega-
tive emotions are found to be more likely to participate in 
the UDCs, while ordinary members expressing positive 

Table 7 Regression Results for the Ordinary Members’ Participation

Post Time Span

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

UDC MDC Interactive UDC MDC Interactive

Emo −0.008*** 0.026*** −0.011*** −0.040*** 0.044*** −0.036***

(0.001) (0.002) (0.001) (0.001) (0.003) (0.001)

Res 0.833*** 0.402*** 1.302*** 0.528*** 0.396*** 0.813***

(0.047) (0.087) (0.074) (0.048) (0.050) (0.074)

ReSoSup 0.008*** −0.005 0.004** 0.036*** −0.017*** 0.025***

(0.001) (0.004) (0.001) (0.002) (0.005) (0.002)

EmoDif −0.008** −0.014*** −0.012*** −0.060*** −0.035*** −0.054***

(0.003) (0.003) (0.003) (0.003) (0.003) (0.002)

ReTim 0.031** −0.033 0.015 −0.122*** −0.112*** −0.116***

(0.011) (0.020) (0.010) (0.011) (0.014) (0.009)

Community −0.126*** −0.108***

(0.007) (0.006)

Community* Emo 0.038*** 0.084***

(0.002) (0.003)

Community* Res −1.045*** −0.556***

(0.088) (0.078)

Constant −0.000 −0.000 0.065*** −0.000 −0.000 0.040***

(0.001) (0.003) (0.004) (0.002) (0.003) (0.004)

R-squared 0.685 0.170 0.545 0.332 0.194 0.290

N 220074 80,069 300,143 220,074 80,069 300,143

F 2151.305 221.7659 1412.408 2227.074 392.8906 1557.97

Notes: *p < 0.05, **p < 0.01, ***p < 0.001. Bold values: Highlight the coefficients of independent variables and cross terms in the models. 
Abbreviations: Emo, emotion; EmoDif, emotional differences; UDC, unmanaged depression-focused community; MDC, managed depression-focused community; Res, 
response; ReSoSup, received social support; ReTim, response time.
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emotions are more likely to participate in the MDCs. 
People with more negative emotions tend to have higher 
levels of depressive symptoms, indicating that they may 
perceive a deeper level of stigma; thus, they attach more 
importance to privacy when disclosing health 
information.67–69 The anonymous and less-restrictive nat-
ure of the UDCs allows such people to feel less at risk 
when disclosing personal problems. In contrast, indivi-
duals with positive emotions tend to be able to manage 
their condition positively, and the main purpose of their 
participation in online communities is to obtain knowledge 
and experience regarding depression. Compared to UDCs, 
MDCs have more professional, experienced, and knowl-
edgeable supporters, who can consequently provide more 
effective help and suggestions; thus, individuals with posi-
tive emotions are more willing to participate in MDCs. 
Like general MDCs, the MDC in our study has language 
restrictions. Extreme negative statements, such as those 
regarding suicide and self-harm, are not allowed to be 
discussed, which is an important factor hindering the par-
ticipation of negative-emotion users in MDCs.

Our research extends previous theoretical work by 
considering the effect of differences in community- 
management type on the online behaviors of ODCs 
users. The empirical results show that emotion and com-
munity response influenced supporters’ level of contribu-
tion and ordinary members’ level of participation and that 
there is a significant difference between UDCs and MDCs 
in terms of effects on users’ online behaviors. These 
results improve the understanding of user behaviors in 
ODCs.

Our results have important practical significance for 
designers and managers of ODCs and mental health ser-
vices in China. First, it is important for ODCs to motivate 
supporters to continuously contribute and members to 
actively participate. Our empirical results show that com-
munity response is the most important factor motivating 
online behavior of both supporters and ordinary members, 
especially in UDCs. This difference of effect might be due 
to the structural differences between the MDC and UDC in 
our study (ie, the UDC was a single comment thread 
following one post, and the MDC contained posts and 
comments). Compared to the MDC, the dialogue between 
users is easier to see in the UDC, attracting them to join 
the discussion. Thus, community designers can increase 
the opportunity for multiple interactions among users by 
improving the convenience of interaction and the visibility 
of interactive content.

Second, as discussed in previous studies, a correlation 
exists between problematic Internet use and depression.23 

Given the potential negative consequences of discussing 
harmful topics such as suicide, MDC managers often 
develop a set of community norms and language restric-
tions. While this ensures a positive community environ-
ment, it may drive away some users with higher levels of 
depressive symptoms who need more help from support 
groups and feel the need to express negative emotions.67– 

69 MDC managers should consider the need of depressed 
people to express negative emotions and consider appro-
priately liberalizing language restrictions. Previous 
research has consistently supported the importance of 
accepting and experiencing feelings, including negative 
emotions.82 Online communities should provide opportu-
nities for individuals to express and discuss their thoughts 
and feelings.

Finally, considering the negative risks caused by liber-
alized language restrictions, as in the UDCs, support 
groups should monitor the content of community posts 
by establishing text monitors. In the case of extremely 
negative emotional posts, such as posts referring to sui-
cide, psychological counseling services should be pro-
vided to the poster as soon as possible, which may 
reduce the incidence of harmful behaviors such as suicide. 
UDC attracts more depressed people with negative emo-
tions than MDC. Faced with China’s huge population and 
the scarcity and imbalance of mental health services, 
UDCs present an opportunity to help people with depres-
sion who are undiagnosed or untreated, at a low cost. 
Thus, it is important to mobilize professional support 
groups into UDCs to disseminate correct mental health 
knowledge and help members better cope with depression.

This study has a few limitations. First, the explained 
variance in Models 2 and 4–6 for the supporters is low. 
Due to limited data availability, variables such as network 
structure and demographic characteristics that may affect 
online behavior are not included in the model. These 
variables should be considered in future research, more 
indicators should be developed to investigate influencing 
factors, and the impact of these differences based on 
community-management type should be explored. 
Second, our research was limited to data retrieved from 
one MDC and one UDC that are popular and representa-
tive in China. More data from other online depression 
communities are needed to test whether our findings are 
generalizable.

Psychology Research and Behavior Management 2021:14                                                                    https://doi.org/10.2147/PRBM.S323027                                                                                                                                                                                                                       

DovePress                                                                                                                       
1721

Dovepress                                                                                                                                                             Tang et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


Conclusion
We explored supporters’ contributions and ordinary mem-
bers’ participation in ODCs and considered the effects of 
community-management types on online behaviors. The 
results indicate that community response is the most 
important factor affecting supporters’ contributions and 
ordinary members’ participation, especially for UDC. 
Ordinary members expressing positive emotions are more 
active in the MDC, while those expressing negative emo-
tions are more active in UDC. In addition, emotion also 
affects the supporters’ contributions. Supporters expres-
sing positive emotions post more social supportive com-
ments. They can provide continuous support for members 
in MDC, but do not stay long in UDC.

The findings could help improve design and manage-
ment of ODCs, as well as help mental health service staff 
better help people with depression. Opportunities for mul-
tiple interactions can be increased by improving the con-
venience of interaction and the visibility of interactive 
content, to promote the supporters’ continuous contribu-
tion and the members’ active participation. MDCs can 
increase participation among people with negative emo-
tions by appropriately liberalizing language restrictions. 
Text monitors can be established to identify risk factors 
to reduce the incidence of suicide. Professional support 
groups can be introduced in the UDCs to popularize men-
tal health knowledge and help members cope with their 
illness positively.

The research has a few limitations, such as that the 
explained variance of some models is low. Due to limited 
data availability, variables such as network structure and 
demographic characteristics that may affect online beha-
vior are not included in the model. Nonetheless, our find-
ings enhance the understanding of current ODCs.
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