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ABSTRACT 

Online Health Communities (OHCs) have become an important source of sharing 

and receiving information and support for people with health-related concerns. These 

communities provide important benefits to users including enhance medical knowledge, 

emotional comfort, personal empowerment and the ability to create offline social 

connections. High levels of user engagement are beneficial to both users and the OHC, so 

it is important to understand what motivate users’ participation, encourage them to 

contribute and influence their churning behaviors.  

This thesis covers why, when, and how users are actively engaged within an OHC. 

It is based on descriptive and predictive analytics of OHC users’ online interactions with 

text mining techniques. I built explanatory models to reveal how users’ motivations and 

roles evolve over time, the types of social support activities that encourage users’ 

continuous participation, and the forms of social capital that drive users’ continued 

contributions to the community. In addition, I developed predictive models to help an 

OHC forecast whether and when a user will churn.  

The findings of this study have implications for managing and sustaining 

successful OHCs, and can provide OHC managers with suggestions on how to motivate 

user contributions and retain users through interventions. 

  



vi 
 

PUBLIC ABSTRACT 

The ubiquity of the Internet access brings us an epoch that people can access the 

information or support they need instantaneously. Online Health Communities (OHCs), as 

a product of modern Internet, are convenient sources of health-related information that 

allow users to interact with peers having similar concerns. However, as many other virtual 

communities, OHCs face many challenges such as low user activity levels and high rates 

of turnover. Thus, it is important to understand the factors that influence users’ 

engagement in OHCs.  

This study analyzed data from a public OHC that deals with breast cancer. Various 

computational methods made it possible to determine the type(s) of social support existing 

in each post. By summarizing and analyzing users’ seeking and receiving behaviors, I was 

able to understand how users interact and involve within this OHC. For example, users 

often joined the community because something sparked their interest, maybe an online 

article or the diagnosis of a family member. As they sought and received different types of 

social support, connected with various people or became embedded within different 

groups, their interests changed over time. Some of users used the site for a very short 

period, then left, while others were more active and engaged over longer periods.  

This study aims at detecting factors that impact users’ engagements in OHCs. Its 

findings have implications for managing and sustaining stable OHCs, such as providing 

OHC managers with suggestions in improving website design and adopting interventions 

to motivate user contributions and retain users in the community.  
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CHAPTER ONE 

INTRODUCTION 

Healthcare is a major challenge for modern society and has attracted the attention 

of stakeholders well beyond the healthcare industry. The ubiquitousness of the Internet 

has made it easier for individuals to obtain, process, and understand information related 

to health. According to a report from the Pew Research Center (Fox, 2014), 72% of 

United States adults have used the Internet for information about medical conditions. In 

addition simply to seeking information through web portals, such as Wikipedia and 

WebMD, Internet users also interact with others online to obtain knowledge and support. 

People communicate through the Internet for common concerns by forming online 

communities, such as discussion forums and bulletin boards. The online communities 

designed specifically for people with a health interest are referred to as Online Health 

Communities (OHCs). 

The most widely accepted definition of an OHC is “a group of individuals with a 

common interest or a shared purpose, whose interactions are governed by policies in the 

form of rules, rituals, or protocols; who have ongoing and persistent interactions; and 

who use computer-mediated communication as the primary form of interaction to support 

and mediate social interaction and facilitate a sense of togetherness” (Rodgers & Chen, 

2005, p.00). As a special type of online community, OHCs share similarities with other 

online communities, but at the same time feature some unique characteristics. OHCs also 

have pros and cons compared with traditional offline support groups. 

OHCs as Online Communities 

Online communities are one example of how Internet technologies can help 

individuals interact with information contributed by one another in cyberspace. The 

formats of online communities are diverse, including chat rooms, email lists, discussion 

boards, and forums. Individuals join online communities for diverse personal preferences: 
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share content (e.g., Flickr), collaborate (e.g., Stack Overflow and Wikipedia), or have fun 

together (e.g., online multiplayer games). Preece (2000) summarized that an online 

community is a group of people who are connected through the Internet and interact over 

time around a shared purpose, interest, or need. Therefore, online communities span 

geographical boundaries and allow individuals to exchange knowledge and feelings at 

any time. 

Compared with offline communities, online communities have both strengths and 

weaknesses. As one computer-mediated communication (CMC) tool, some asynchronous 

online community systems allow users to spend more time to create optimally desirable 

messages, with which users can selectively present information to one another. The 

hyperpersonal model of CMC (Walther, 1996) points out that impressions and relational 

states in CMC exceed what is expected to occur in face-to-face (FTF) settings. For 

example, text-based CMC allows senders to select polished sentences for self-

presentation, and receivers adopt idealization in filling in the missing information. In 

addition, the lack of geographic, time, and even social barriers also contribute to the 

prevalence of online communities. For instance, CMC may hide factors that can lead to 

members’ unequal participation rates, such as age or gender (Sproull & Kiesler, 1986). 

However, even if possessing many strengths, the drawbacks of an online community are 

apparent as well. Specifically, the relative lack of nonverbal cues of online community 

interactions would reduce the socio-emotional quality of communication (Walther, Van 

Der Heide, Ramirez, Burgoon, & Peña, 2015), which might require more time for a user 

to understand the message fully. 

Similar to other online communities, OHCs allow users to seek, receive and 

interpret information on a 24/7 basis. Without barriers in location and time, OHCs help 

users to acquire information about their health concerns, which might not be adequately 

acquired from traditional FTF networks. For example, rare-disease patients sometimes 

cannot find people who face similar problems in the same city, and as a result, they spend 
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time surfing online to seek help. In addition, news of novel treatments and effective 

medicines must spread through the Internet first. According to the Pew Research Center 

(Fox, 2014), one-in-four adult Internet users stated that they had read someone else’s 

experience about medical issues in the past year. Communicating with peers who have 

similar health issues is beneficial for users facing common problems. 

However, compared with other online communities, OHCs are more likely to 

emphasize similar experiences or emotions related to health problems. Specifically, users 

involved in OHCs are usually individuals with health concerns, such as patients and 

caregivers. In addition to simply sharing health-related information or knowledge, users 

also provide and receive social support. A quick response or encouragement in OHCs 

may help a user overcome his or her anxiety. Moreover, users do not care about the 

monetary value of their contributions. Users post content in OHCs to help others or seek 

information. Therefore, consistent with all online communities, OHCs serve as an 

interesting case deserving researcher’s attention. 

OHCs vs. Offline Support Groups 

Besides the broad reach and 24-hour availability mentioned above, other 

advantages of OHCs have also surfaced compared with offline support groups. First, all 

the previous posts are warehoused on the website, which means new users can retrieve 

past related information any time. Although medical knowledge may update rapidly over 

time, the stored data are still a good resource to provide possible solutions or support to 

newcomers of the community. Meanwhile, compared with FTF support group, labor and 

time costs are efficiently saved. In addition, Wright (2015) points out that OHCs are 

beneficial in reducing users’ embarrassment. Compared to face to face setting, online 

users may be more likely to express themselves in a straightforward and honest way 

about their concerns. In other words, OHCs can successfully mask physical appearance or 

disabilities that are a result of the health condition, which may be valuable for some 
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users. Therefore, OHCs become important platforms for users sharing private or sensitive 

talk. 

Nevertheless, OHCs have also been found to suffer from some problems. Risks 

such as sporadic membership of active users, deception, and insincerity of strangers are 

all possible reasons that may disappoint a user (Caplan & Turner, 2007; Wright, 2002; 

Wright & Bell, 2003). In contrast, an offline support group may be more able to mitigate 

these risks, or at least lower the probabilities of occurrences. Therefore, many users are 

involved in both online and offline support groups. Table 1 below provides a comparison 

of OHCs and offline health support groups. The valuable features enable OHCs to 

become an indispensable social media product in our life.   

 
 Online Health Community Offline Support Group 

Features 

1) No limitation for time and 
location 

2) Weak ties among more users 
3) More confidentiality, free to talk 

about deeply personal issues 
4) Includes sensitive topics 
5) Directly seeking information 

without building relationships 
6) Prevents members from being 

judged by gender, age, or race 
7) Hostile behavior 
8) More self-experience description 
9) All messages are stored 

1) Group members meet 
regularly 

2) Strong ties among fewer users 
3) Less confidentiality 
4) Regular topics 
5) Exchange information after 

establishing personal 
relationship 

6) More respect 
7) Explicit suggestions to team 

members 
 

Table 1 Online health community vs. offline support group (Pfeil, 2009). 
 

Motivation of the Study 

OHCs as a product of modern technology integrate scientific achievements from 

many different disciplines. As a result, studying OHCs is valuable in multiple aspects, 

such as recognizing communication patterns, improving public health systems, providing 

managerial insights, and understanding user behaviors.   
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Scientific contributions of studying OHCs 

First, from the perspective of communication, studying OHCs is beneficial for 

summarizing users’ participation with others in the community. Although physicians play 

a significant role in providing information, the majority of OHC users are patients and 

their caregivers (e.g., family members or friends). Participation in OHCs is helpful in 

obtaining therapeutic information, enhancing the understanding of medical knowledge, 

heightening emotional comfort and personal empowerment, and strengthening offline 

social connections (Barak, Boniel-Nissim, & Suler, 2008; Lieberman, 2007). Wicks et al., 

(2010) found that around 57% of users from “Patientslikeme.com” expressed that the 

OHC is helpful for understanding side effects of their treatments. Moreover, the common 

experiences promote users’ mutual understanding, which may generate amounts of 

personalized and private discussions (Ferguson, 1996; Pfeil & Zaphiris, 2007). In 

addition, proper involvement in the social environment is beneficial in shaping individual 

behaviors as well, such as raising their self-satisfaction and confidence (McLeroy, 

Bibeau, Steckler, & Glanz, 1988). Last but not least, users can build friendships with 

other members online and even form social networks offline.  

Second, from the perspective of public health, studying OHCs can help to inform 

and predict critical health events and establish effective interventions. Specifically, 

assessment (such as monitoring and diagnosing health problems), policy development 

(such as informing, educating the public, and developing related policies), and assurance 

(such as enforcing laws, providing care to needed patients, and assuring a competent 

public healthcare workforce) are three essential services of public health (Turnock, 

2015). Timely and effective analysis of topics discussed in OHCs may assist early 

detection of health events and help to develop appropriate countermeasures. For example, 

an unexpected hot topic in a daily-used OHC may indicate a pandemic. Quick detection 

and preparedness can minimize human loss. During the 2009 global H1N1 influenza 

pandemic, emergency preparedness and a coordinated response of public health 
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departments prevented an estimated 5 to 10 million additional cases, 30,000 

hospitalizations, and 1,500 deaths in the United States. Therefore, studying OHCs is 

useful for improving the public health system.    

Third, from the perspective of management sciences, studying OHCs can benefit 

other stakeholders who expect monetary values from the communities, such as website 

operators and medical marketers. Studying OHCs could benefit website operators in 

website management and benefit medical marketers by identifying potential customers. 

Specifically, the owners of OHCs operate the website to help people as well as earn 

profits. In the age of big data, large numbers of participants equal huge revenue. A clear 

understanding of user-generated content and user behavior can help operators to improve 

the website design. For example, operators can devise the website to attract newcomers 

as well as maintain senior members to run a sustainable OHC (Young, 2013). In addition, 

as discussed above, most users of OHCs are patients and caregivers, who are potential 

consumers of medical products, such as new treatments, drugs, and insurances. 

Understanding user-consumers in OHCs can benefit medical or insurance representatives 

to be aware of the extent of user-consumers’ medical concerns, and find a way for profit 

maximization (Jayanti & Singh, 2010). 

Finally, studying OHCs is beneficial for comprehending users’ behaviors in the 

community. In particular, with observing activities and profiling information of users, 

researchers are able to figure out the trajectories of their involvement. For example, users 

join an OHC driven by different motivations (Hsu & Lin, 2008; Oh, 2012; 

Prasarnphanich & Wagner, 2009; Wasko & Faraj, 2005). Some of them are interested in 

meeting new friends, while others may only need a specific piece of information. Some 

of them become active leaders after several months, while others always behave as 

readers (Jennifer Preece & Shneiderman, 2009). In addition, users may provide different 

types of information or support to one another (Mi Zhang & Yang, 2015), and their 

continued participation in the OHC may be also impacted by receiving different types of 
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support (Wang, Kraut, & Levine, 2012, 2015). Studying users’ trajectories of 

involvement provide researchers a view to understanding how users are supported by 

each other in OHCs and how OHCs help to relieve stress related to health. The outcome 

of the studies can guide us in the direction of better serving users. 

The study of OHCs in information science 

Information science is an emerging discipline in the information age. Borko 

(1968) summarized information science as an interdisciplinary field that focuses on 

analyzing information, including its properties, behavior, usage, and transmission. Kling 

(2007) provided a more formal definition of informatics research: “the interdisciplinary 

study of the design, uses and consequences of information technologies that takes into 

account their interaction with institutional and cultural contexts” (p. 205). 

Information scientists are interested in studying the relationship between 

information, technology, and people. In other words, information science not only studies 

information alone (e.g., the structure, form, and organization of information) but also 

studies how individuals interact with information (e.g., seeking, receiving, and 

interpreting information) and how technologies can facilitate such interactions. For 

example, information scientists study Twitter, with working on algorithms for data 

storage and information retrieval to improve users’ experiences. At the same time, they 

also focus on the social network of users to see how users connect with each other and 

how information diffuses in the network. All these findings can be transferred to human 

knowledge in the end. 

Healthcare research in information science focuses on how community members 

retrieve, comprehend, and use health-related information, as well as how stakeholders 

adopt and use information technologies in the healthcare system (Eysenbach, Powell, 

Englesakis, Rizo, & Stern, 2004). Turnock (2015) summarized that the integration of 

information is necessary to characterize the health status and needs of individuals. Thus, 
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to better serve people who have health concerns, information scientists devote themselves 

to healthcare-related studies.   

In the study of OHCs, an information science approach would not only extract 

knowledge from user-generated contents but also give an understanding of how users 

behave and interact with each other in the OHCs, as well as how to sustain a successful 

OHC. Studying OHCs provides great opportunities to inform science research. On the 

one hand, the outcome of these studies can make a difference and benefit OHC members. 

On the other hand, an interdisciplinary approach is needed to understand people’s 

complex behaviors and interactions in OHCs better. Information scientists will need to 

integrate knowledge and methods from sociology, public health, computer science, and 

management science to address these problems. 

The remainder of this thesis is organized as follows. Chapter Two covers prior 

literatures related to OHCs. With summarizing some research gaps from previous studies, 

I use machine learning methods to automatically detect social support from user-

generated content (Chapter Three), analyze users’ motivations and roles (Chapter Four), 

users’ participation, and predict their churn (Chapter Five) in the OHC. Then, I 

investigate factors that impact users’ future contributions (Chapter Six). Chapter Seven 

concludes all my findings, summarizes some limitations and offers some future research 

directions. 
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CHAPTER TWO 

LITERATURE REVIEW  

During the past two decades, many studies related to OHCs have been published. 

Multiple research questions have been addressed using various study designs including 

big data Internet studies using computational methods (Wang et al., 2015, 2012; M. 

Zhang, Yang, & Gong, 2013; K. Zhao et al., 2014), traditional social science studies 

summarizing findings from surveys or interviews (Coulson & Shaw, 2013; Matzat & 

Rooks, 2014; Setoyama, Yamazaki, & Namayama, 2011; Wicks et al., 2010). Irrespective 

of the methods used, the topics of most studies can be divided into two categories: 

community-level analysis and individual-level analysis. 

Data Sources and Methodology 

Depending on various data sources, prior studies related to OHCs set up different 

research goals and adopted different methodologies. The health issue of a target OHC is 

related to the design of the study at first. An OHC may focus on one specific health issue, 

such as Breastcancer.org for breast cancer patients and survivors and QuitNET for 

tobacco product quitters. An OHC may also serve audiences with varying health issues, 

such as PatientsLikeMe. Table 2 summarizes health issues the objective OHC cares about 

in related literature.  

Basically, most OHCs are designed for chronic health conditions, such as cancer 

and diabetes, or health promotion, such as losing weight. The reason is people who have 

such chronic health conditions or addictions need continuous support during their long-

term battles with these health issues. Furthermore, different types of OHCs offer 

researchers various formats and volumes of data. For example, users’ temporal active 

spans in an OHC for an acute disease, such as the flu, are usually much shorter than those 

in an OHC for a chronic disease. In the OHCs related to acute diseases or infectious 

diseases (e.g., the discussion board for the flu on Yahoo! Answers), it emphasizes the 
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effectiveness and quality of information, and as a result, researchers can collect 

informative posts from a large number of users during a relatively short time period. In 

contrast, chronic disease or health promotion OHCs focus more on users’ long-term 

support. Some off-topic content may also be discussed online. Therefore, the nature of a 

target OHC sometimes resolves possible research questions and designs.  

In addition, prior research has varied by discipline and by whether or not the team 

was multidisciplinary.  Researchers with a background in computer science or 

information science usually built a web crawler to gather large volumes of public data 

from OHCs and analyze data automatically by means of computers, such as using a 

Support Vector Machine (Lu, 2013; M. Wen & Rose, 2012), EM clustering (Lu, Zhang, 

& Deng, 2013), and association rules (Yang, Yang, Jiang, & Zhang, 2012). The machine 

learning methods can save lots of human resources to finish the task, but the accuracy of 

content analysis remains open to question. By contrast, researchers with a sociology or 

communication background typically conducted more quantitative or secondary data 

analysis, such as manual coding a small scale of data online or summarizing findings 

from surveys and interviews with OHC users. These rule-based methods can reach higher 

reliability, but at the same time, the outcome may be influenced by subjective factors of 

coding experts or interviewees to an even greater extent. Hence, whichever the 

computational methodology or rule-based methodology adopted by researchers, it 

requires the methodology to fit the study target.
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Reference Health Issues Website Participants/Posts Data Collection 

(Rodgers & Chen, 2005) Breast Cancer NA 3-year posts from 100 females Collaboration 

(Coulson, 2005) Irritable Bowel Syndrome NA 572 messages from 132 users Browsing online 

(JoAnn Coleman et al., 2005) Pancreatic Cancer pathology.jhu.edu 600 posts Browsing online 

(Pfeil & Zaphiris, 2007) Senior People Seniornet.org 400 messages from 47 users Browsing online 

(Lieberman, 2007)  Breast Cancer 6 Bulletin Boards 77 users Survey  

(Eichhorn, 2008) Eating Disorder Yahoo! OHC 490 posts Browsing online 

(Ginossar, 2008) Multiple Disease www.acor.org 1,424 messages Browsing online 

(Idriss, Kvedar, & Watson, 2009) Psoriasis 5 OHCs 260 users Survey  

(H.-J. Chang, 2009) Emotional Distress PTT.CC 689 posts from 438 users Browsing online 

(Mo & Coulson, 2010) HIV/AIDS NA 340 users Survey  

(Wicks et al., 2010) Multiple Disease PatientsLikeMe 1,323 users Survey 

(Cobb, Graham, & Abrams, 
2010) 

Smoking Cessation QuitNET 7,569 users Web Crawler 

(K.-Y. Wen, McTavish, Kreps, 
Wise, & Gustafson, 2011) 

Breast Cancer Comprehensive 
Health Enhancement 
Support System 
(CHESS) 

202 posts from 1 user Browsing online 

(Bender, Jimenez-Marroquin, & 
Jadad, 2011) 

Breast Cancer Facebook 620 discussion groups Browsing online 

(Setoyama et al., 2011) Breast Cancer Breast cancer OHC 253 users Survey 

(Weitzman, Cole, Kaci, & Mandl, 
2011) 

Diabetes 20 OHCs 2-year data Browsing online 

(Greene, Choudhry, Kilabuk, & 
Shrank, 2011) 

Diabetes Facebook 690 messages from 180 users Browsing online 

Table 2 A summary of data resources of literature related to OHCs studies. 
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Reference Health Issues Website Participants/Posts Data Collection 

(Hambly, 2011) Anterior Cruciate Ligament 
Reconstruction 

KNEEguru OHC 201 users Survey 

(Qiu et al., 2011) Multiple Disease Cancer Society 
Cancer Survivors 
Network (CSN) 

468,000 posts from 27,173 users Collaboration 

(Castleton et al., 2011) Multiple Disease NA 500 users Survey 

(X. Tang, Zhang, & Yang, 2012) NA ISI- KDD 2012 
Challenge 

27,968 threads, 129,425 comments 
from 2,803 users 

Collaboration 

(Chuang & Yang, 2012) Alcoholism MedHelp.org 493 forums, 423 journals and 1180 
notes 

Web Crawler 

(Wang et al., 2012) Breast Cancer Breastcancer.org 1.5 million posts Web Crawler 

(M. Wen & Rose, 2012) Breast Cancer Breastcancer.org 10-year data from 31,307 users Web Crawler 

(A. T. Chen, 2012) Multiple Disease DailyStrength 2,852 posts for BC 
2,806 posts for Type 1 Diabetes  
6,100 for Fibromyalgia 

Web Crawler 

(X. Tang & Yang, 2012) Alcoholism 
Smoking Cessation 

MedHelp.org 352 users, 554 threads and 2339 
responses; 
446 users, 737 threads, 5,307 
responses 

Web Crawler 

(Yang et al., 2012) Multiple Disease Medhelp.org NA Web Crawler 

(Lu, 2013) Breast Cancer Komen.org 4,041 posts Web Crawler 

(Lu et al., 2013) Multiple Disease Medhelp.org 96,093 posts from 26,197 users Web Crawler 

(Huh, Yetisgen-Yildiz, & Pratt, 
2013) 

Diabetes WebMD.com 8,239 posts from 2,902 users Web Crawler 

(Y. Zhang, He, & Sang, 2013) Diabetes Facebook 154 posts and 1,198 responses Browsing online 

Table 2 - continued 
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Reference Health Issues Website Participants/Posts Data Collection 

(M. Zhang et al., 2013) Smoking Cessation QuitNET 228 posts and 1,672 comments Web Crawler 

(van der Eijk et al., 2013) Parkinson NA NA NA 

(Loane & D’Alessandro, 2013) Amyotrophic Lateral Sclerosis 
(ALS) 

NA 61 threads and 499 posts from 133 
users 

Browsing online 

(Jiang & Yang, 2013) Multiple Disease MedHelp.org 16,339 threads and 120,393 
messages 

Web Crawler 

(Wentzer & Bygholm, 2013) Multiple Disease Sundhed.dk 4,301 posts from 630 users Browsing online 

(Coulson & Shaw, 2013) NA 24 OHCS 33 OHC moderators Survey 

(Petrovčič & Petrič, 2014) NA 2 OHCs in Slovenia 616 users Survey 

(Patki et al., 2014) Multiple Disease DailyStrength 20,486 comments Web Crawler 

(Ho, O’Connor, & Mulvaney, 
2014) 

Diabetes 18 adolescents� 
Type 1 Diabetes 
OHCs 

NA Browsing online 

(Matzat & Rooks, 2014) Multiple Disease Yahoo! OHC 1,050 users Survey 

(Rupert et al., 2014) Multiple Disease 77 different OHCs 89 users Collaboration 

(K. Zhao, Greer, Yen, Mitra, & 
Portier, 2015) 

Multiple Disease Cancer Society 
Cancer Survivors 
Network (CSN) 

27,173 users Collaboration 

(MacLean, Gupta, Lembke, 
Manning, & Heer, 2015) 

Drug Abuse MedHelp.org 2,848 users Collaboration 

(Goh, Gao, & Agarwal, 2016) Rare Disease NA 638 patients NA 

(Kirk & Milnes, 2016) Cystic Fibrosis A CF charity website 151 threads from 279 participants Browsing online 

(K. Zhao et al., 2016) Smoking Cessation BecomAnEX 1,337 users Collaboration 

(Pearson et al., 2017) Smoking Cessation BecomAnEX Posts between 2008-2015 Collaboration 

Table 2 - continued 



 

14 
 

Community-level Analysis 

Posts, as user-generated content in OHCs, are the most applicable resources to 

help researchers understand OHC users at the community level. Prior studies at the 

community level mainly focused on several aspects: social support analysis, topic of 

discussions, medical information retrieval, and sentiment analysis. 

Social support analysis 

Social support refers to the “exchange of resources between at least two 

individuals perceived by the provider or the recipient to be intended to enhance the well-

being of the recipient” (Shumaker & Brownell, 1984, p.11). Based on the nature of 

exchanged “resources,” community psychology researchers have identified different 

types of social support. For example, House (1981) defined four types of social support: 

emotional, instrumental, informational, and appraisal. Another set of researchers created 

a more fine-grained typology of social support with six categories: material aid, 

behavioral assistance, intimate interaction, guidance, feedback, and positive social 

interactions (Barrera & Ainlay, 1983). 

The literature on social support suggests that OHCs mainly feature four types of 

social support: informational support, emotional support, companionship (a.k.a., network 

support), and instrumental support (Bambina, 2007; Keating, 2013). Informational 

support is the transmission of information, suggestion, or guidance to the community 

users (Krause, 1986). The content of such a post in an OHC is usually related to advice, 

referrals, education, and personal experience with the disease or health problem. Example 

topics include side effects of a drug, ways to deal with a symptom, experience with a 

physician, or medical insurance problems. Emotional support, as its name suggests, 

contains the expression of understanding, encouragement, empathy, affection, affirming, 

validation, sympathy, caring and concern, etc. Companionship, also known as network 

support, consists of chatting, humor, teasing, and discussions of offline activities and 
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daily life that are not necessarily related to one’s health problems. Thus, they are 

sometimes referred to as off-topic discussions. Examples include sharing jokes, birthday 

wishes, holiday plans, or online Scrabble games. Instrumental support, or tangible 

support, refers to offline support activities in the physical world, such as transporting 

others to hospitals and assistance in grocery shopping. 

Social support is frequently offered and received in OHCs, the interacting 

platform for users who have common health concerns. Users connect with one another by 

replying or commenting, thereby forming a social network. According to a conceptual 

model proposed by a book Glanz, Rimer, and Viswanath (2008) in Figure 1, building 

social networks and being involved in different types of social support can directly 

impact the individual’s coping resources and community resources, such as enhancing 

one’s ability to solve problems. Meanwhile, it can impact regularity of an individual’s 

exposure to stress and help the person recovering from the health issues. While people 

may have different reasons to participate in an OHC, obtaining social support is among 

the most important needs (Bouma et al., 2015; E. Kim et al., 2012; Rodgers & Chen, 

2005). Social support can help them adjusting to the stress of living with and fighting 

against their diseases (Dunkel-Schetter, 1984; Qiu et al., 2011; K. Zhao et al., 2014) and 

it is a consistent risk factor for survival (McClellan, Stanwyck, & Anson, 1993). 

Users involved in OHCs designed for different health issues may need different 

types of social support. As mentioned earlier, operators design OHCs for multiple 

diseases, such as acute disease, chronic disease, and health promotion. In OHCs for 

health promotion, such as communities interested in weight loss, informational support is 

more frequently expressed in initial posts of threads or in public channels, while 

emotional support is more popular in comments of threads or in private channels (Chuang 

& Yang, 2012; Mi Zhang & Yang, 2015). By contrast, social support is exchanged 

differently among users suffering from chronic health conditions. For example, 

informational support is emphasized more in a diabetes group (Greene et al., 2011; Y. 
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Zhang et al., 2013), while network support is more frequent in an Amyotrophic Lateral 

Sclerosis OHC, a disease characterized by stiff muscles, resulting in difficulty speaking, 

swallowing, and eventually breathing (Loane & D’Alessandro, 2013). Moreover, the 

geographical locations can also differentiate users in exchanging social support: urban 

users act more as suppliers of social support, while rural participants are recipients (Goh 

et al., 2016). Therefore, social support exchanged in the community depends on the 

nature of both users and OHCs. 

 

Figure 1 The conceptual model for the relationship of social networks and social support 
to health 
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Overall, there is substantial research related to social support and health online. 

The aim of all these past studies is to understand users’ requirements and preferences 

better. If a user were well satisfied by social support in the OHC, there would be a higher 

chance of this user continuously participating and contributing. Therefore, social support 

is also discussed a lot in observing users’ participation in OHCs. For example, previous 

studies showed that OHC users’ activities in receiving different types of social support 

are positively correlated with users’ engagement in OHCs (Wang et al., 2015). I will 

cover more details about this topic in developing research goals of Chapter Five. 

Topics of discussions 

Driven by multiple motivations, users’ posts in OHCs relate to various topics. In 

addition to traditional health information, other content, such as end-of-life content 

(JoAnn Coleman et al., 2005), gratitude, and fundraising (Bender et al., 2011) are also 

discussed in OHCs. Uncovering topics discussed in OHCs assists researchers in 

understanding users’ needs and experiences. One application of such study is building 

recommender system to provide the user who needs help. Some research groups adopted 

rule-based analysis, summarized discussed topics by manual coding, while some others 

clustered topics automatically with the help of machine learning. For example, some 

researchers design topic modeling algorithms to reach higher degrees of accuracy in topic 

detection in OHCs (Huh et al., 2013; Mi Zhang & Yang, 2014). 

Whichever method it takes, the findings of these studies show overlap among 

topics discussed. For example, Pfeil and Zaphiris (2007) manually reviewed 400 

messages from SeniorNet and summarized seven topic categories, namely self-disclosure, 

light support, deep support, community building, medical facts, technical issues, and off 

topic chitchat. A. T. Chen (2012) implemented bisecting k-means to cluster posts from 

DailyStrength and summarized topics such as support, experiential knowledge and 

treatments. In addition, the topic of posts was highly correlated with a user’s health 
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trajectory as well. Patients who were suffering a chronic disease, such as diabetes, 

discussed more emotional-related content; however, the cancer survivors, who were 

threatened by limited survival time, were more eager to find treatment options to extend 

their lives (Lu, 2013; Lu et al., 2013; M. Wen & Rose, 2012). 

Medical information retrieval 

As user-generated content, posts in OHCs are diverse in linguistic styles. 

Compared with narratives offered by professionals, user-generated content contains more 

patient-centered words than medical jargon. Therefore, extracting valuable medical 

information from user-generated content and summarizing linguistic styles of users in 

OHCs are necessary. 

Popular research goals related to medical information retrieval include adverse 

drug reaction detection, drug repositioning, drug-drug interaction detection, and deriving 

user-generated vocabularies (Jiang & Yang, 2013, 2015; Patki et al., 2014; Yang et al., 

2012; M. Zhao & Yang, 2016). According to a research report (Sarker et al., 2015), 

similar methods have also been used in other social media to address alike problems 

(Ginn et al., 2014; O’Connor, Gaynes, Burda, Soh, & Whitlock, 2013). The outcome of 

these studies can provide important medical or other related knowledge and reduce the 

communication gap between consumers and medical professionals. 

Meanwhile, due to a lack of visual and aural cues in OHCs (White & Dorman, 

2001), the words or emoticons users select to express themselves become meaningful and 

informative. For example, words such as “aware,” “know,” and “realize” were discovered 

to be significantly positively associated with the OHC users’ decreasing concerns on the 

disease itself and were helpful in reducing negative emotional feelings (Lieberman, 2007; 

Shaw, Hawkins, McTavish, Pingree, & Gustafson, 2006; Wentzer & Bygholm, 2013). 
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Sentiment analysis and emotional dynamics 

Users in OHCs may show different emotional states. One individual may express 

a positive emotion in talking about an event in one post, and may also interpret negative 

sentiment toward a bad result of a medical test in another. Sentiment analysis and 

emotional dynamics of users in other social media have been widely studied, so many 

mature algorithms for building sentiment classifiers are implemented directly in OHCs’ 

scenarios. However, the health-issue-centered OHCs require minor tweaks on 

implementing these methods, which are summarized from other social media platforms, 

such as methods designed for a movie ranking website specifically. Many factors have 

been discovered particularly impacting a user’s sentiment in OHCs, such as active level 

in the community, age, and stage of disease of the user (Wu & Peng, 2015; S. Zhang, 

Bantum, Owen, & Elhadad, 2014).  Based on these factors, the algorithms designed 

through other research are improved to judge sentiment for posts in OHCs (Ali, 

Schramm, Sokolova, & Inkpen, 2013; Qiu et al., 2011). In addition, users’ emotions may 

also change over time within one thread. For example, the number of others’ replies, the 

subsequent involvement of the thread originator, and the average sentiment of the other 

users all positively contribute to sentiment switching of the originator from negative to 

positive (Bui, Yen, & Honavar, 2015; Qiu et al., 2011; K. Zhao et al., 2014). Sentiment 

analysis in OHCs attracts attentions from many researchers, and the outcome of the 

analysis can be used as critical preparations in solving other research problems.    

Overall, studies on posts analysis at a community level are critical to understand 

users’ general requirements and emotions in OHCs. According to the outcome of the 

studies, operators of the community may have new insights in sustaining a healthy online 

ecosystem.  
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Individual-level Analysis 

Individuals join in OHCs for similar experiences or concerns. Moving from the 

community-level to individual-level service, high-quality social support may enhance a 

user’s ability and encourage the user fighting with health issues. Barak et al. (2008) 

summarized that others influence users in OHCs in a general way rather than presenting 

some specific changes. How can I quantify gain and loss of users from OHCs? Prior 

studies answer this question from the analysis of user role, demographics, social network, 

and user participation. 

User role analysis 

People participate in OHCs in different styles and may play multiple roles in such 

communities. A popular research goal is identifying users’ roles and exploring influential 

factors changing those roles. For example, Faraj, Kudaravalli, and Wasko (2015) 

summarized that not only the sociability and active contribution behavior result in a 

user’s role of leader, but also the structural positioning in the communication network 

matters. Previous research about identifying users’ roles in OHCs was mainly based on 

aggregated data of users’ behaviors, such as the number of log-ins, the number of posts, 

and the number of active days (Jones et al., 2011). However, social network centrality 

metrics are also important, such as in and out degrees (Cobb et al., 2010). While intuitive 

and easy to obtain, these metrics did not reflect what a user has sought from or 

contributed to an OHC. Thus, roles identified based on these metrics can only provide a 

coarse-grained view of a user’s online activities. A more fine-grained view of users’ roles 

would require analyzing the contents of a user’s posts. Prior studies that examined such 

content for user role identifications either depended on manual content analysis of posts, 

or stayed at the lexicon level by counting the appearance of words or phrases (Füller, 

Hutter, Hautz, & Matzler, 2014; Sudau et al., 2014). 
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In addition to exploring how users play different roles in OHCs, some qualitative 

research also suggested that a user’s role may shift over time (Pfeil & Zaphiris, 2007). 

For example, based on manual content analysis, Loane and D’Alessandro (2013) argued 

that many OHC users start as information seekers and some of them could switch to 

support providers after a time. Another study proposed that online community users may 

switch between the roles of reader, contributor, collaborator, and leader, but did not 

provide any empirical evidence (Jennifer Preece & Shneiderman, 2009). 

Demographics analysis 

Detecting demographic similarities and discrepancies of users in OHCs is another 

hot topic attracting researchers’ attention. Monnier, Laken, and Carter (2002) suggested 

that in addition to developing Internet-based health service, fences of ethnicity, age, and 

education level should be addressed as well.  

The demographic information contains many categories, such as gender, age, 

education attainment, and posting frequency. Prior studies found that age, race, education 

level or medical history are all factors associated with users’ health-related Internet use 

(Castleton et al., 2011; Y. Zhang, 2010). Females dominate in publishing question-based 

posts, interaction and communication, whereas males are more active in responding to a 

request, information gathering and entertainment in OHCs (Eichhorn, 2008; Idriss et al., 

2009; Kinnane & Milne, 2010). Users from the same OHC also have demographic 

features in common, such as the average woman who used an OHC for breast cancer was 

46 years old, married, and held a professional occupations (Rodgers & Chen, 2005).  

Most studies in this area collected users’ demographic information through 

surveys or interviews. Because users answered a questionnaire or question by recalling 

their online behaviors, the results of statistical analysis have limitations. For example, 

sometimes respondents hide their thoughts or real behaviors to avoid judgments from 



 

22 
 

others. In addition, expensive manpower and time requirements make it is impossible to 

be used in dealing with large-scale data. 

Network pattern analysis  

Users in OHCs express opinions under threads and discuss interested topics with 

others, forming an online social network. Such connections can be described as a co-

participation network. The links can be either directed, such as A replies to B, or 

undirected, such as both A and B comment under one blog. The size of the network 

grows gradually with more users joining in the OHC, and meanwhile indicating more 

resources are available for the community. 

 A network of OHCs has been described as a “bottom-up” rather than a “top 

down” network, without the structure of “provider as authority” (Lester, Prady, Finegan, 

& Hoch, 2004). The degree distribution of OHC network usually follows a power law 

distribution. In other words, the majority of users in OHCs have a few ties with others, 

while the minority of users are well connected with all others. In addition, an OHC 

network is centralized, in which users prefer to connect with someone sharing similar 

characteristics, such as age and gender, and connections are usually weak ties rather than 

strong ties, which means users communicate on a daily basis but are not necessarily close 

friends (Centola & van de Rijt, 2014; Cobb et al., 2010; K. Wright & Bell, 2003). 

Users are involved in multiple subgroups in one OHC and the network 

neighborhoods of a user can impact his or her behavior to some degree. Users exchange 

different types of support with surrounding neighbors, depending on the nature of the 

network neighbor. For example, posts containing sensitive content were shared merely in 

a patient–patient network, rather than a patient–physician network (Greene et al., 2011). 

Besides, informational support is more frequently delivered from senior OHC members 

to juniors and presented a lower density, while emotional support is exchanged between 

neighbors at the same membership status (H.-J. Chang, 2009; M. Zhang et al., 2013). In 
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addition, the findings of network neighborhood studies can also be used for further 

analyses. For example, researchers have developed approaches to capture influential 

users in the OHC based on analyzing the neighborhood around individuals (J.-H. Tang & 

Yang, 2005; X. Tang & Yang, 2012; K. Zhao et al., 2014). 

User participation analysis 

User participation analysis is another popular research topic related to OHC 

studies. Ten years ago, no negative effects of OHC had been reported, but some 

researchers noticed that high dropout rates occurred (Eysenbach et al., 2004). Users’ 

continued participation in an OHC is not only beneficial to OHC operators but can also 

be therapeutic to users themselves (Idriss et al., 2009). Mo and Coulson (2013) pointed 

out that participating in OHCs could help users gain more information, better understand 

the circumstance they are involved in, and become better able to make the decisions that 

may affect their lives. 

OHCs anticipate more about users’ posting behavior than reading or lurking 

behavior. However, users are usually driven by different motivations to contribute 

actively. For example, indirect social control is found more influential than direct 

rewarding (monetary prize), to spur users’ posting behavior (Matzat & Rooks, 2014). The 

sense of belonging to the community might also be a reason encouraging users’ active 

contributions (Y. Zhang et al., 2013). 

Although people may use OHCs for a wide range of needs, seeking and obtaining 

social support is one of the key benefits of participation in OHCs (E. Kim et al., 2012; 

Rodgers & Chen, 2005). As mentioned earlier, different types of social support can 

impact the users’ participation in the OHC. Receiving emotional support has been found 

to be positively related to users’ long-term participation and activity level (Wang et al., 

2012, 2015). Compared with active contributors, lurkers can also receive support from 

others, but are less satisfied with the social support they receive (Mo & Coulson, 2010; 
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Setoyama et al., 2011). Therefore, understanding users’ participation is valuable for 

sustaining stable OHCs. More discussion about this topic will be provided in Chapter 

Four and Five.  

Overall, this Chapter summarizes prior studies related to OHCs. To understand 

clearly what has been studied in this area, a bipartite network of topics studied and 

methods adopted is shown in Figure 2 . Apparently, machine learning, text mining, and 

manual coding methods are widely used for community-level analysis, while surveys and 

interviews accompanied with statistical analysis are implemented more in individual-

level analysis.  

 

Figure 2 The bipartite network illustrating topics and methods in prior OHC studies  



 

25 
 

CHAPTER THREE 

SOCIAL SUPPORT DETECTION 

Prior studies related to OHCs have covered multiple research topics as mentioned 

above. However, compared with other well-studied social media, such as Twitter or 

Facebook, many pros and cons of engaging in OHCs remain unanswered. Because 

receiving different kinds of social support is the most usual goal of users who involve in 

OHCs, I propose research questions to address the problems from the perspective of 

social support. 

The history of the linkage between social support and health can be traced back to 

1897 (Durkheim, 1897). Cassel (1976) pointed out that social support is an essential 

“protective factor” that decrease one’s vulnerability to the harmful effects coming from 

pressure on health. Several decades later, the emergence of OHCs provides new 

opportunities to study social support at unprecedented scales and granularities on health. 

Traditional studies about offline support communities relied heavily on data collected 

through ethnographical observations, interviews, questionnaires, or surveys (Campbell, 

Phaneuf, & Deane, 2004; Gorlick, Bantum, & Owen, 2014; Hambly, 2011; Lieberman, 

2007; Setoyama et al., 2011). However, research using these data collection methods 

faces three challenges. First, the scale of the data is limited because observations and 

interviews are labor intensive and time consuming. Second, results may be biased due to 

the realities of sampling community members. For example, members who are active in 

or satisfied with their communities may be more likely to respond to questionnaires or 

surveys. Third, survey and interview methods typically have coarse temporal granularity 

and rely on members’ recall of past events and associated feelings. This sometimes 

makes it very difficult accurately to track members’ activities during an extended time in 

the community.  By contrast, OHCs not only enable, but also record asynchronous and 

distributed social interactions among individuals, making the “big data” available for 
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computational analysis (H. Chen, Chiang, & Storey, 2012). Such detailed data from 

users’ online interactions (e.g., the amount, content, and time of interactions) contains 

valuable information on users’ behaviors. Nevertheless, many previous studies about 

social support in OHCs did not take full advantage of the large-scale data and still 

examined a small sample of OHC users’ social support activities. To study social support 

at such a large scale and fine granularity, I need to reveal the nature of social support 

embedded in users’ contributions in an automated way. Hence the first research problem I 

want to address is detecting different types of social support activities from mining large-

scale text data contributed by OHC users. 

Research Goal of this Chapter: Detect the seeking and provision of different types 

of social support from unstructured text of large-scale distributed interactions among 

OHC users. 

Dataset and the Taxonomy of Social Support 

In this research, I used the data from a very popular peer-to-peer OHC for breast 

cancer (https://community.breastcancer.org). I designed a web crawler to collect data 

from its online forum. The dataset consists of all the public posts and user profiling 

information from October 2002 to August 2013. There are more than 2.8 million posts 

(including 107,549 threads) contributed by nearly 50,000 users. Although medical 

science advanced rapidly during this period of time, for example, more and more 

treatment options came out, the 11-year data is an adequate source to understand users’ 

behavior in the context of OHCs. 

Empirical studies suggested that informational support, emotional support, and 

companionship are common in many OHCs, but instrumental support is rare, as such 

support is often limited by geographical proximity (Coulson, Buchanan, & Aubeeluck, 

2007; M. Zhang et al., 2013). In addition, the further exchange and arrangement of 

instrumental support may often occur via private or offline communication channels (e.g., 
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setting a time for grocery shopping via cell phones, giving someone money, and sending 

food). Due to the instrumental support was expected to be uncommon in the Web-based 

context, to simplify the automated social support classification, I did not consider 

instrumental support in this thesis.  

To understand users’ behaviors, it needed to determine whether the post was 

seeking informational support (SIS), providing informational support (PIS), seeking 

emotional support (SES), providing emotional support (PES), or simply about 

companionship (COM). Note that there is no necessity to differentiate the seeking and 

provision of companionship because the nature of companionship is about participation 

and sharing. By getting involved in activities or discussions about companionship 

through posting, one is seeking and providing support at the same time. It is also possible 

that a post could belong to more than one of the five categories above.  Table 3 lists 

example posts for each category and a post that belongs to two categories.
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Social Support  Examples 

Companionship (COM) 

(1) Kelly Have a wonderful time in Florida, enjoy the sun and fun. Heather 
(2) I’m loving her new CD. Didn’t recognize any of the songs at first, but there are a few now that I find myself singing the 
rest of the day. 
(3) This game has the poster making a new 2 word phrase starting with the second word of the last post  Example: Post : 
Hand out  Next poster: Out cast  Next poster: Cast Iron   Next poster: Iron Age  Now let’s  begin the game~   Age Old 

Seeking Informational 
Support (SIS) 

Where do you buy digestive enzymes and what are they called? 

Seeking Emotional 
Support (SES) 

I feel like everyone else’s lives are going forward, they have plans, hopes, aspirations because they feel. I am one of those 
not yet out of the woods. I was also someone who could never get cancer. I was a good person, exercised, ate well. Good 
people don’t get sick. I have taken the step of antidepressants, they mitigate the damage, but do not block the pain or sadness 
I feel. 

Providing Informational 
Support (PIS) 

I had surgery Aug05 for bc recurrance.  B4 surgery I had 33 IMRT rads, prior to that had 4A/C &amp; 4 Taxol.  I had bc in 
2000 &amp; had 37 rads in same general area.  Now, my surgery won’t heal.  Wound doc says there is adema or something 
on my sternum (shown on recent MRI).  My wound has been draining since it broke open in Sept. 

Providing Emotional 
Support (PES) 

Hope you feel better soon, we are here! Prayers Hugs come from Massachusetts APPLE♥. 

Providing Informational 
Support (PIS) & Providing 
Emotional Support (PES) 

 I am also the daughter of a 35 yrs BC survivor. Mom is just now going through some more Cancer - alas - they found it in 
her lung, but it is totally unlikely to be a follow-up of her old BC. I am 45, and was 43 at DX time, my mom was diagnosed at 
38... and I am a BRCA2 carrier. Tina, one day at a time. Maybe you’ll get good news - it is so hard to wait!!! It is also 
important to remember that - whatever it is, it is highly treatable, and that YOU WILL SURVIVE too!!! and life goes on 
after. It will take some time, but it goes on... see my picture? even the hair is back!!! Hugs to all. I am happy you all found 
your way here, it is a great site for exchanging information, learning and finding support. 

Table 3 Example posts for different types of social support 
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Annotations and Features 

Because it is practically impossible to label all OHC posts manually (2.8 million 

posts), I used classification algorithms to decide what kind(s) of social support each post 

contains. To train the classification algorithm, the human annotations have been 

leveraged. I randomly selected 1,333 posts (54 initial posts and 1,279 comments) out of 

the dataset. After training on the definitions and examples of the aforementioned five 

categories of social supports (SIS, PIS, SES, PES, COM), five human annotators were 

asked to read each post and decide whether the post belonged to one or more categories 

of social support.  

To control the quality of human annotations, I also added to the pool 10 posts that 

have been annotated by domain experts. For each post, I only accepted results from 

annotators whose performance on the 10 quality-control posts was among the top three. 

Results from the other two annotators were discarded. Then a majority vote among the 

top three annotators was used to determine whether a post is related to a category of 

social support. Table 4 shows the results of the annotation process. 

 
Social Support Category Number 

Companionship (COM) 435 

Seeking Informational Support (SIS) 96 

Seeking Emotional Support (SES) 22 

Providing Informational Support (PIS) 411 

Providing Emotional Support (PES) 249 

Table 4 The number of posts in each category of  
social support in the annotated dataset 

 

Users in OHCs may have different writing styles or linguistic preferences to 

express themselves. To capture these characteristics, I examined each post and extracted 

various types of features for building the classifier: basic features, lexical features, 

sentiment features, and topic features. Table 5 summarizes these features. Many of the 
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features were picked specifically for classification in this context of OHC. For example, I 

included “whether a post is an initial post” as a feature because many users sought 

support by starting a thread. Inside each post, the existences of URLs and emoticons are 

often related to informational and emotional supports, respectively. Similar to the 

approach used by Wang et al. (2012), I also checked the usage of phrases in the format of 

<you/he/she + MODAL verb > to express possibilities, such as “you should,” and “she 

could.” I considered “he” and “she” in addition to “you,” because family members of 

cancer survivors created some of the posts. To identify the difference between “seeking” 

and “providing” support, I included words related to seeking behavior, such as 

“question,” “wonder,” and “anybody.” The words concerning daily life topics and 

geographical locations were also included to discover COM posts. Meanwhile, I used 

OpinionFinder (Wilson, Wiebe, & Hoffmann, 2005) to find the overall sentiment, as well 

as subjectivity and objectivity of each post.  

In addition to these handpicked or dictionary-based lexicons, I also wanted to 

capture whether the usage of other words and phrases can contribute to the classification. 

Using unigrams and bigrams was too fine-grained and leads to a feature set with very 

high dimension. Thus, I adopted an approach similar to a previous study (Wang et al., 

2012) and applied the topic-modelling technique Latent Dirichlet Allocation (LDA) 

(Blei, Ng, & Jordan, 2003) to the content of all posts and generated 20 topics (top terms 

for LDA topics are shown in Table 6). For each post, LDA gave a topic probability 

distribution, indicating the probability of this post corresponding to each topic. Such a 

distribution was then included in the feature set as well. 
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Group Features 

Basic 
Features 

Whether the post is an initial post in a thread 

Whether the post is a self reply  

Length of the post 

Lexical 
Features 

Whether the post contains URLs (Y or N) 

Whether the post contains emoticon(s) 

Number of numeric numbers 

Number of Pronouns (e.g., they, we, I) 

Whether the post contains the negation word(s) (e.g., not, never, no) 

Whether the post contains name(s) of city, state, country (U.S.A, Canada, etc.) 

Whether the post contains phrases related to possibility (you must, you might, she had 
better, etc.) 

Whether the post contains names of drugs related to breast cancer 
(From http://www.cancer.gov/cancertopics/druginfo/breastcancer) 

Whether the post contains breast cancer terminology 
(From http://www.breastcancer.org/dictionary) 

Whether the post contains verb related to advice (Need, require, recommend, etc.) 

Whether the post contains emotional words (Love, sorry, hope, worry, etc.) 

Whether the post contains words related to seeking behaviours (Anybody, question, 
wonder, etc.) 

Whether the post contains words related to daily life topics (Vacation, joke, run, walk, etc.) 

Sentiment  
Features 

Frequency of words with positive and negative sentiment  

Objectivity and subjectivity scores 

Topic 
Features Topic distributions derived from LDA 

Table 5 Summary of features for the classifier 
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Topic Top 10 terms 

LDA-0 feel, pain, time, back, bad, felt, hurt, hard, normal, ca 

LDA-1 week, wait, surgery, call, rad, back, start, dr, month, time 

LDA-2 make, amp, life, people, thing, time, understand, deal, decision, give 

LDA-3 breast, surgeon, biopsy, node, cancer, mastectomy, mri, lumpectomy, lump, dcis 

LDA-4 cancer, woman, breast, risk, study, patient, treatment, research, cell, recurrence 

LDA-5 year, family, friend, time, husband, live, life, sister, kid, love  

LDA-6 eat, make, water, food, weight, drink, add, lot, diet, good 

LDA-7 hair, back, head, grow, long, lose, start, wear, short, cut 

LDA-8 year, side, tamoxifen, month, problem, effect, start, stop, hot, blood  

LDA-9 god, pray, mom, prayer, love, friend, bless, peace, comfort, daughter 

LDA-10 day, work, today, night, back, home, time, sleep, hour, walk  

LDA-11 chemo, day, treatment, week, start, give, tx, taxol, Herceptin, port  

LDA-12 love, great, dh, weekend, fun, enjoy, nice, hope, today, lol 

LDA-13 good, ve, ll, thing, time, luck, lot, make, ca, feel  

LDA-14 hope, good, hear, great, glad, happy, love, hugs, news, hug  

LDA-15 post, read, find, thread, site, question, info, gt, board, information 

LDA-16 room, watch, house, dog, put, laugh, guy, car, big, clean 

LDA-17 stage, chemo, treatment, scan, year, cancer, bone, test, mets, onc  

LDA-18 insurance, work, care, people, pay, call, medical, health, doctor, make  

LDA-19 surgery, arm, le, ps, side, skin, implant, bra, reconstruction, drain  

Table 6 Top terms for LDA topics 
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Evaluation of the Classifier and Predictions  

Since I considered five categories of social support (SIS, PIS, SES, PES, COM) 

and a post might belong to more than one category, I trained a classifier for each 

category. For the classification of each category of social support, I applied various 

classification algorithms on annotated posts and picked the best-performing one using 10-

fold cross-validation. Because SES posts accounts for only a small proportion of the 

annotated posts (22 out of 1,333), I oversampled positive posts when building the SES 

classifier. Among all the classifiers I tried, AdaBoost, with Naïve Bayesian as the weak 

learner, was chosen to classify COM, PES, PIS, and SIS, while logistic regression was 

the best choice for SES. Overall, the classifiers achieve decent performance with an 

accuracy rate above 0.8 in all five classification tasks (Table 7). 

 
Social 
support 

Results Naïve 
Bayes 

Logistic 
Regression 

SVM 
 

Random 
Forest 

Decision 
Tree 

AdaBoost 

COM 
Accuracy 0.696 0.787 0.783 0.771 0.767 0.804 

AUC 0.839 0.817 0.768 0.848 0.75 0.852 

PES 
Accuracy 0.713 0.830 0.840 0.830 0.81 0.817 

AUC 0.823 0.787 0.681 0.825 0.687 0.817 

PIS 
Accuracy 0.753 0.813 0.823 0.767 0.779 0.801 

AUC 0.824 0.83 0.783 0.837 0.717 0.859 

SES 
Accuracy 0.893 0.901 0.970 0.967 0.963 0.963 

AUC 0.749 0.867 0.656 0.851 0.671 0.668 

SIS 
Accuracy 0.851 0.880 0.943 0.931 0.937 0.914 

AUC 0.893 0.803 0.745 0.86 0.766 0.869 

Table 7 Performance of classification algorithms for the five categories of social support 
 

After applying the best-performing five classifiers on the remaining of the 2.8 

million posts, each post received five labels, each of which indicated whether the post 

belongs to one of the five social support categories. The total numbers of posts in each 

category are listed in Table 8. Intuitively, there are more posts to provide support than to 



 

34 
 

seek support. This is what one would most expect from a popular OHC with a large and 

active user base. About 37% of the posts provide informational support, making it the 

largest group among the five. In other words, providing informational support is the most 

popular activity in the OHC. COM posts constitutes the second largest group, which 

suggests that members of the OHC did form a strong sense of community and discussed 

many issues other than cancer. In addition, 197,956 posts are predicted as PIS and PES at 

the same time, representing the largest group with more than one category of social 

support.  

 
Social support category Total number of posts 

Companionship (COM) 932,538 

Seeking Informational Support (SIS) 284,027 

Seeking Emotional Support (SES) 227,188 

Providing Informational Support (PIS) 1,034,682 

Providing Emotional Support (PES) 497,096 

Table 8 Total numbers of posts in each category of social supports 

Summary 

In this Chapter, with machine learning methods, I was able to detect the seeking 

and provision of different types of social support automatically for 2.8 million posts. 

According to the distribution of social support, it is surprised to notice that 

companionship consists an indispensable part of this OHC. Even if the OHC is designed 

for providing information and support to the users with breast cancer concerns and the 

users may first join for some information, the off-topics are widely discussed in this 

community. Based on the results, I could keep working on the analysis of users’ 

engagement in the OHC from the perspective of social support. 
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CHAPTER FOUR 

USER ROLE DYNAMICS 

As mentioned previously, participating in OHCs could help users gain more 

information, better understand their own circumstance, make decisions that may affect 

their lives, and acquire resources offline (Mo & Coulson, 2013). Despite all the benefits, 

many OHCs are still facing low level of activity from their users. For example, many 

users read lots of others’ posts but never leave replies. Thus, it is important to understand 

the motivation of users’ engagement and contributions in OHCs. Some online 

communities feature mechanisms to explicitly reward users’ participation or 

contributions (e.g., virtual badges or stars), and these online rewards can sometimes have 

monetary implications too. For example, a programmer’s badges on StackOverflow can 

potentially land her or his a well-paid job (Feffer, 2015). When such explicit mechanism 

is missing, which is the case for many OHCs, people’s continued participation is often 

driven by altruism- people’s behaviors to increase the welfare of others (Gintis, Bowles, 

Boyd, & Fehr, 2003). 

In the context of OHCs, altruism can be interpreted as serving the interests of the 

community, such as providing social support to others without explicit rewards, whether 

it is informational support, emotional support or companionship. Users who contribute to 

such “community interests” have been associated with continued participation in online 

communities (Hsu & Lin, 2008; Prasarnphanich & Wagner, 2009; Wasko & Faraj, 2005), 

including OHCs (Oh, 2012). By contrast, some “self-interest” users focus on meeting 

their own needs from the OHC (K. B. Wright, 2015). For example, seeking social support 

is one of the key motivations for users to start using OHCs (E. Kim et al., 2012; Rodgers 

& Chen, 2005). 

Due to users’ different motivations, users may behave in different ways and play 

“community-interest” and “self-interest” roles. It is also worth noting that a user’s 
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altruism in a community could switch between “cooperating” and “self-centered” (Fehr 

& Fischbacher, 2003). In other words, the interest of “community” and “self” can shift 

over time. Thus, it would be interesting to explore if such changes do occur regarding 

users’ roles in an OHC, and if so, what factors drive such changes, because an OHC 

would need more “community-interest” users to sustain the community. 

OHCs are essentially social networks among users, because they interact with 

each other online to seek, receive and provide social support. Social network researchers 

have observed the spread of innovations among individuals connected in a social network 

(Rogers, 1962). This phenomenon is usually referred to as “diffusion”. Projecting it onto 

the social networks among OHC users, would a user’s future role be influenced by roles 

of her or his network neighbors? More specifically, if a user is surrounded by many 

“community-interest” users in the online social network, would that increase the chance 

of the user becoming a “community-interest” user? Conversely, does having more social 

network neighbors who are “self-interest” users lead to a user more likely to become a 

“self-interest” user? I will try to address these questions by examining users’ roles based 

on their social support activities and analyze the role dynamics in inter-user social 

network. The framework is shown in Figure 3 . 

Research Goal of this Chapter: Explore whether users play different roles with 

regards to social support activities. Detect users’ role dynamics in an OHC and capture 

influential factors for such dynamics.  
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Figure 3 Framework of user role dynamics 

 

The Identification of User Roles 

Prior research on users’ roles in OHCs was mainly based on aggregated data of 

users’ behaviors, such as the number of log-ins, the number of posts, and the number of 

active days (Jones et al., 2011), or social network centrality metrics, such as in and out 

degrees (Cobb et al., 2010; K. Zhao et al., 2016). However, these metrics do not reflect 

what a user has sought from or contributed to an OHC. Thus, roles identified based on 

these metrics can only provide a coarse-grained view of a user’s online activities. A more 

fine-grained view of user roles would require analyzing contents of users’ posts. Previous 

studies that examined such content for user role identifications either depended on 
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manual content analysis of posts, which would not scale beyond a few thousand posts, or 

stayed at the lexicon level by counting the appearance of words or phrases (Füller et al., 

2014; Sudau et al., 2014). Fortunately, in Chapter Three, I have already been able to 

overcome the problem and explore social support in each post. The outcome can be used 

in identifying user roles in a fine-grained view in this Chapter.  

After estimating the nature of social support, I built a profile for each user by 

aggregating his or her posts by their social support categories. Each user’s social support 

involvement was represented with a 1×5 a vector. Each element in the vector is the 

percentage of the user’s posts in a social support category. For example, user Mary has 

published 10 posts, with 3 companionship posts, 4 posts providing emotional support, 2 

posts providing informational support, 1 post seeking emotional support, and no posts 

seeking informational support. Then she would have a vector of <0.3, 0.4, 0.2, 0.1, 0>.  

With social support distribution vectors of 47,581 users, I applied the classic K-

means clustering algorithm to divide users into K groups, so that the users with similar 

social support distributions would belong to the same cluster. To find the best grouping 

of users, I tested various K values (from 2 to 20) and clustering results with Davies-

Bouldin Index (DBI) (Davies & Bouldin, 1979). DBI is defined as Equation 1, where 

!"#$%& '"  is the average distance from all the other users in cluster C" to the centroid of 

C", and !"#$)%('", ',)is the distance between centroids of C"and C,. Euclidean distance 

was used for this study. In general, DBI prefers smaller groups, for the value of intra-

cluster distance is lower in the smaller group, and penalizes short inter-cluster distances. 

Therefore, the solution with the lowest DBI provides relative balance of small clusters 

and long distances between every pair of clusters.  

Equation 1: 

!12 =
1
5

678,:":,

;

"<=

!"#$%& '" + !"#$%&(',)
!"#$)%('", ',)
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I summarized the DBIs for different K values in Table 9. K=7 yielded the lowest 

DBI value and hence the best clustering results. Centroids for each of the 7 clusters are 

shown in Table 10.  
 

K DBI K DBI 

2 1.485806117 12 0.932705779 

3 1.183743056 13 0.914857805 

4 1.147831469 14 1.148624229 

5 1.002816698 15 0.94766141 

6 0.962159462 16 0.915504995 

7 0.89111499 17 0.895295641 

8 0.977535018 18 0.907029696 

9 0.960697173 19 0.935044276 

10 0.940555275 20 1.001204328 

11 0.904557568   

Table 9 The DBIs for the K-means clustering with various K values 

 
 

Social 
Support 

All users Cluster 
0 (IP) 

Cluster 
1 (CB) 

Cluster 
2 (AC) 

Cluster 
3 (IS) 

Cluster 
4 (EP) 

Cluster 
5 (IE) 

Cluster 
6 (ES) 

COM 0.1126 0.0042 0.6492 0.1271 0.0154 0.0504 0.0408 0.0404 
PES 0.1178 0.0074 0.0833 0.1511 0.0053 0.6120 0.0315 0.0351 
PIS 0.4422  0.9655 0.1277 0.4762 0.0152 0.2394 0.4369 0.0325 
SES 0.0743 0.0067 0.0349 0.1245 0.0107 0.0481 0.0494 0.5868 
SIS 0.2531 0.0162 0.1049 0.1211 0.9534 0.0501 0.4414 0.3052 

# of users 47,581 6,647 3,923 15,336 3,502 3,994 13,225 954 
% of users  14% 8% 32% 7% 8% 28% 2% 

Table 10 Centroids of user clusters – role of users 

Intentionally or not, OHC users do have different patterns in social support 

activities and play different roles in the community. Some users’ posts focused on one 

major category of social support. For example, Information Providers (IP) published an 

average of 96.55% of their social support posts to provide informational support. 

Similarly, Companionship Builders (CB) had 64.92% of their posts in companionship, 

and Emotional Support Providers (EP) were more interested in providing emotional 
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support. The two smallest clusters are for Informational Support Seekers (IS), and 

Emotional Support Seekers (ES). Meanwhile, the largest cluster of the seven represents 

All-around Contributors (AC) with relatively balanced profiles in each social support 

category. There is also a group of Information Enthusiasts (IE), who focused mainly on 

informational support, both seeking and providing. 

To investigate how users in different groups engaged in the OHC, the 

complementary cumulative distributions are provided in Figure 4 and Figure 5. 

Engagement levels were measured by two metrics: productivity (i.e., a user’s total 

number of posts) and time span of activities (i.e., the number of days between a user’s 

first and last post). Figure 4 compares the distributions of productivity for users in the 7 

clusters. The curves suggest that CB in cluster 1, albeit a small group of users, and AC in 

cluster 2 are the most productive members. By contrast, those who mainly seek support 

(informational or emotional) in clusters 3 and 6 published fewer posts than others. Figure 

5 points to similar conclusions: those in clusters 1 and 2 stayed with the community for 

the longest time, while support seekers in clusters 3 and 6 have relatively short time span 

of activities. Overall, those who are more actively involved in companionship tend to get 

engaged in the community, while those who only seek support are more likely to “churn”. 

Also, EPs in cluster 4 are more engaged than IPs in cluster 0. 
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Figure 4 Complementary cumulative distributions of engagement  
metrics for the users in different clusters (productivity) 

 

Figure 5 Complementary cumulative distributions of engagement  
metrics for the users in different clusters (time span of activities) 
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User Role Transitions 

It’s important to note that users’ roles listed in Table 10 only represent a static 

snapshot of all the users based on users’ aggregated social support activities. In other 

words, each user was assigned to a role based on all his or her social support activities 

from his or her first post to the last, no matter how long the user was active in the OHC. 

As some qualitative literature suggested, a user’s role may shift over time in an OHC 

(Pfeil & Zaphiris, 2007). For example, based on manual content analysis, Loane and 

D’Alessandro (Loane & D’Alessandro, 2013) argued that many OHC users start as 

information seekers and some of them could switch to support providers. Therefore, one 

user may play multiple roles during his or her lifespan in an OHC, which means roles of a 

user can evolve over time. Figure 6 provides one example of such evolution from the 

dataset. Specifically, a user joined in the community in Oct 2011 as an information 

seeker, mainly sought informational support for self interests. After several months of 

participation, the user shifted to a community-interest role: she started to provide 

informational support to others as an information provider. Motivated by more 

community interests, this user finally shifted to a companionship builder, posting off-

topic content related to daily life.  

There is a lack of systematic and large-scale examination of how OHC users’ 

roles evolve over time. In addition, the factors that contribute to such role evolutions are 

not well understood. To capture the dynamics of user roles over time, I need to analyze 

user roles at a temporally more fine-grained level. Therefore, I examined the dynamics of 

user roles on monthly basis and calculated monthly social support profiles for each user. 

For example, if a user were active for only a month in this OHC, the user would have 

only one social support activity profile that represented his or her activities in the five 

social support categories during that month. Another user, who continuously contributed 

to this community for two years, would have 24 such profiles, each one for a month. 
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Figure 6 An example of user-role’s dynamics in the OHC 

 

To identify which role among the seven roles in Table 10 a user played during a 

specific month, I adopted a simple k-Nearest Neighbor (kNN) classification scheme. 

Given a user’s monthly social support profile during a month in which the user was 

active in posting, I compared the monthly profile with the 47,581 aggregated social 

support activity profiles of all users (each profile is for one user, and has been assigned to 

a role in Table 10), and assigned his or her the role in that month based on a majority vote 

among the k nearest aggregated profiles. To check the robustness of the monthly role 

assignment, I varied the value of k from 1 to 10 and the role assignments were very 

consistent--the probability that an assignment changes with a different k value is less than 

1%. Thus, I selected role assignments with k = 10	in subsequent analysis.  
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Among 384,423 monthly social support profiles, users’ monthly roles 

distributions are shown in Table 11. Note that, in addition to the 7 roles in Table 10, some 

monthly social support profiles were labeled as “Lurkers” (LU), which means all 

elements of the user’s social support profile were 0s. A user can become a lurker during a 

month mainly because the user did not post anything in the OHC during that month. It is 

also possible, but less likely, that the user published posts during that month, but these 

posts are not related to social support. 

 
User Role Number of monthly social support activity profiles in the role 

Information Seeker (IS) 9,632 

Information Provider (IP) 26,557 

Emotional Support Seeker (ES) 3,027 

Emotional Support Provider (EP) 19,123 

Community Builder (CB) 36,626 

All-around Contributors (AC) 63,282 

Information Enthusiasts (IE) 31,355 

Lurkers (LU) 194,821 

Total 384,423 

Table 11 The distribution of users’ roles by their numbers of monthly social support activities 
 

Based on users’ roles in each month of their activities in the OHC, the temporal 

trajectory of a user’s roles can be extracted, which shows that users’ roles do evolve over 

time. Figure 7 draws a role transition network of the OHC to depict how users shift from 

one role to another. This weighted and directed network has 10 nodes. Seven of them 

correspond to the seven user roles I listed in Table 10. There is one node for the status of 

LU. I also included two more nodes, Registration (REG) and Churn (CHU), to represent 

the starting and ending points of one’s posting activities in this OHC. Basically, all users 

started from Registration, but might ended at any other node in this graph as time goes 

by. I assumed that a user had left this OHC if the user had no posts during the last 12 

weeks in the dataset. A directed link from node A to node B means that at least one user 
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who played role A (or in status A) in one month switched to role (or status) B in the 

subsequent month. The weight of each link is computed as the probability of transiting 

from one node to another, with the sum of all is proportional to such weights. For 

example, users who acted as IS in this OHC have high probabilities to leave the 

community in the next month. By contrast, an IS was unlikely to become an IE later. 

 

Figure 7 The transition of users’ roles in the OHC 

 

Diffusion of User Role in the OHC 

Diffusion is a common phenomenon in social networks-it describes the spread of 

certain “contagion” from one individual to another via social ties. Prior studies of 

network diffusion have found evidence for the spread of epidemics, innovations, 
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opinions, information, and behaviors in social networks (Leskovec, Backstrom, & 

Kleinberg, 2009; Muchnik, Aral, & Taylor, 2013; Newman, 2002; Rogers, 1962; Valente, 

1996; Watts & Dodds, 2007). The basic idea behind network diffusion is the effect from 

an ego’s social network neighborhood on the ego. In other words, the more an ego’s 

neighbors become “infected” or adopt a “contagion”, the more likely the ego is to adopt 

the “contagion”. For example, a person’s obesity status is positively related to weight 

gain in his or her friends, siblings, spouse and neighbors (Christakis & Fowler, 2007). 

Political self-expression and voting behavior of an individual can be influenced by his or 

her friends or even friends of friends (Bond et al., 2012).  

There could be various reasons for network diffusion. From the perspective of 

economics, network externality may contribute to the diffusion of some products or 

innovations (Shapiro & Varian, 1999), as the benefits of adopting such products or 

innovations increase as more adoptions occur in a potential adopter’s social or business 

network (e.g., the adoption of social networking or messaging apps). From the 

perspective of social behaviors, diffusion can be attributed to homophily (a.k.a., birds of a 

feather) (Centola, 2011; McPherson, Smith-Lovin, & Cook, 2001), social influence (Aral 

& Walker, 2012; Muchnik et al., 2013), or exposure to the same external stimuli 

(Van den Bulte & Lilien, 2001).  

After showing that user roles with regards to social support activities do evolve 

over time, I investigated if user role transitions are influenced by their neighbors 

(connected others) in the social network. The analysis was rooted in users’ motivations to 

participate in an OHC. As mentioned earlier, OHC users’ participation can be driven by 

community-interests and self-interests. Users’ roles based on social support activities can 

map to these motivations. Providing social support is motivated by users’ interest in 

helping the community, so support providers who are active in contributing support to the 

community (IP, EP, AC and CB) are considered as playing community-interest roles. By 

contrast, because seeking support is usually driven by one’s own needs or interests, I 
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assumed support seekers, namely IS and ES, and lurkers (LU) who are inactive in social 

support activities, as self-interest roles. It is worth noting that users who play the role 

“Information Enthusiasts” actively seek and provide informational support at the same 

time. Thus, IE is considered as a hybrid role that combines both community and self-

interests. 

From a social network perspective, I wanted to check if a user’s transitions 

between community-interest roles and self-interest roles are correlated with the roles 

adopted by their current social network neighbors. Specifically, if a user’s role is 

influenced by his or her neighbors, then the more interactions a user had with 

community-interest peers in his or her social network neighbors at month B , the more 

likely the user will play a community-interest role at month B + 1, and vice versa for 

those who play self-interest roles. The logistic regression with fixed effects was used to 

examine the diffusion of user roles in social networks. 

The model studied the transition among 3 types of user roles based on their 

motivations to participate in the OHC: community-interest roles, self-interest roles and 

hybrid roles. I created a social network among users of this OHC based on co-

participation in threaded discussions. Each node in the network represents a user, and 

there is an undirected but weighted tie from user C to user D if they both contributed posts 

(initial posts or comments) to the same threaded discussion. The weight of the tie 

between C and D is the number of times they co-participated in threads. 

For each user, at a particular month t, the dependent variable FGHI",$J= is a 

nominal variable indicating whether user C plays one of the 3 roles at time B + 1. 

Independent variables in the model try to capture the influence from a user’s social 

network neighbors. User C’s role at month t is represented by a probability distribution 

over the three roles K" B = (L",=, L",M, L",N), where L",O	is the probability that user  C’s 

monthly social support profile for month t is classified by the kNN classifier 5 = 10 to 

be role 6. For example, K" B = (0.9,0.1,0) means that among user C’s  10 nearest 
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neighbors at month B, 9 have community-interest roles, 1 has self-interest role, and none 

takes the hybrid role. Then I measured the influence from a user C’s network neighbors on 

C at month B.  2" B as the weighted sum of such probabilities for all of C’s social network 

neighbors: 2" B = R",, ∗ K, B,∈UV  , where NX represents the set of social network 

neighbors for user C. By doing so, those who have stronger ties with a user would be able 

to exert more influence on the user.  

In terms of control variables, I controlled a user’s individual characteristics, 

including his or her current role at month B (i.e., probabilities of his or her playing each of 

3 user roles), the user’s level of online activities (measured by the number of posts from 

the user during month B), and the user’s length of tenure in the OHC. In addition, the 

calendar year and month (Y7BI in Table 12) is also included, which controls the overall 

trend or major events (i.e., external stimuli) in the OHC. For example, COM posts in the 

form of holiday greetings and plans may be more popular in November and December. 

Also, more informational support may appear after a new treatment becomes available. 

Table 12 summarizes variables of the model. 
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Variables Variable Name Notation in Equation 2 Description Data Type 

Dependent Future_Role !"#$%,'() Whether user * plays one of the 3 roles at time t + 1 Nominal 

Independent 

Inf_comm .% /  The weighted influence from a user’s network neighbors at month / 
to be a community-interest user at t + 1 Numerical 

Inf_self .% /  The weighted influence from a user’s network neighbors at month / 
to be a self-interest user at t + 1 Numerical 

Inf_hybrid .% /  The weighted influence from a user’s network neighbors at month / 
to be a hybrid user at t + 1 Numerical 

Control 

current_comm_pr 0122$3/!"#$%,' A user’s probability of having a community-interest role 
(AC+CB+IP+EP) at / Numerical 

current_self_pr 0122$3/!"#$%,' A user’s probability of having a self-interest role (IS+ES) at / Numerical 

current_hybrid_pr 0122$3/!"#$%,' A user’s probability of being a hybrid user (IE) at / Numerical 

num_post 0"3/2"#4%,' The total number of posts a user published during month / Numerical 

tenure 0"3/2"#4%,' The number of months elapsed since the user enrolled in the OHC Numerical 

date 0"3/2"#4%,' Month / Numerical 
Table 12 Description of variables in the logistic regression based on 3 user roles 
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It should be noted that I included all user’s monthly activities except the records 

of a user labeled as LU at month !. Because LU indicated this user had no social support 

activities at month t, which means this user would have no neighbor in the social network 

built based on co-participation in social support activities for that month. In this way, I 

was able to construct a panel data set with 142,053 observations for a total of 18,267 

users, where the longest panel contains 107 time periods (months). 

Equation 2 shows the model I used. Coefficients # estimate the relationship 

between users’ current and future roles; $ estimates the influence from a user’s neighbors 

to his or her future roles. Fixed effects of individual users’ time-invariant attributes, e.g. 

gender, education level and personality, are controlled by %& for a particular user '. I also 

included year and month dummy variables as controls. 

Equation 2: 

()*+&,-./ = %1 + %/ + $3& ! + #4566+7!()*+&,- + 84)7!6)*9&,- + :&,-./ 

 

Results of the regression model are summarized in Table 13. Columns in the table 

represent destinations of user role transitions at time ! + 1, i.e. ()*+&,-./. Coefficients in 

each row indicates the relationship between the independent or control variable and the 

future role of a user. Basically, the results verified that users’ roles are indeed influenced 

by roles of their social network neighbors. Specifically, the influence one received from 

his or her neighborhood is associated with his or her subsequent roles in the OHC. For 

example, the positive and significant coefficient of	$ = 0.12	(A < 0.001) between 

Inf_comm and next_community_role suggests that the more influence a user receives 

from his or her community-interest neighbors, the more likely the user becomes a 

community-interest user in the next month. In other words, if an ego interacted more with 

users who have community-interest roles, the likelihood of this user to adopt community-

interest roles would increase. Similar results can be found for self-interest roles of	($ =
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0.05, A < 0.001)  and hybrid roles $ = 0.19, A < 0.001 .	In sum, users’ role 

dynamics are influenced by the roles of their social network neighbors: having a social 

network neighborhood full of altruistic users increases the chance that a user become 

altruistic, while a user surrounded by self-interest neighbors is more likely to become 

self-interested. 

 
 next_community_role next_self_role next_hybrid_role 

Inf_comm     0.12*** -0.09*** -0.19*** 

Inf_self 0.00 0.05*** -0.00 

Inf_hybrid 0.06*** -0.08*** 0.19*** 

current_comm_pr -0.02 -0.07** 0.25*** 

current_self_pr -0.12** -0.22*** 0.31*** 

num_post 0.30*** -5.54*** -0.46*** 

tenure          0.01 -0.03 0.40*** 

date -0.03*** 0.17*** -0.14* 

N 117559 115106 67118 

BIC 93211.12 76157.66 37353.06 

Table 13 Logistic regression results for the diffusion of 3 user roles 
* p<0.05, ** p<0.01, *** p<0.001 
current_hybrid_pr=1-current_comm_pr-current_self_pr 
Individual user, year and month fixed effects are controlled 

 

Among control variables, meta features and the current role of a user can be 

predictive of users’ subsequent roles. Intuitively, active users, who contributed more 

posts to the OHC, were likely to have community-interest roles (8 = 0.30, A < 0.001), 

instead of self-interest roles (8 = −5.54, A < 0.001) and hybrid roles (8 = −0.46, A <

0.001). However, the effect of users’ current roles is a little bit surprising -- users who 

currently have community-interest roles do not tend to keep their community-interest 

roles (# = −0.02, A > 0.05), neither do users who have self-interest roles (# = −0.22,

A < 0.001). To better understand this, I conducted further analysis. 
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Further Analysis 

The previous model analyzed three types of user roles aggregated based on users’ 

motivations to participate in the OHC. Community-interest roles actually combined 4 

types of user roles, namely AC, CB, IP and EP. Self-interest roles include 3 types-ES, IS, 

and LU. To better understand user role dynamics, I studied the transition among 7 user 

roles I identified earlier in Table 10: AC, CB, IP, EP, IS, ES, and IE. To be consistent 

with the previous model, I also included LU as another destination role only, because 

those who are currently lurkers would have no connected others in the social network. 

I still adopted logistic regression, and used the undirected but weighted co-

participation network I created for the previous model. The difference from the previous 

model is to have 8 user roles, instead of 3. Specifically, for each user, at a particular 

month !, the dependent variable RoleBinaryU,V./ is a binary variable indicating whether 

user ' played one of the 8 roles at time ! + 1. Independent variables in the model are still 

set to capture the influence from a user’s social network neighbors. Different from the 

previous model, user '’s role at month ! is represented by a probability distribution over 7 

roles, A& ! = (6&,/, 	6&,W, 	6&,X, 6&,Y, 6&,Z, 6&,[, 6&,\)�where 6&,] is the probability that user 

'’s monthly social support profile for month t is classified by the kNN classifier ^ = 10 

to be role	m. For example,	A& ! = (0.2, 0.2, 0.1, 0.1, 0.3, 0.1, 0) means that among user 

'’s 10 nearest neighbors for month !, there are 2 AC, 2 CB, 1 IP, 1EP, 3 IS, 1 ES and no 

IE. Similar to the previous model, I measured the influence from user '’s network 

neighbors on i at month t (3& ! ) as the weighted sum of of such probabilities for all of '’s 

social network neighbors: 3& ! = `&,a ∗ Aa !a∈de , where f& represents the set of social 

network neighbors for user '. 

Control variables still include a user’s current role 4566+7!()*+g+4&,- at month !. 

Different from the previous model, this model used vectors with binary elements rather 

than probabilities to represent a user�s current role in this model, so that I could clearly 

capture the transition among roles. For example, a user with a current role vector (0, 0, 0, 



 

53 
 

0, 0, 0, 1) means this user is an IE at month !, and a user with a current role vector (1, 0, 

0, 0, 0, 0, 0) means this user is an AC at month !.  Other control variables are the same as 

the previous model, including a user�s level of online activities (measured by the 

number of posts from the user during month !), a user’s length of tenure in the OHC, and 

date. All the variables are listed in Table 14. 

Equation 3 summarizes the new logistic regression model. $ estimates the 

influence from a user�s neighbors to his or her future roles. Coefficient vector # 

captures the transition patterns from each of the roles to a future user role in 

consideration. Similar to the previous model, I also controlled time-invariant factors (%1) 

and unobserved time-invariant individual effect (%&). 

Equation 3 : 

()*+h'7i6j&,-./ = %1 + %/ + $3& ! + #4566+7!()*+g+4&,- + 84)7!6)*9&,- + :&,-./ 

 

Table 15 shows results of the new model. It turns out, when analyze at a more 

fine-grained level, not all the role transitions are influenced by social network neighbors. 

On one hand, results in the top panel provide evidence for social network influence on the 

transitions to 4 roles: AC $ = 0.51, A < 0.001 , CB $ = 0.57, A < 0.001 , EP 

$ = 0.30, A < 0.001  and IE $ = 0.11, A < 0.001 . For example, the more influence 

a user received from his or her social network neighbors who are All-around 

Contributors, the more likely the user will become an All-around Contributor. On the 

other hand, the other three roles-IP, ES, and IS-do not feature such patterns. For example, 

more interactions with support seekers (IS and ES) does not necessarily mean a user will 

seek more support in the future. 

Coefficients for control variables also revealed some differences compared to the 

previous model based on aggregated user roles. For instance, although active users with 

many posts are still unlikely to have self-interest roles (IS, ES, and LU), their chances of 
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taking specific community-interest roles vary. Active users tend to become AC 

8 = 0.17, A < 0.001  and CB 8 = 0.31, A < 0.001 , but not IP 8 = −1.81, A <

0.001   and EP 8 = −0.24, A < 0.001 . In other words, although AC, CB, IP and EP 

all belong to the same group of community-interest roles because users in these roles are 

motivated by altruism, these roles’ transition dynamics can be different from each other. 

In fact, transition probabilities among all the roles in Figure 7 confirmed that, even 

though AC and CB have high probabilities to stay at their current roles (47.9% and 

42.2% respectively), IP and EP have probabilities of 28.8% and 22.6% respectively to 

switch to LU, one of the self-interest roles. Thus, I conjectured that the different 

dynamics of the four community-interest roles might have contributed to the instability of 

community-interest roles in general.  

Summary 

In this Chapter, I identified users’ roles based on their social support behaviors, 

which is aggregated based on their motivations to participate. I found that user do play 

different roles with regards to social support, and their roles evolve over time. Through 

regression analysis of role evolution, I illustrated that users’ roles are influenced by roles 

of their social network neighbors.  

Like most online communities, OHCs would like to have more users who are 

motivated by the community’s interests and actively contribute to the community. This is 

because having more community-interest users in an OHC means more support and 

benefits for those who are dealing with health problems. Nevertheless, it is difficult to 

control why a user starts his or her participation in an OHC. What I have found suggests 

that although OHC users’ original motivation to get involved may vary, their behaviors 

and roles in social support activities can change over time and be influenced by their 

social network neighbors--more interactions with community-interest users can prompt a 
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user to become a community-interest user. By contrast, users surrounded by self-interest 

users would have high probabilities of becoming a self-interest user in the community. 

The findings make it possible for an OHC to intervene and facilitate a user’s 

evolution to community-interest users by surrounding his or her with other altruistic 

users. For example, the OHC can incorporate a recommender system or search engine 

that prioritize community-interest users and their contributions, so that those who are 

seeking support using the systems would have a higher chance to interact with them and 

take community-interest roles.  
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Variables Variable Name Notation in Equation 3 Description Data Type 

Dependent Future_Role !"#$%&'()*+,-./ Whether user & plays one of the 8 roles at time 0 + 1 Binary 

Independent 

InfAC 3+ 0  The weighted influence from a user’s network neighbors at month 
0	to be a AC at 0 + 1   

Numerical 

InfCB 3+ 0  The weighted influence from a user’s network neighbors at month 
0	to be a CB at 0 + 1   

Numerical 

InfEP 3+ 0  The weighted influence from a user’s network neighbors at month 
0	to be a EP at 0 + 1   

Numerical 

InfES 3+ 0  The weighted influence from a user’s network neighbors at month 
0	to be a ES at 0 + 1   

Numerical 

InfIE 3+ 0  The weighted influence from a user’s network neighbors at month 
0	to be a IE at 0 + 1   

Numerical 

InfIP 3+ 0  The weighted influence from a user’s network neighbors at month 
0	to be a IP at 0 + 1   

Numerical 

InfIS 3+ 0  The weighted influence from a user’s network neighbors at month 
0	to be a IS at 0 + 1   

Numerical 

Control 

currentAC currentRoleVec?,@ Whether the user’s role is All-around Contributor Binary 

currentCB currentRoleVec?,@ Whether the user’s role is Companionship Builder Binary 

currentEP currentRoleVec?,@ Whether the user’s role is Emotional Support Provider Binary 

currentES currentRoleVec?,@ Whether the user’s role is Emotional Support Seeker Binary 

currentIE currentRoleVec?,@ Whether the user’s role is Information Enthusiast Binary 

currentIP currentRoleVec?,@ Whether the user’s role is Information Provider Binary 

currentIS currentRoleVec?,@ Whether the user’s role is Information Seeker Binary 

Table 14 Description of variables for the logistic regression model based on 8 user roles 
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Variables Variable Name Notation in Equation 3 Description Data Type 

 

num_post A"'0)"#B+,- The total number of posts a user published during month 0 Numerical 

tenure A"'0)"#B+,- The number of months elapsed since the user enrolled in the OHC Numerical 

date A"'0)"#B+,- Month 0 Numerical 

Table 14 – continued 
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 AC CB IP EP IS ES IE LU 

InfAC 0.51*** -0.24*** 0.12** 0.09* 0.27*** 0.07 0.07 -0.19*** 

InfCB -0.34*** 0.57*** -0.02 -0.04 -0.16* 0.05 -0.27*** 0.09*** 

InfIP -0.02 -0.08*** 0.04 -0.06 0.01 -0.01 0.08* 0.04* 

InfEP 0.02 0.01 -0.12*** 0.30*** -0.08 0.06 -0.02 -0.04* 

InfIS 0.01 -0.06*** 0.02 -0.02 -0.01 -0.05 0.03 0.04** 

InfES -0.02 0.02 -0.05** 0.00 -0.01 -0.11* -0.03* 0.04** 

InfIE 0.21*** -0.07** 0.13*** -0.12*** -0.14* 0.07 0.11*** -0.04* 

currentAC  -0.40*** 0.60*** 0.06 0.84*** 1.51*** 0.29*** -0.31*** 

currentCB -0.53***  0.34*** -0.05 0.86*** 1.54*** 0.11* -0.11* 

currentIP -0.34*** -0.40***  0.07 0.68*** 1.28*** 0.30*** -0.06 

currentEP -0.32*** -0.25*** 0.43***  0.68*** 1.45*** 0.23*** -0.16*** 

currentIS -0.55*** -0.29*** 0.40*** -0.15  1.40*** 0.30***  

currentES -0.44*** -0.17 0.54*** -0.20 0.99***  0.35*** -0.07 

currentIE -0.08** -0.27*** 0.48*** 0.02 1.13*** 1.75***  -0.19*** 

num_post 0.17*** 0.31*** -1.81*** -0.24*** 1.57*** -1.42*** -0.46*** -5.84*** 

tenure 0.36*** -0.26*** -0.08 -0.24*** -0.17 -0.26 0.37*** 0.02 

date -0.07 0.05 -0.10 -0.01 -0.11 0.32 -0.15* 0.17*** 

N 114241 90516 74650 66812 22738 14824 67118 113956 

BIC 98683.43 68182.37 40881.64 39330.06 9168.78 4619.51 37355.57 72743.14 

Table 15 Logistic regression results for the diffusion of 7 user roles 
* p<0.05, ** p<0.01, *** p<0.001 
Individual user, year and month fixed effects are controlled.
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CHAPTER FIVE 

USERS’ PARTICIPATION AND CHURN PREDICTION 

According to the previous Chapter, user role dynamics in the OHC reveal that the 

motivation of users indeed change over time. Users’ social support behaviors in an OHC 

can be impacted by neighbors in their social network. Due to the variety of their 

motivations in the community, users might engage with different active time span. For 

example, some of them involved for several months to provide social support, while 

some others only show up for several days to seek information and then slip away. This 

Chapter focuses on the analysis of the users’ continuous participation and predicts users’ 

churning behaviors in this OHC. 

Value of Participation Analysis and Churn Prediction 

Like other online communities, OHCs would like to encourage users’ 

participation and prevent users’ churn behaviors (i.e., leaving a community), because 

most online communities, whether they are for profit or not, want to be successful. An 

online community is successful when its members participate actively and develop 

lasting relationships (Kraut et al., 2012; Young, 2013). By contrast, poor participation 

and transient membership can lead to the termination or failure of an online community 

(Iriberri & Leroy, 2009).  

What makes user retention in OHCs different from that in many other services, 

such as banking, gaming, and telecommunication, is that users’ churn is not only harmful 

to the service operator, but may also bring negative impact to individual OHC members. 

This is because a user’s participation in an OHC can be beneficial and therapeutic 

(Bouma et al., 2015; Campbell et al., 2004; Eysenbach et al., 2004; Hoey, Ieropoli, 

White, & Jefford, 2008; Idriss et al., 2009; S. Zhang et al., 2014). Receiving such support 

can empower (Burrows, Nettleton, Pleace, Loader, & Muncer, 2000) and help patients 

adjust to the stress of living with and fighting against their diseases (Dunkel-Schetter, 
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1984; Qiu et al., 2011). The support they received online can also improve their offline 

life and health management (Maloney-Krichmar & Preece, 2005; Yan & Tan, 2014). In 

addition to receiving support from others, staying in an OHC and providing support to 

others can be beneficial to providers as well (Dunkel-Schetter, 1984). There is actually a 

positive relationship between posting frequency and psychosocial well-being (Rodgers & 

Chen, 2005). 

In other words, a user’s continued participation in an OHC can help herself or 

himself as well as others. Admittedly, for some individuals who have received 

satisfactory support from an OHC or recovered from the health problem, leaving the 

OHC may not be a bad thing. However, even though user-generated information about a 

disease will still be available online to new OHC members, most of the psychosocial 

benefits for individual users cannot be achieved if the exodus of experienced users in the 

OHC keeps happening, leaving new members stranded (Rodgers & Chen, 2005). In fact, 

providing assistance for new members from experienced members and reminding 

members to participate continuously are also key factors for the success of online 

communities (Iriberri & Leroy, 2009).  

As social support is a pillar of OHCs, a natural question to ask would be: when it 

comes to users’ participation, are a user’s online activities in various types of social 

support related to his or her participation in an OHC? If so, can I predict whether a user 

will churn from an OHC based on these social support activities? Despite the large 

amount of research on social support in OHCs, few studies have answered this question 

systematically by examining users’ seeking, receiving, and provision of various types of 

social support from large-scale datasets. An explanatory model (Wang et al., 2012) 

suggested that receiving more emotional support is associated with users’ longer stay in 

an OHC. However, the types of social support investigated were limited and only the 

receiving of support was considered, while I mentioned earlier that providing social 

support is also important and beneficial.  
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Theoretical studies regarding online community participation mainly focus on 

motivation, managerial principles, and social attachment. For example, besides altruism, 

researchers also identified other motivations for users’ participation in online 

communities, such as anticipated reciprocity, increased recognition, trust, and sense of 

efficacy (Kollock, 1999; Leimeister, Ebner, & Krcmar, 2005). Principles to manage and 

run sustainable online communities include a clear vision, community leadership, offline 

interactions, moderations, and useful content (J. Chen, Xu, & Whinston, 2011; A. J. Kim, 

2000; Williams & Cothrel, 2000). 

Social attachment theories proposed two reasons people are engaged in their 

communities. First, they are attached to the community as a whole (i.e., social identity), 

or second, they are attached to individuals in the community (i.e., social bond) (Back, 

1951). Participation in identity-based communities are driven by members’ common 

social categories, tasks, or purposes. Thus content useful for encouraging participation is 

often related to such common identity, such as debating policies in political forums, 

reporting and fixing bugs in open-source software development, and discussions about 

information sources in Wikipedia. By contrast, in bond-based communities (e.g., online 

gaming), social and personal interactions as well as personal knowledge of others can 

help to build social bond among members and lead to participation. In other words, users 

participate in these communities because they have social ties with other members. As a 

result, exchange of personal life stories, and even other seemingly off-topic discussions 

can be useful.  

As seeking and obtaining various types of social support is a key reason people 

participate in an OHC (E. Kim et al., 2012), which types of social support are more 

“useful” in keeping users engaged in the community? On one hand, OHCs have often 

been considered as identity-based communities, because all users in an OHC share a 

common identity as survivors or patients of a particular health condition or disease. 

Based on such a common identity, information about the condition or disease will be 
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discussed and exchanged very often. As OHC users often suffer from emotional stress 

because of their common health problems, seeking and providing emotional support can 

also represent activities based on their common identity as survivors or patients. On the 

other hand, the exchange of emotional support and participation in companionship 

support, often in the form of seemingly off-topic discussions, can help OHC users get to 

know each other personally as they share things beyond health and diseases. Such 

interactions at the personal level can establish social bond among community members. 

Therefore, the first research goal of this Chapter tries to connect different types of social 

support with user participation. Figure 8 shows the conceptual framework of this goal. 

 

Figure 8 Conceptual framework of users’ participation analysis 
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In addition to building explanatory models to understand factors related to users’ 

participation, another key to sustain an online community is to predict user churn, so that 

the community can intervene when a user is about to leave the OHC and try to retain him 

or her. Implications for churn prediction are not limited to online communities, but also 

to other online and offline business. In the literature, predictive models for customer 

churn have been developed for telecommunication (Wei & Chiu, 2002), retail (Buckinx 

& Poel, 2005), Internet access service (Huang, Kechadi, & Buckley, 2009), online 

gaming (Kawale, Pal, & Srivastava, 2009), among other sectors. These models have 

leveraged different types of data about customers and the market, including those related 

to money, contracts, demographics, usage, products, complaints, competitions, and social 

networks (Backiel, Baesens, & Claeskens, 2014; Berson, Smith, & Thearling, 1999; X. 

Zhang, Zhu, Xu, & Wan, 2012). Various data mining and machine learning methods have 

been adopted for the prediction, such as decision trees (Bin, Peiji, & Juan, 2007; Xie, Li, 

Ngai, & Ying, 2009), logistic regression (Mozer, Wolniewicz, Grimes, Johnson, & 

Kaushansky, 2000), support vector machines (Coussement & Poel, 2008), and neural 

networks (Tsai & Lu, 2009). 

When it comes to online communities, traditional churn prediction faces 

challenges as well as opportunities. On one hand, many of the features commonly used 

for churn prediction in for-profit business are not available or make no sense. For 

instance, users’ demographic data (e.g., residential address, income and ethnicity) is 

usually unavailable or inaccurate in online communities. Also, because many online 

communities are based on voluntary participation and do not charge any fee, monetary 

and contractual issues become largely irrelevant. On the other hand, online communities 

provide more detailed data about users’ behaviors for predictive analytics (Shmueli & 

Koppius, 2011). While previous churn prediction studies have leveraged structured data 

of users’ activities, few have examined the unstructured content of users’ interactions or 
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contributions. By contrast, in many online communities, including OHCs, large amount 

of such content is publicly available from the Web. Previous research on online social 

networks and social media has suggested that content analysis can be helpful in areas 

such as personalized recommendation (Barbieri, Bonchi, & Manco, 2014), business 

intelligence (Chau & Xu, 2012), community discovery (Sachan, Contractor, Faruquie, & 

Subramaniam, 2012), and influential user identification (K. Zhao et al., 2014). Analyzing 

unstructured text contributed by online community users should provide new insights to 

churn prediction.  

Moreover, many churn predictions for traditional business are limited to snapshot 

data- a model is learned from data for customers, who were active during a specific 

period (i.e., the training period, usually a couple of months to half a year), based on 

which customers churned in the subsequent testing period (often a few months). In other 

words, a model learns whether a customer will churn during the testing period based on 

his or her data in a predetermined training period. For an online community, data for a 

user’s complete “life span” in the community can be available for analysis. Such 

complete data can provide valuable information, because those who churn after the first 

week may behave differently from those who churn after a month. In addition to building 

different models for different training periods, a unified model was also built that takes 

into consideration the length of time a user has been active and predict whether the user 

will churn based on all his or her historical data. Thus, the second research goal is about 

building predictive models using data of users’ social support activities. 

Research Goal of this Chapter: Explore whether users’ activities in seeking, 

providing, and receiving different types of social support are related to their continued 

participation in an OHC. Leverage data about users’ online social support activities to 

predict whether and when a user will churn from an OHC. 
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Analyzing Users’ Continued Participation 

After detecting the nature of social support in each post, I conducted survival 

analysis to study how different types of social support activities are related to users’ 

participation. An individual may enter or exit a community not only based on his or her 

own expectations and behaviors, but also based on the community’s reactions towards 

this individual (Levine & Moreland, 1994). Thus, in addition to users’ own posting 

behaviors, I also examined whether the receiving or exposure to different types of social 

support would impact a user’s participation.  

The survival analysis was based on the Cox Proportional-Hazards Model (Cox, 

1972), which assesses the importance of different independent variables on the “survival 

time” it takes for a specific event to occur. The hazard ℎ" #  represents the events occur 

to individual $ at time # (defined in Equation 4), 

Equation 4: 

ℎ"(#) = ℎ((#) ∗ *+, -.+". + -0+"0 + ⋯+ -2+"2  

where the baseline hazard function	ℎ((#) can be any function of time t as long as 

ℎ((#) > 0. +" and -" represent independent variables and corresponding coefficients. 

Equation 4 can also be formulated as Equation 5, where the ratio of two individuals� 

hazard functions does not depend on time	#. 

Equation 5: 

ℎ" #
ℎ6 #

= *+, -.(+". − +6.) + ⋯+ -2(+"2 − +62)  

 

By using Maximum Likelihood Estimation, - can be estimated with regards to the 

hazard. -2 = 0 would indicate that independent variable	+2 has no association with 

survival time; -2 > 0 means that independent variable +2 induces a higher hazard of 
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event occurring, and vice versa. Correspondingly, *+, -2  is the hazard ratio of 

independent variable	+2. 

Specifically, for the analysis, an “event” refers to a user’s cessation of activities in 

the OHC (i.e., churn from the OHC). A user’s survival time is measured by the difference 

between her last and first posts in the OHC. Similar to a previous study(Wang et al., 

2012), I assumed that a user had churned from this OHC if the user had no post during 

the last 12 weeks in the dataset. For those who were active in the OHC during the last 12 

weeks, their survival time is right-censored because they were still participating in this 

OHC. 

Table 16 summarizes independent variables in the model. They reflect users’ own 

posting behaviors in various social support categories, as well as the amount of social 

support they receive in threaded discussions in direct or indirect ways. A user receives 

support directly when the user initiates a thread to seek support and got support from 

others’ replies to the thread. Meanwhile, social support can also be received indirectly 

when one replied to a thread started by another user, because the user may be exposed to 

support that other users provided to the original poster. In addition to these independent 

variables, I also included three control variables to reflect users’ overall levels of 

activities. 

To ensure the robustness of the results, I ran survival analysis in two experiments. 

The first experiment includes 24,604 users whose time spans of activities in the OHC 

exceeded one week. Values of control and independent variables are collected based on 

their behaviors in seeking, providing, and receiving social support in the first week of 

their participation. The second experiment has similar settings, but focuses more on long-

term users and only included 19,165 users who are with the OHC for more than a month. 

To reduce the impact of multi-collinearity, I calculated the correlation coefficients for 

every pair of variables. I then removed TotalPost and NumThread from the model, as 

both are strongly correlated with the other control variable InitPost (with correlation 
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coefficients greater than 0.8). Thus, the model for survival analysis includes 1 control 

variable and 10 independent variables. 

 
Variables Descriptions 

TotalPost The total number of posts a user has published 

InitPost The total number of threads a user initiated 

NumThread The number of threads a user contributed to (excluding those initiated by the user) 

PES The number of a user’s posts that provided emotional support  

PIS The number of a user’s posts that provided informational support 

SES The number of a user’s posts that sought emotional support 

SIS The number of a user’s posts that sought informational support 

COM The number of a user’s posts that were related to companionship  

RISD Direct informational support received--the number of informational support posts a 
user received after initiating a support-seeking thread. 

RESD Direct emotional support received--the number of emotional support posts a user 
received after initiating a support-seeking thread. 

RISI 
Indirect informational support received--the number of informational support posts a 
user was exposed to in threads that she/he did not initiate but contributed to. 

RESI 
Indirect emotional support received--the number of emotional support posts a user was 
exposed to in threads that she/he did not initiate but contributed to. 

RCOM Companionship received--the number of companionship posts a user was exposed to 
in threads that she/he did not initiate but contributed to. 

Note: for RISI, RESI, and RCOM, I assumed that a user read others’ replies that were posted 
within 7 days before the user’s replies in the same thread. 

Table 16 Control variables (in gray shade) and independent variables in the survival analysis 

 

Table 17 shows the results of the model. Variables with hazard ratios lower than 1 

contribute positively to the “survival” (i.e., continued participation) of users, whereas 

those with hazard ratio higher than 1 are considered “hazardous” to keep users in this 

OHC. Three independent variables have hazard ratios that have high statistical 

significance (p<0.001) and are consistent in the two experiments: the hazard ratios of 

COM in both experiments are lower than 1, meaning that users who post more 

companionship have longer time spans of activities in the OHC. More specifically, a 

hazard ratio of 0.919 for COM in Experiment 2 means that a user’s “survival” rate after 



 

68 
 

one month is 8.1% higher (100% - 91.9%) if his or her number of companionship posts is 

one standard deviation higher than the average. Similarly, those who posted more to 

provide informational support (PIS) tended to stay with the OHC for longer. By contrast, 

those who sought more informational support (SIS) often left the OHC earlier. Other 

variables are either significant in only one experiment (e.g., SES and RISD) or not 

significant in both experiments (e.g., PES). To further check the robustness of the model, 

I also ran the same analysis for two different time periods: Period 1 (Jan 2006 to Jan 

2009), and Period 2 (Feb 2009 to Aug 2013). Period 1 was when the OHC saw significant 

growth in the number of active users, while the OHC’s number of active users stayed 

stable during Period 2. The results are basically consistent with main findings in Table 

17.  
 

Variables Hazard Ratio (Experiment 1) Hazard Ratio (Experiment 2) 

InitPost (Control) 1.098*** 0.995 

PES 1.012 1.000 

PIS 0.966*** 0.948*** 

SES 0.991 0.972* 

SIS 1.034*** 1.050*** 

COM 0.956*** 0.919*** 

RISD 0.974 1.047* 

RESD 1.008 0.997 

RISI 0.992 1.053* 

RESI 0.987 0.964 

RCOM 0.983 0.983 

Table 17 Results from two survival analysis experiments 

 

According to the analysis, the OHC features both social identity-based and social 

bond-based participation. First, informational support is the most popular social support 

being sought and provided. This is common for communities based on common social 

identities, because the large amount of information about a disease and the common 
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identity as patients of the disease are probably why many users come to the OHC in the 

first place. While providing more informational support is positively correlated with 

longer participation, seeking informational support is negatively associated with 

participation and receiving informational support is not a consistently significant factor. 

In other words, those who focus on seeking information may not stay in the long run, 

even after they receive informational support.  

Second, companionship has the strongest correlation with users’ participation. 

Recall that companionship includes discussions of offline events, sharing daily life 

stories, birthday wishes, and playing online games. This is a very interesting finding—

even though this is an OHC about cancer, discussions of non-cancer-related issues is the 

key to keeping users engaged in the community. This highlights the importance of social 

bond-based participation in the OHC, as off-topic discussions in the form of sharing 

personal stories about life or having fun together can strengthen the social bond among 

users more than informational support, which often lacks the personal touch. The role of 

companionship has significant implications for the management of an OHC. Although 

some OHCs may discourage off-topic discussions in order to achieve a “cleaner” 

environment with only relevant content, these discussions turn out to be a good way to 

bond users and keep them engaged, and OHC managers may want to encourage, or even 

initiate, more of these activities. Companionship posts may also be good candidates to be 

included in email reminders or post recommendations, as an intervention to retain users 

and encourage participation. 

Third, although I expected emotional support to be positively related to user 

participation as suggested by Wang et al. (2012), the results are mixed based on whether 

emotional support was being sought, provided, or received. The hazard ratio of SES is 

below 1 in both experiments, and is statistically significant in Experiment 2. This 

contradicts the effect of SIS and suggests that seeking emotional support can be a sign of 

longer participation, especially for those who have been with the OHC for a while. 
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However, providing and receiving emotional support are not significant factors. I suspect 

that a fair amount of emotional support in the OHC can be generic and a mere formality 

(e.g., “I will pray for you”, “Love you and Hug”). Such emotional support can still be 

valuable for those who seek support, but activities in providing and receiving such 

support are not related to users’ continued participation.  

Predicting User Churn 

Knowing that different types of social support activities are related to users’ 

participation in OHCs, the next step is to predict user churn from OHCs by utilizing 

users’ social support activities. As mentioned previously, the traditional method for churn 

prediction is to train a model based on data from a specific period. However, to predict 

user churn at different times, multiple predictive models need to be trained. Thus, one 

unified model is proposed here to predict user churn given the length of time the user has 

been active. In this section, I will describe, evaluate and discuss the predictive models. 

Basic features for predictive models are derived from the 13 independent 

variables I used for survival analysis (see Table 16). Because these features aggregate 

users’ activities during the training period, I also measured how users’ values on the 13 

features vary over time using four types of temporal features. Specifically, for each user, 

I divided the users’ activities measured by each of the 13 basic features into weeks, and 

used four additional metrics to capture how the value of each feature changes over the 

weeks: 

(1) The overall slope of a feature—a positive slope suggests a user’s weekly 

activities was on the rise during the training period, and vice versa;  

(2) The Shannon entropy (Shannon, 1948) of users’ weekly activities, with lower 

entropy indicating more stable activities for the corresponding feature during the training 

period. For instance, if a users’ total number of posts across 4 weeks are 1, 2, 1, and 3 

respectively, the probability of publishing 1 post in a week is ½. The probabilities of 
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publishing 2 posts in a week is ¼, and so is the probability of publishing 3 posts in a 

week. Based on Equation 6, the entropy of total number of posts published would be 

– .
0
∗ log0

.
0
+ .

<
∗ log0

.
<
+ .

<
∗ log0

.
<
= 1.5. However, this metric only considers the 

appearance of different numbers, instead of numeric values of these numbers. For 

instance, another user with 1, 5, 1, and 6 posts in 4 weeks will have the same entropy as 

the previous user with 1, 2, 1, and 3 posts.  

Equation 6: 

@A#BC,D = − , ∗ log , 

(3) The new metric of stability is used to address the problem of Shannon entropy. 

Its calculation is similar to Shannon entropy, as defined in Equation 7, but ,"E	represents 

the proportion of activities from week $	compared to the total activities from all weeks. 

The higher the stability metric is, the more stable a user’s activities over time.  

Equation 7: 

F#GH$I$#D = − ,"E ∗ log ,"E 

To handle cases when all the values are 0 during a time period, I also adopted 

Laplace Smoothing (a.k.a., Add-one Smoothing). The same example for Shannon 

Entropy is used to illustrate how stability is calculated. Note that the total activities are 

1+2+1+3=7.  p′. = (1 + 1)/(7 + 4), p′0 = (2 + 1)/(7 + 4),	p′P = (1 + 1)/(7 +

4),	p′< = (3 + 1)/(7 + 4), and the stability for this user across 4 weeks would be 

– 0
..
∗ log0

0
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..
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P
..
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..
∗ log0

<
..

= 1.936;  

(4) The temporal variation (TV) of features, which extends entropy and stability 

by considering the fluctuation in a temporal sequence of data (K. Zhao & Kumar, 2013). 

For instance, if two users’ values of a feature across 4 weeks are 1,3,1,3 and 1,1,3,3 

respectively, they will share the same Shannon entropy and stability while the second 

user has less fluctuation on this feature. User $’s TV on feature T, is defined in Equation 
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8, where T",V measures user $’s activity (e.g., total number of posts) during time interval #; 

F"	and @" are the starting and ending time of the training period. Basically, TV measures 

the average variation between successive time intervals (e.g., weeks) during a given time 

period (e.g., a month), normalized by the average value across the given time period. The 

higher the value of TV, the more fluctuated a temporal sequence is. 

Equation 8: 

WXY," =

1
@" − F"

T",V − T",VZ.
[\].
V^_\

1
@" − F" + 1

T",V
[\
V^_\

 

In addition to cumulative values for each basic feature during the training period, 

I also conjectured that a user’s intention to churn may be better captured during the last 

week of his or her online activities. Thus I also included values for basic features during 

the last week of the training period, if the training period is longer than one week. Each 

basic feature for the last week also has four corresponding features to reflect its temporal 

patterns (i.e., slope, Shannon entropy, stability, and TV), although the unit of time is day 

instead of week. I also added into the feature set the time difference between a user’s 

registration time and the time of his or her first post, because it may reveal what brought 

the user to the OHC for the first time. A user who is eager to find some information may 

have a low gap between the registration time and the time of first posting.  

A user is said to churn in his or her k-th week if his or her last online activity 

occurred during his or her k-th week in the OHC. Similar to the hazard model, users 

whose last online activities occurred during the last 12 weeks in the dataset are not 

considered as churned. I first built separate classification models for different time 

periods (referred to as time-dependent models). To predict whether a user will churn in 

the k-th week of his or her online activities, I focused on all users that are still active 

before the k-th week and extracted data based on their k weeks of activities. For example, 

the dataset for predicting user churn during the 3rd week contains users who were still 
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active in the OHC before their 3rd week of online activities. Data of their behaviors 

during their first two weeks is collected for training. Users who churn in their 3rd week 

and never came back were labeled as “positive” instances in the dataset.  

I built four models based on four datasets to predict user churn during the 1st 

week, 3rd week, 5th week, and 13th week of users’ online activities. For each dataset, I 

randomly chose half of the users as the training dataset and the rest of them as a hold-out 

testing dataset. I measured the performance of classifiers using various metrics, including 

precision, recall, F1 score and Area under the ROC (AUC).        

After comparing the performance of different classification algorithms (Naïve 

Bayes, logistic regression, and SVM with poly kernel) with 10-fold cross validation on 

the training set, I picked logistic regression as the best performer. For training sets, I 

applied various instances of 10-fold CV and summarized the AUCs of the four time-

dependent models in Table 18 (“T.Dep.” columns). Table 19 lists their performance on 

hold-out testing sets (“T.Dep.” columns). In addition to classification, community 

managers may also want to know the users who are mostly likely to churn. Thus, among 

users in each testing dataset, I also ranked the probability of a user being “positive” (i.e., 

churn), and show recall@K(rec.) and precision@K (pre.)  of the four time-dependent 

models in Table 20. 

 
 Churn@1st wk Churn@3rd wk Churn@5th wk Churn@13th wk 

T.Dep. Unif. T.Dep. Unif. T.Dep. Unif. T.Dep. Unif. 

Mean  0.981 0.972 0.923 0.903 0.912 0.907 0.856 0.922 

Std.D  0.003 0.004 0.023 0.032 0.034 0.033 0.090 0.063 

P-val p<0.001 p<0.05 p>0.05 p<0.01 

Table 18 Comparing AUCs of time-dependent (T.Dep.) and unified (Unif.) models on training 
sets using various instances of 10-fold CV 
The “P-value” row indicates whether the two models’ AUCs are significantly different 
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 Churn@1st wk Churn@3rd wk Churn@5th wk Churn@13th wk 

 T.Dep. Unif. T.Dep. Unif. T.Dep. Unif. T.Dep. Unif. 

Precision 0.948 0.950 0.869 0.872 0.794 0.880 0.578 0.838 

Recall 0.938 0.937 0.592 0.534 0.547 0.511 0.545 0.504 

F1 0.943 0.943 0.704 0.662 0.648 0.647 0.561 0.629 

AUC 0.981 0.972 0.921 0.901 0.913 0.909 0.854 0.929 

Table 19 Comparing the performance of time-dependent and unified models on hold-out testing 
sets (Precision and recall are for the positive class) 

 
 Churn@1st wk Churn@3rd wk Churn@5th wk Churn@13th wk 

 Pre. Rec. Pre. Rec. Pre. Rec. Pre. Rec. 

K=50 0.940 0.004 0.940 0.086 0.940 0.131 0.800 0.325 

K=100 0.940 0.008 0.920 0.168 0.900 0.250 0.650 0.528 

K=200 0.970 0.017 0.905 0.331 0.850 0.472 0.400 0.650 

Testing 
set 

23,581 ins. 
11,360 pos. 

10,549 ins. 
547 pos. 

9,496 ins. 
360 pos. 

7,541 ins. 
123 pos. 

Table 20 Precision@K (pre.) and Recall@K(rec.) of the four time-dependent models on hold-out 
testing sets (for the positive class) 

While each of the four time-dependent models achieves decent performance, 

building a different predictive model for each time period may not an efficient solution. If 

the OHC wants to know who will churn in their 2nd week, another new model is needed. 

Inspired by (Street, Mangasarian, & Wolberg, 1995), I attempted to consolidate all these 

models into one unified model by leveraging a user�s data across his or her complete 

“online life span”. Specifically, in addition to all the features used by time-dependent 

models, I added one feature-time stamp #. An instance in the new dataset will reflect a 

user’s historical activities until #. As the unit of # is the same for all users (a week in the 

experiment), one user can correspond to multiple instances in the dataset. For example, a 

user who churn in his or her 3rd week of activities has three instances in the dataset- one 

instance for his or her activities and features until the end of his or her 1st, 2nd, and 3rd 

week respectively. The first two instances are labeled as “negative” as the user is still 

active during these two weeks, while the third instance is labeled as a “positive” instance 
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because the user churn at his or her 3rd week. In other words, the unified model tries to 

capture the complete life span of a user in the OHC. 

To train the unified model, 24,000 users are randomly selected from 47,581 users 

in the OHC to be included in the training dataset, while others are placed in the hold-out 

testing dataset. It is worth noting that the unified model with time stamps as a feature 

greatly increased the amount of training data, as a loyal user who has been active for a 

long time will have many instances in the dataset. While 24,000 users in the training 

dataset would mean 24,000 instances for a time-dependent model, the unified model uses 

a training dataset with 132,341 instances. I built the training dataset and trained the model 

on a high-performance computing cluster. I also confirmed that instances for the same 

user must belong to the same fold in cross validation. Again, logistic regression has the 

best performance on the training dataset (using 10-fold cross validation). Because the 

dataset for the unified model is organized differently, I cannot directly compare the 

classification performance of the unified model with time-dependent models. Instead, I 

divided instances of the testing set into many subsets based on their values of time stamp 

#, so that each subset includes unique users who are still active until the same week #. 

Then I could apply the learned model to individual users in each subset and compare the 

unified model’s performance with time-dependent models with the same #. In Table 18 

Table 19, the unified model’s classification performance on training and testing sets is 

compared with that of time dependent models. Table 21 lists its recall@K and 

precision@K for four different # values. 

Compared with time-dependent models, the unified model offers comparable 

performance: time-dependent models are slightly better for predictions of short-term 

churns, while the unified model is better at predicting churns of long-term users. 

Specifically, on training sets with 10-fold CV, the unified model trails time-dependent 

models in predictions for the 1st and 3rd weeks, but outperforms time-dependent models 

for in the prediction for the 13th week. The similar results are observed on hold-out 
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testing sets. Time-dependent models for the 1st, 3rd, and 5th week lead in AUC by very 

small margins: 0.009, 0.02, and 0.004 respectively, while the unified model’s AUC is 

higher for the 13th week by 0.075. 

 

 Churn@1st wk Churn@3rd wk Churn@5th wk Churn@13th wk 

 Pre. Rec. Pre. Rec. Pre. Rec. Pre. Rec. 

K=50 0.940 0.004 0.900 0.082 0.900 0.125 0.880 0.358 

K=100 0.940 0.008 0.920 0.168 0.930 0.258 0.740 0.602 

K=200 0.945 0.017 0.910 0.333 0.890 0.494 0.465 0.756 

Testing 
set 

23,581 ins. 
11,360 pos. 

10,549 ins. 
547 pos. 

9,496 ins. 
360 pos. 

7,541 ins. 
123 pos. 

Table 21 Precision@K (pre.) and Recall@K(rec.) of the unified model on hold-out testing sets 
(for the positive class) 

 

When it comes to identifying the users who are most likely to churn, the unified 

model also offers satisfactory performance. Time dependent models perform only slightly 

better for the 1st week, but the unified model catches up quickly: it offers better results 

when K=200 for the 3rd week, and when K=100 and 200 for the 5th week. It then 

dominates time dependent models for all the three K values in the 13th weeks. 

In summary, by incorporating the complete time spans of users’ online activities, 

the unified model can predict churn across different time periods with performance that is 

close to or even better than time-dependent models for each period. The single unified 

model can provide churn prediction for different time periods and is very handy for OHC 

managers. For any user, the model can track data of his or her activities from the user’s 

first day in the OHC to present. Then based on the data and the length of time the user 

has been in the OHC, the model provides OHC managers with a prediction on whether 

the user is about to churn. Besides predicting user churn at the individual level, the 

unified model also makes it easier to plot the hazard curve for users’ participation across 

the community. One can simply apply the trained unified model to a group of users who 
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are still active at a specific time and get the probability of churn for the group. Figure 9 

plots three hazard curves: one based on real data, one based on predictions from time 

dependent models and one based on predictions from the unified model. The horizontal 

axis represents weeks, and the vertical axis refers to the probability of users’ churn at 

specific weeks. It is clear that the hazard curve predicted by the unified model is very 

close to the curve based on the real data. I only showed five data points for time-

dependent models because plotting such a hazard curve using time-dependent models 

requires 13 different models. 

 

Figure 9 Hazard curves for user participation. 
 

To further understand which features are more important for the unified model’s 

predictive power, I ranked the 145 features used in the model using information gain 

(Guyon & Elisseeff, 2003). The top 20 features are listed in Table 22. Among the top 20 
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features for the unified model, 18 of them are features that reflect the temporal dynamics 

in users’ activities, especially the stability during the last week of the training period. 

Intuitively, the correlation analysis between these stability metrics and churn behaviors 

suggests that the more stable a user’s activities are, the less likely a user will churn from 

the OHC. Also, 11 features among the top 20 are made possible only after the 

classification of different types of social support. Overall, this shows that users’ temporal 

changes both in activity volume (e.g., publishing posts and participating in threads), as 

well as their activities in seeking, providing, and receiving different types of social 

support, can greatly enhance churn predictions in OHCs.   

In addition, all the models’ performance deteriorates when the prediction is for 

churn after a longer time of online activities. All models achieve the best AUC for 

predictions at the 1st week and the worst AUC for churn prediction at the 13th week. I 

conjectured that two reasons may have contributed to the decrease: first, the rate of churn 

is much lower when a user has been active for a longer time. Thus the dataset becomes 

much more unbalanced: only 1.7% of users who were active before the 13th week 

churned during the 13th week, compared to 48.2% for churn in the 1st week. Such a 

problem may be ameliorated by carefully handling the unbalanced dataset. Second, the 

churn of a long-term user may be inherently more difficult to predict. Some may pass 

away because of the breast cancer, and some may have become cancer free and left.  
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Rank Feature 

1 Stability of the total number of threads a user initiated during the last week of the training 
period 

2 Stability of the number of threads a user participated in during the last week of the training 
period 

3 Stability of the number SIS a user posted during the last week of the training period 

4 Stability of the number SES a user posted during the last week of the training period 

5 Stability of the total number of posts from a user during the last week of the training period 

6 Stability of the number of PIS a user posted during the last week of the training period 

7 Stability of the number of PES posts a user received directly during the last week of the 
training period 

8 Stability of the number of PES a user posted during the last week of the training period 

9 Stability of the number of COM a user posted during the last week of the training period 

10 Stability of the number of PIS posts a user received directly during the last week of the 
training period 

11 Stability of the number of COM a user was exposed to during the last week of the training 
period 

12 Stability of the number of PES posts a user received indirectly during the last week of the 
training period 

13 Stability of the number of PIS posts a user received indirectly during the last week of the 
training period 

14 Total number of posts from a user during the last week of the training period 

15 The number of threads a user participated in during the last week of the training period 

16 Stability of the number of threads a user participated in across weeks 

17 Stability of the total number of posts from a user across weeks 

18 Entropy of the total number of posts from a user during the last week of the training period 

19 Stability of the number of PIS posts a user received indirectly across weeks 

20 Stability of the total number of threads a user initiated a user across weeks 

Table 22 Top 20 features by information gain for the unified model 
 

Summary 

In this Chapter, I analyzed the impact of seeking, providing and receiving 

different types of social support on users’ continued participation. Getting involved in 

COM posts as an unexpected factor, is positively associated with users’ long term 

engagement. I also developed predictive models to forecast users’ churning behaviors.  
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The outcome of this Chapter should be valuable in improving website design. For 

example, traditionally, an OHC will send reminder emails to a user who has been inactive 

for a while, hoping to raise the user’s interests in coming back. With the help of the churn 

prediction model, an OHC can find at an early stage whether a user is about to leave. 

Then, it can intervene proactively and try to retain the user via email reminders. More 

importantly, instead of including a generic reminder or some random recent posts from 

the community, such emails can be designed based on the results of the survival analysis. 

For example, because companionship is a key predictor of users’ continued participation, 

including some of these companionship posts (e.g., birthday wishes, holiday plans, and 

online scrabble games) in reminder emails may be more effective to keep users engaged 

than having random posts or just informational posts. 
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CHAPTER SIX 

SOCIAL CAPITAL AND USERS’ FUTURE CONTRIBUTIONS 

The success of OHCs depends largely on sustained participation and voluntary 

contributions from users (Burke, Marlow, & Lento, 2009). Therefore, besides predicting 

and preventing user churn from an OHC, it is also important to encourage users to 

contribute more to the community. Motivating user contributions is considered the 

greatest challenge to such virtual communities (Chiu, Hsu, & Wang, 2006). Although 

knowledge sharing in online communities has long been studied (Wasko & Faraj, 2005), 

few have investigated OHCs. Some factors such as trust and shared language are verified 

that impact OHC users’ future contributions in OHCs (J. Zhao, Ha, & Widdows, 2016), 

but few conclusions are summarized based on content analysis. 

According to the findings in Chapter Four, users’ motivations are influenced by 

social network neighbors through social interactions, and the content users create in the 

OHC may be driven by different motivations. Those with community interest in mind 

tend to provide social support to others without explicit rewards. By contrast, “self-

interest” users focus only on meeting their own needs when using the OHC. A user’s 

social network may change the user’s motivation, for example, from community-interest 

users to self-interest users.  From the perspective of knowledge contribution, this means 

social network can influence users’ contributions in different categories, including 

community-interest posts and self-interest posts.  

In the social network of an OHC, through which social support is exchanged, 

users may gain social capital, a special resource within a social network. Social capital is 

a resource within a social network. In general, social capital facilitates people’s access to 

sources of knowledge. Several definitions of social capital have been provided in the 

past, whether from the perspective of social structure (Bourdieu & Wacquant, 1992) or 

from the viewpoint of its function (James Coleman, 1990). Differing perspectives aside, 



 

82 
 

all the definitions agree that social capital is the sum of resources that can create for 

particular individuals or groups a modest advantage in reaching their final goals, so that 

“better connected people enjoy higher returns” (Burt, 2001). In other words, the more 

social capital and relationships one has, the more knowledge can be created or shared in 

one’s social network. In this Chapter I would like to explore social capital factors related 

to OHC users’ community-interest and self-interest contributions. 

Social Capital and Knowledge Contribution 

Social capital can serve as a measure of the quality of a group, which includes the 

rule of law, social integration and trust (Borgatti, Jones, & Everett, 1998). However, in 

this thesis, social capital is considered as the value of an individual’s relationships, as 

connecting with more people can help the individual to access needed resources (James 

Coleman, 1990; Lin, 2001; Putnam, 2001). Prior studies verified that accessing to 

intellectual capital can impact the combination and exchange of knowledge, and further 

influence the dynamics of individuals’ knowledge contributions (Bouty, 2000).  

Therefore, understanding how social capital works is beneficial for the study of 

information flow and users’ behaviors in an OHC. According to Coleman (1988), certain 

kinds of social structure are especially valuable in facilitating social capital in some 

specific forms.  

From a social structure perspective, social capital can be divided into three 

categories: structural social capital, relational social capital and cognitive social capital 

(Nahapiet & Ghoshal, 1998). Structural social capital refers to the connections among 

individuals in social interactions, specifically, who can be connected and how they can be 

connected. By contrast, the relational social capital examines the assets created by 

historical relationships, such as respect, trust and friendship. As for cognitive social 

capital, it describes shared vision, such as shared norms, values, attitudes, and beliefs. 

Earlier studies examined correlations between these three types of social capital and 
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knowledge contribution in different online communities and presented interesting 

findings. For example, Wasko and Faraj (2005) concluded that structural and cognitive 

social capital play vital roles in knowledge contribution, while relational social capital 

holds relatively weak predictive power.  

By contrast, from a network perspective, social capital can be divided into two 

major categories: bridging social capital and bonding social capital. Bridging social 

capital is related to recourses within the network to novel information. Network members 

who can help information spread more quickly and efficiently are the most important 

ones in terms of bridging social capital. These members span multiple clusters and close 

“structural holes” between unconnected groups (Burt, 1995; N. B. Ellison & Vitak, 

2015). By contrast, members with high bonding social capital are close friends or family 

members, derived from an individual’s inner cluster of connections. Prior studies have 

also pointed out that strong and weak ties in the online social network are associated with 

positive bonding and bridging social capitals, respectively (N. Ellison, Lampe, Steinfield, 

& Vitak, 2011). Specifically, weak ties are more valuable for informational benefits, such 

as holding diverse views and accessing new information, while strong ties are generally 

considered as a way of spreading emotional support, especially between family members 

or friends (Burt, 1995; Putnam, 2001).  

Social capital has long been studied to explain knowledge sharing in online 

communities. Some empirical studies show that the benefits of social capital are 

positively correlated to users’ knowledge sharing activities in an online community, 

while the risks of social capital have a negative impact (H. H. Chang & Chuang, 2011; 

Chiu-Ping Hsu, 2015; Sheng & Hartono, 2015). Moreover, because social capital is 

associated with knowledge contribution, it is also a predictor of leadership in online 

communities (Faraj et al., 2015). It is unclear however, whether this will apply to OHCs.  

OHCs’ features make them different from other online communities. First, OHC 

users have no monetary incentives to contribute. Specifically, some online communities 
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feature mechanisms to explicitly reward users’ participation or contributions (e.g., virtual 

badges or stars), and these online rewards can sometimes have monetary implications too. 

For example, a programmer’s badges on StackOverflow can potentially land him or her a 

well-paid job (Feffer, 2015). The community-interest behavior of users in such online 

scenarios can be the outcome of self-interested reasons. By contrast, when such 

incentives are missing in the OHCs, users contribute with considering what they really 

need or be interested in. OHCs are used to share community- and self-interest posts at the 

same time, indicating users’ intention of benefiting others and benefiting themselves, 

respectively. Second, different from other non-monetary online communities, such as 

Wikipedia, contributions in OHCs are also about social support, instead of limiting in 

knowledge. Knowledge contributions may have certain requirements on a user’s inherent 

knowledge level or experience, while the emotional support and companionship can be 

provided by almost everyone in OHCs. Therefore, whether valuable social capitals are 

positive indicators of users’ contributions in OHCs is an interesting question to explore. 

Inspired by frameworks in prior studies, which illustrated how social capital is 

related to users’ knowledge contribution (Chiu-Ping Hsu, 2015; Faraj et al., 2015; Wasko 

& Faraj, 2005), I propose a framework to investigate social capital factors impacting 

users’ future contributions in the OHC as shown in Figure 10. Rather than classifying 

social capital based on the network perspective or the structural perspective mentioned 

above, I included bonding social capital and bridging social capital as two measurements 

of structural social capital. Thus, both the social network and social structure perspectives 

can be covered. 

Research Goal of this Chapter: Explore what types of users’ social capital are 

related to users’ future contributions to an OHC.  
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Figure 10 Framework of social capital study in the OHCs 

Explanatory Model  

In measuring users’ social capital and its impact on their future contributions, I 

adopted the monthly data entries of users as same as Chapter Four. However, I have only 

included in the dataset users whose participation had a life span more than 1 month. 

Among 384,423 data entries in Table 11, 336,842 remained within the dataset. For each 

user, at a particular month #, the dependent variables `CaabCc#c",VZ. and 

F*ITbCc#c",VZ. are two numerical variables indicating the number of the user $’s 

community-interest posts and self-interest posts at time #. The independent variables 

FCd$GIdG,$#GI",V capture the user $’s social capital in the three categories of structural, 

relational and cognitive capital. Specifically, I included both betweenness and closeness 
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to measure the user’s bridging capital and bonding capital in the structural social capital 

category.  

To maintain consistency with the last two Chapters, the co-participation network 

has been used here for calculating variables in the model. Meanwhile, I selected mutual 

responses and shared visions to represent relational and cognitive social capital, based on 

the definitions of those terms. Mutual responses measures instances where A replies to 

B’s thread and B also replies to A’s thread. Shared visions counts similar opinions held 

by two users in one thread. The users who share visions both provide their opinions to a 

subjective initial thread. For example, in Figure 11, where B provides an informational 

support to A’s thread, and D also posts informational support to validate B’s opinion 

(sharing the same polarity), then B and D are classified as users who are sharing a similar 

vision. Although E also provides informational support, the polarity of E’s post is 

opposite to B’s, which means B and C did not share the same vision. In addition, because 

I am measuring the opinions of the users, only PIS are considered here. 

Rather than simply counting the number of mutual responses or vision-shared 

interactions a user had, I captured different dimensions of the variable. I implemented 

RFM model (Fader, Hardie, & Lee, 2005) to measure relational and cognitive social 

capital. RFM analysis has been used to determine the most valuable customer from a pool 

of candidates by examining their recency (i.e. how recently a customer has purchased), 

frequency (i.e. how many items the customer has purchased), and monetary value (i.e.  

how much the customer has spent). For example, to a retailor, customers who purchased 

more recently, more often and spent more are more likely to buy again than the ones who 

did not come for a while, bought infrequently and spent less. The former group of users 

features higher value to the retailor than the latter group.  
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Figure 11 Visualized example of shared visions calculation 

 

Specifically for the OHC, to discover which users have higher social capital, 

without changing the settings of recency and frequency, I tweaked the definition of the 

last dimension, monetary value, to fit the OHC scenario. Since OHCs are non-monetary 

online communities, it is difficult to measure how much benefit a mutual response or 

shared vision can create for a user. Because users’ interactions and connections with 

strangers are formed in the social network, this can help users gain access to more 

resources as well as social support. As a result, the number of connected users created by 

the social capital can be used as a measure of the value of that capital. Therefore, taking 

the example of mutual response for a user during month #, I computed the most recent 

time of a mutual response (recency), the number of mutual interactions the user had 

(frequency), and the number of unique persons with whom the user interacted with 
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(monetary value). Notice that there might be a lot of mutual interactions between two 

users, so “the number of mutual interactions the user had” is always a value not less than 

“the number of unique others the user interacted with”. A similar approach used to 

measure cognitive social capital.  

Control variables included a user’s current contributions at month # (including 

both community-interest posts and self-interest posts), and their active months until 

month #. The active months captures the actual active behavior of a user. For example, if 

Mary was involved in the community from January to May, but only contributed some 

social support in February and March, then the active months of her at May would be 2. 

The variables are summarized in Table 23. 

 
Variables Description Name Type 

Dependent 
number of PIS+PES+COM @ 
month t+1 

D1 Numerical 

number of SIS+SES @ month t+1 D2 Numerical 

Control 

number of PIS+PES+COM @ 
month t 

C1 Numerical 

number of SIS+SES @ month t C2 Numerical 
Active Months C3 Numerical 

Independent 

Structural Social 
Capital 

Betweenness of a user @month t SSCB Numerical 
Closeness of a user @month t SSCC Numerical 

Relational Social 
Capital 

Recency of mutual responses 
@month t 

RSCR Numerical 

Frequency of mutual responses 
@month t 

RSCF Numerical 

Number of users having mutual 
responses @month t 

RSCM Numerical 

Cognitive Social 
Capital 

Recency of shared visions @month t CSCR Numerical 
Frequency of shared visions 
@month t 

CSCF Numerical 

Number of users with shared visions 
@month t 

CSCM Numerical 

Table 23 Variables of the explanatory model 
 

Equation 9 below shows the model I used for this study. Coefficient γ estimates 

the relationship between users’ current and future contributions, and β estimates the 

influence of a user’s social capital on his or her future contributions. Fixed effects of 
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individual users’ time-invariant attributes, e.g. gender, education level and personality, 

are controlled by g" for user $. 

Equation 9: 

 
`CaabCc#c",VZ.
F*ITbCc#c",VZ.

= g(	+	g" + 	-FCd$GIdG,$#GI",V + h
`CaabCc#c",V
F*ITbCc#c",V

+ 	i`CA#BCIc",V 	

+ 	j",VZ. 

 
Variables  C2 SSCB SSCC RSCR RSCF RSCM CSCR CSCF CSCM C3 

C1 0.67 0.45 0.34 0.24 0.27 0.25 0.34 0.36 0.37 0.12 

C2  0.56 0.45 0.34 0.36 0.35 0.47 0.50 0.52 0.09 

SSCB   0.36 0.27 0.28 0.27 0.38 0.37 0.40 0.09 

SSCC    0.22 0.20 0.21 0.48 0.45 0.48 0.23 

RSCR     0.89 0.90 0.24 0.21 0.25 0.09 

RSCF      0.95 0.24 0.21 0.25 0.09 

RSCM       0.24 0.21 0.26 0.10 

CSCR        0.91 0.94 0.11 

CSCF         0.97 0.09 

CSCM          0.11 
Table 24 Pearson correlation of independent variables 

To avoid decreasing the influence of highly scaled data entries, I transformed all 

the variables following power-law distributions to the log scale. To check the multi-

collinearity, a pair-wise person correlation test was conducted among all independent and 

control variables. The outcome (Table 24) shows that, besides internal variables recency, 

frequency and monetary dimensions of mutual responses and shared visions being highly 

correlated to each other, correlations between any two variables are less than 0.67. I 

adopted linear models for the panel data, and ran separated models for each social capital 

group to compare.  
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Preliminary Results 

Figure 12 and Figure 13 shows the results of all the regression models. The x-axis 

represents the estimated coefficients, and the y-axis indicates different variables, 

including control variables (Cont.), structural social capital (S_SC), relational social 

capital (R_SC), and cognitive social capital (C_SC). Only the significant results with p-

value <0.1 are shown in the figures. The coefficients are presented as dots and the 

confidence intervals are shown as whiskers (Kastellec & Leoni, 2007). The outcomes of 

all the models are consistent for either type of dependent variables. However, setting two 

categories of user’s contribution (community-interest posts and self-interest posts) as the 

dependent variables returns altered coefficients in terms of social capitals.  
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Figure 12 Regression results for community-interest contributions 

 

Figure 13 Regression results for self-interest contributions 



 

92 
 

To better understand the differences between models for two dependent variables, 

I summarized the outcome of the two models with combining control and all independent 

variables in Table 25. 

In general, structural and cognitive social capital have similar impacts on a user’s 

future community-interest and self-interest contributions. Relational social capital on the 

other hand, influenced the two categories in different ways. As for control variables, the 

increasing number of current self-interest posts will result in fewer community-interest 

posts published the next month. 

 
Dependent 

Independent + Controls 
Community-interest 

Posts @ t+1 
Self-interest Posts @ 

t+1 
Community-interest Posts @ t 0.739*** 0.017*** 
Self-interest Posts @ t -0.165*** 0.444*** 
Active Months -0.143*** -0.033*** 
Betweenness 0.660*** 1.212*** 
Closeness -0.010*** -0.002*** 
Recency of Mutual Responses 0.170*** 0.016*** 
Frequency of Mutual Responses 0.047 -0.104*** 
Number of users having Mutual Responses -2.137*** 0.374*** 
Recency of Shared Visions 0.060*** 0.005*** 
Frequency of Shared Visions -0.532*** -0.084*** 
Number of users having Shared Visions 0.262*** 0.198*** 

Table 25 Results of the explanatory model 
 

Discussion 

According to the preliminary outcomes of the model, a user’s current interest in 

the community will extend over time and impact the user’s contributions in the following 

month. If the user is currently driven by community interest, the user will contribute in 

both seeking and providing categories, i.e. self-interest posts and community-interest 

posts. On the other hand, if the user focuses solely on his or her own needs, i.e. only 

seeks support for herself, the community-interest posts of the user will decrease in the 

following month (-0.165).  
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In terms of the structural social capital of a user, a positive coefficient of 

betweenness indicates that the more resources a user can access, the more contributions 

the user will make in the following month, whether in terms of community-interest or 

self-interest posts. Unexpectedly, closeness returns the opposite result. The values -0.01 

and -0.002 show the negative effect of the closeness to a user’s future contribution. In 

other words, co-participating behavior itself would not trigger more contributions from a 

user. 

As for relational social capital, the positive value of recency of mutual response 

for both contributing categories suggests that the more recent a user’s last action was, the 

higher the probability of continued contributions from the user in the next month. 

However, the frequency and number of interacting users of mutual responses produced 

different results for the two contributing categories. It seems that the number of mutual 

responses is not a positive indicator of a user’s self-interest contributions, whereas the 

pool of unique users is. In other words, compared to getting a bulk of information from 

just one person, communicating with a larger number of users provides more valuable 

stimulus for a user to seek additional support. 

By contrast, the more unique users with whom one has mutual contact, the lower 

the probability of the user contributing to the community will be (-2.137). However, if 

more others share similar visions with the user, it might trigger more community-interest 

posts (0.262). It is very unlikely that a set of occasional interactions between people will 

be the reason for a user contributing to the community, however, meeting users who 

share similar visions might trigger his or her desire to support others.  

In summary, the social capital of a user may have an impact on the level of his or 

her future contributions in one or more ways. Multiple dimensions of one type of social 

capital have different impacts on a user’s contributions in the following month. The 

preliminary results suggest that having access to more people, especially those who share 

similar visions, is positively related to a user’s contribution in both community-interest 
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and self-interest posts. In addition, users often intend to extend their original motivation 

for involvement, but their active behaviors attenuate over time. 

Summary  

This Chapter shows some preliminary results of the analysis of the relationship 

between a user’s social capital and his or her future contributions in an OHC. The results 

reveal that different forms of social capital can impact a user’s contribution to the 

community in various ways. Even among one category of the social capital, different 

aspects of the same variable may lead to altered results. I have to admit that the results 

are puzzling. The possible reasons include the multi-collinearity of the variables and the 

measurements I selected for the calculation of social capitals. After eliminating these 

puzzles, I will run the model one more time. The next stage of my research will involve 

building a predictive model for forecasting users’ future contributions. My long-term 

research goal is to formulate interventions that will keep high-value users active in the 

OHC. 
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CHAPTER SEVEN 

CONCLUSIONS, LIMITATIONS, AND FUTURE WORK 

Discussions and Conclusions 

After analyzing large-scale data from a real-world OHC with various data 

analytics techniques, including text mining, survival analysis, fixed effects regression, 

and predictive modeling, I can tell a story of why, when, and how users actively 

participate in OHCs from the perspective of online social support.  

First, users engaged in this breast cancer OHC is driven by different motivations, 

and as a result, they behave differently in seeking and providing various types of social 

support. Users motivated by altruism act as community-interest roles and provide social 

support to benefit others and community construction, while the self-interest users focus 

more on social support seeking. Such motivations and behaviors of users can evolve over 

time and be impacted by connected others in the social network. The findings are 

consistent with behavior or innovation diffusion of users in other social networks 

proposed by previous studies (Newman, 2002; Rogers, 1962), and also provide website 

managers suggestions in how to trigger more users’ active community-centered 

behaviors.  

Second, users’ continued engagement in the OHC is related to both social identity 

and social bond (Back, 1951; J. S. Coleman, 1988). Specifically, both providing 

informational support and being involved in companionship posts are positive indicators 

of users’ long-term engagement. Although the OHC is designed for sharing breast cancer 

related topics, the off-topics act an important role to produce cohesions within the 

community. The findings have implications for website operators in making interventions 

to retain OHC users.  

Third, accessing to various social resources can affect users’ contributions in 

different ways. Generally, different current social capital has distinct impacts on users’ 
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community-interest or self-interest contributions in the following month. The findings are 

partly consistent with past studies showing positive correlation between social capital and 

users’ knowledge sharing in online communities (H. H. Chang & Chuang, 2011; Chiu-

Ping Hsu, 2015; Sheng & Hartono, 2015). I also found that even if multiple dimensions 

of one type of social capital a user can acquire may also influence the users’ contribution 

in one or more ways. The outcome is valuable in recommender system design of the 

OHC, such as recommending users who share similar visions to a target user may 

facilitate more community-interest content contributed the target.  

The contributions of the thesis can be summarized from three perspectives:  

(1) From a theoretical perspective, my study is motivated by and supports 

previous conceptual models or social science theories related to human behaviors. For 

example, by showing the connection between various types of social support activities 

and users’ engagement in OHCs, I verified that OHCs combine both identity-based and 

bond-based participation, and social resources can affect a user’s level of contributions to 

OHCs.  In addition, the study finds for the first time that users’ motivation for 

involvement is “contagious”, and spreads through social network ties.  

(2) From a methodological perspective, my research represents the first to 

differentiate the seeking and providing of various social support types from large-scale 

OHC data. Distinguishing the seeking and provisions of social support provides an 

opportunity to better understand the OHC users’ engagement from multiple aspects. 

Meanwhile, these studies based on large-scale data of OHC users’ actual behaviors 

complements studies based on traditional surveys and interviews.  

(3) From a managerial perspective, the outcome of the study can provide OHC 

managers with suggestions on how to motivate user contributions and provide decision 

support that will assist with retaining users through interventions (e.g., information 

recommendation and email reminders). A sustainable and successful OHC will 

eventually be of benefit to those with the health concerns. 
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Limitations 

I also would like to mention some limitations of my study. First, the sampled 

population may produce bias for the outcome of the explanatory model. Specifically, I 

conducted a case study on a breast cancer OHC, which might lead to the findings be 

tempered by the fact that only reflect what happens largely with older and female users in 

an OHC. The generalizability of the findings need to be verified by using the same 

approach on another dataset. As for the user role dynamics, I only examined two-step 

sequences of users’ role transitions, i.e., switching from one role to another, but did not 

address longer sequences of user role evolutions from registration to churn (e.g., 

registration- IS-IP-AC-churn). Analyzing such sequences of consecutive transitions 

would help to reveal the full trajectories of users’ behaviors in an OHC. In terms of users’ 

continued participation analysis, I assumed that a user received indirect support when she 

or he read a thread initiated by another user and other users’ replies to the thread. This 

approach of capturing indirect support received can be inaccurate: on one hand, I might 

underestimate the amount of support because I limited the calculation to threads a user 

replied to. In fact, a user can get indirect support by reading a thread without posting a 

reply. On the other hand, my approach can also overestimate such indirect support, 

because when posting to a long thread, a user may not have time to read all the previous 

replies, even though they were published within 7 days before the user’s reply. This 

limitation can be addressed by analyzing users’ click streams, but such data is not 

available for the public or this thesis. As for the correlation between social capital and 

users’ future contributions. The findings might be influenced by the way I cut off users’ 

profiles. Considering users’ behavior in the OHC is an accumulative process, it seems 

more reasonable to measure aggregated resources a user can access in analyzing users’ 

future contributions rather than only based on monthly data.  
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Future Work 

There are also several other interesting directions for future research. First, 

detecting users’ health status from their posts will be an interesting endeavor, as it not 

only can help understanding why a user becomes involved in an OHC, but also could 

potentially improve the recommendation and retrieval of online information. In addition, 

social support in OHCs can help users adjust to their life and survive, but is this kind of 

contribution only limited in their online performance? In other words, does receiving 

online support impact users’ offline life? How does it influence users’ offline behavior? 

To answer this question, it is hard to capture offline status only based on post and profile 

analysis, additional work such as survey and interview need to be done. Due to 

difficulties in implementing among large number of users, few studies showed the 

influence of online support for offline events. Therefore, associating online data analysis 

and offline behavior would be another interesting topic in the future as well. 

In closing, an important reason for studying OHCs is to create valuable outcomes 

that will enable OHC operators to better design and manage these communities. This will 

mean the OHCs can better serve the users who suffer from their health issues. Although 

this study has answered some questions, there is much more work to be done. I intend to 

continue my research in this area to keep building bridges between information science 

and human beings. 
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