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Chapter 1 

 

Introduction 

 

1.1 Why communities are important 

In 2012, a global survey found that 96 percent of internet users use the internet at least once a day. Of those internet 

users, 90 percent use it to connect with other people, and a majority of users (60 percent) interact with others online 

daily [24]. Online communities emerge from such online connections through things like common interests or 

circumstances. These communities typically form among individuals who are unknown to each other offline. Over 

the past 15 years, online communities have been among the most popular applications on the internet [35]. Usenet, a 

worldwide distributed internet forum, had over 160,000 newsgroups active in 2006, and Yahoo claims to host over a 

million online groups [35], Wikipedia reportedly hosts over 28 million users with around 100,000 participating 

daily
1
, and GitHub, a collaboration platform founded in 2008, has accumulated more than 3.4 million developers 

and 5.9 million repositories as of 2014 with about 10,000 new users and 20,000 new repositories every day
2
.   

There are many definitions of an online community [35, 42, 66], and though there are subtle differences, 

these definitions have a shared core. In this paper I will adopt the common definition of online communities adopted 

by Preece [66] and Kraut and Resnick [35], who state that online communities are “any virtual social space where 

people come together to get and give information or support, to learn or to find company”.  

 People within online communities have a wide range of benefits that are similar to the benefits of offline 

communities. Participants within a community have opportunities for information sharing and learning, for 

companionship, social support, and for entertainment [35, 45, 83]. These benefits even stretch beyond the 

community to benefit others by providing goods like open source software, product reviews, and encyclopedia pages 

[35]. These products benefit from the diversity and range that a community can reach online. As Kraut and Resnick 

[35] argue, the promise of online communities is that they break the barriers of time, space, and scale that limit 

offline interactions. 

Online communities can vary vastly in size, ranging from just a few people to millions of users. These 

communities have changed the way people interact by eliminating boundaries that constrain offline interactions. 

Online communities differ from social networks, as social networks tend to be bound together by pre-established 

interpersonal connections. In contrast, online communities typically connect networks of strangers around a 

common interest, topic, or goal. Online interactions give people access to the knowledge of others whom they would 

not typically encounter offline. Some examples are health communities, like breastcancer.org, providing support for 

those dealing with similar circumstances [35, 83], curation groups on pinterest.com filtering vast ever-growing sets 

of domain-specific information available online [56], GitHub providing a resource sharing platform where people 
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join teams to contribute to building software [20], and intranet enterprise communities allowing communication 

between workgroups [44]. With the rise of social software provided on the web, online communities also provide 

many different tools for collaboration. Historically, communities used simple communication tools such as email or 

Q/A forums [32] but newer social tools such as wikis, file repositories, and blogs have created diverse methods for 

communication and information sharing to occur [43].  

There is extensive research studying various aspects of online communities, including what makes 

communities successful [3, 28, 35, 67] and how communities change over time [5, 14, 28, 35, 37]. Communities 

have also been found to vary in type, from large groups with common interests or practices to smaller task-based 

groups which have a shared goal for a particular project or function[52]. Researchers studying communities have 

defined community types in terms of their social attributes [36], supporting technology [36], relation to physical 

communities [36], functional characteristics[88], members’ needs [38], and sponsoring organizations [16].  Some 

typical types found across multiple contexts are those of Communities of Practice and Teams. Communities of 

Practice are considered groups of people who have a shared interest or practice, where within the community they 

share information and network [52, 88]. Teams are communities that are working on a common goal, project, or 

function [52]. They typically are found to be working toward a well-defined “deliverable”, and are common in 

multiple contexts from enterprise based communities [52] and out in the open internet within Open Source 

Communities like those on GitHub [39]. 

Other studies have examined communities at the user level, specifically the behaviors and formation of 

social roles [11, 42, 48, 62, 92, 94] and user dynamics over time [15, 18, 47, 50, 57, 58, 67, 70]. 

 

1.2 Social Roles in Online Communities 

Online communities are inherently about collaboration and, as such, communities involve social interactions that 

have also been studied in offline settings [86]. One critical characteristic of communities is the concept of social role 

[23]. Online communities were one of the first Web 2.0 applications, where content is generated by users themselves 

leading to a more democratic style of interaction and governance. This is in contrast to a media or news site where 

content is largely crafted by the site owners. And unlike social media applications like Facebook, participants do not 

usually know one another well. This leads to questions about how community leaders incentivize participants to help 

others when they have no strong interpersonal ties to the community. The same issue provokes questions concerning 

the trustworthiness of community contributions: how are participants who do not know each other able to judge the 

reliability of others’ posts? Current community models [28, 67] assume that participants are initially drawn to the 

community by an interest or specific question and that the community provides multiple different roles in an 

ecosystem that supports different levels of participation: from simply reading/lurking, occasional posts, active 

contribution, through to active stewardship of the community. These community models argue that social roles are 

critical in answering these questions about incentives to contribute, information quality, and social norms through 

the conventional behaviors that each role assumes.  
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For instance, a key factor in encouraging people to work together online is trust and empathy. People often 

trust each other because they see similarities between themselves and other people, so they in turn encourage others 

to participate [67]. This is where communities find roles beginning to develop and some researchers label such trust-

enhancing behaviors as signifying a specific role that users adopt within that community, this role is defined as one 

that promotes trust and empathy, with the role labeled as collaborator (users who contribute to discussion, 

cooperation, and working together to create or share information) [67] or motivator (users that keep conversations 

going)[53]. More diverse behaviors occur in long term stewards, who reveal behaviors ranging from offering 

reliable answers to community questions, to more unambiguous leadership roles such as organizing community 

policies.  

A major binary distinction in research on social roles is between member and leaders. Members provide the 

majority of content and interactions within a community, while leaders perform the much needed meta-community 

management such as establishment of community norms and explicit policies [10, 67]. Leaders also facilitate 

coordination among members [59]. Much research has been conducted on the benefits of leadership for a 

community [59], defining key leader behaviors [11, 19, 47, 67, 94], as well as distinguishing leader and member 

behaviors [11, 45]. While there are clear distinctions between members and leaders in both theory [28, 67] and 

observations [11, 45, 59], other work has suggested that the picture is more complex, observing that behaviors can 

be shared between roles [67, 94], with members sometimes enacting leadership behaviors. Certain behaviors that are 

typically associated with leaders, such as offering directive, positive and negative feedback, and person-focused 

leadership styles, have been observed in both leaders and members indicating a presence of non-formal leadership 

[94]. Directive leadership is an act of requesting or pushing forth goals and actions toward members of a community 

and Zhu et al. [94] finds that members exhibit this style of leadership more often than formal leaders. The authors 

found more person-focused styles, which encompass such behaviors as welcoming new members or simply posting 

positive emoticons, to be more formal leadership behaviors.   

While the existence of apparently overlapping behaviors between members and leaders make it seem like a 

difficult problem to distinguish categories of social roles, there are still benefits to having roles being defined and 

labeled as best argued by Gleave et al.[23].  The authors make the argument that discovering social roles benefits 

social science research through: (1) encapsulating the differences in behavioral and influential factors of different 

types of users, (2) showing the alternative actions and imposed social structure between users, and (3) allowing for 

an understanding on an individual’s choice of interaction with others given certain conditions. Social roles have 

been a window for social scientists to study the underlying structure of social interactions. For example, Nolker and 

Zhou  [53] define a user to be a motivator if they perform an action of motivating other users to participate within a 

community. This label identifies a user who exhibits a behavior of interest (keeping a conversation going), and it 

shows that this behavior is not shared across all users thus making it a distinct role observation. With this in mind, I 

am proposing to further study the behaviors, interactions, influences, and changes that individuals of certain social 

roles go through in an online community. As it has already been stated, defining and understanding social roles is 
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key for community functions. It is therefore critical that we examine how roles differ, how they combine and change 

over time, and how they contribute to community success.  
 

1.3 Research Questions 

There are many outstanding questions in online community research at the user level. To study functions and change 

in social roles within communities, there are certain fundamental questions that must first be addressed. To simplify, 

I will begin by exploring two very common and well-studied roles: leaders and members.  

One question is: 

1. Can we reliably distinguish member and leader roles?  

This question builds on prior literature that studies users and their social roles. Of course there are many 

different aspects of community behavior, so the question can be broken down into multiple sub-questions, including: 

 Do members and leaders differ in overall posting behaviors? Do leaders post more overall? 

 Is the content of posts different across members and leaders? Are members more likely to post 

questions and leaders to reply to them? 

 Do members and leaders vary in the community tools they use? Are leaders more likely to create 

wikis and members more likely to use forums? 

 Do members and leaders reference third party content differently?  

 Do members and leaders vary in the social structure that they build for themselves? Are leaders 

more broadly networked across the entire community? 

These questions outline a plan for how the main question can be addressed. Throughout this work I will 

primarily be using the terms roles or social roles in reference to the two main roles of members and leaders. While 

there are many other types of roles defined, in order to make progress in understanding more complex processes of 

network influences and time dynamics, it is necessary to have a strong precise grounding of particular roles. For this 

proposal I will first define and test role metrics and models. Examining simple behaviors such as posting and where 

posting is made mainly reproduces previous work [19], but this ground work will be expanded upon in the later 

questions. Keeping in mind the types of contributions that a user can make, from different social tools [43] to 

referencing content through hyperlinks [56], it will also be important to examine the content of posts[15, 70]. It is 

expected that members will show less overall posting activity [67] and vary in the type of content being contributed, 

for example it is expected that members post more questions and more leadership roles answer questions more often 

[28]. Further exploration in posting behaviors is related to the type of social tool that a user can utilize. As some 

previous research has examined some social tool differences [43], it is yet to be examined how social roles use tools. 

However, it can be expected due to observed and theorized role behaviors that roles will utilize the tool that suits the 

purpose of the role. For example, leaders may be utilizing tools that are focused on community logistics, such as 

wikis, while members will be using more questions and answering tools such as forums.  

Post are not limited to only the text present. Other types of content can exist in the forum as hyperlinks, 

which give a reference to content existing either inside or outside of the community. This is another avenue to 
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explore as linking can be a role specific behavior. For instance, building a community directory can only be useful 

with links involved; therefore links could be highly present within leader contributions. Furthermore there are tool 

effects that need to be taken into account i.e. do roles post links within different tools?  

 Users adopt varying roles [11, 42, 48, 62, 92, 94], and not all role behaviors are exclusive [94]. I will 

therefore explore the extent to which behaviors overlap between roles. It is expected that leaders have more person-

focused  leader styles (such as thanking others for work) as well as have broader social connections within the 

community [53, 67, 94], but members will display more directive leadership than that of formal leaders [94]. 

I will also examine how roles relate to one another. While this is a more complex question and will be dealt 

with in later sections, the groundwork of understanding individual networking behaviors within an online 

community will be addressed. Specifically in the expectation that members  have fewer overall connections within 

the social network [67], but rather may be connected with sub-groups formed within the community[28]. 

Although I will begin by exploring these two very common and well-studied roles, once these roles have 

been examined, I will secondarily explore finer grained role definitions such as readers/lurkers, contributors, 

collaborators, motivators, experts, and social networkers. These more nuanced roles can provide a richer picture of 

different user behavior within a community. These extensions of role types can help extend work that has theorized 

that social roles sometimes share responsibilities leading to considerable overlap between behaviors [53, 67, 94]. 

However, this is only a secondary exploration of other role definitions. It isn’t certain if there are clear metrics or 

methods to identify these types of roles, so it is not a main research goal since future questions are heavily reliant on 

precise role definitions and observations.  

 

2. What is the ecology of social roles?  

Research on social roles has generally focused on individuals and their roles rather than determining the 

ecology of different roles within the community. In other words prior models fail to explore how different roles co-

exist and relate within a community. This second research question addresses whether there are typical 

configurations of roles at a community level. For example we might ask whether communities need a minimum 

number of leaders or whether there is a minimum ratio of leaders to members, as well as examining if there are 

common interaction patterns associated with roles. Relevant sub-questions here are: 

 Are a certain number of leaders or members necessary for a community? 

 Are members and leaders interacting within or between their respective roles? 

 Do community types influence the ecology of social roles? 

 Are leadership styles more interleaved within different types of communities? 

Prior work has observed some aspects of community ecology, mostly noting that community members are more 

prevalent than leaders [52], but observing few cases where leaders are not present to help invigorate community 

behaviors [59]. However, such configuration of member to leader ratios may depend on community type and goals 

[28]. For instance, it can be expected in more team communities that directive leadership is more prominent and 
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necessary in order to accomplish the goal of producing a product, while communities of practice are present with 

higher social or person-based leadership.  

 Some expectations from prior work can be that leaders will be infrequent overall, but a minimum level of 

leader activity is necessary as communities cannot function without leader behaviors [59]. This minimum level of 

leadership activity is expected to serve as a catalyst for the community to be more active, thus increasing the level of 

member posting activity. Furthermore, communities types such as Communities of Practice are expected to have 

large member populations compared to the number of leaders and the leaders will have less influence on the 

members, but smaller Team-based communities will have higher member to leader interactions [52]. 

 An expansion of this question deals with understanding roles and their relation to online community social 

norms. Online community norms are similar to social norms observed in an offline setting. Social norms are 

considered to be a consensus of perceptions and actions within a group setting. Some community norms that have 

been observed are those of community jargon, conventions for content attribution [15], interaction styles 

(paralinguistic cues), and message content [65]. Researchers studying online community norms have found that 

increasing an individual’s social identification with a group does increase their conformity on prevailing attitudes 

and behaviors with that online group [64, 71]. Addressing the question of social roles and community norms is 

complex and the main work of understanding who is enacting norms can be addressed here. Further work into role 

dynamics and community norms will be address later in question 4.  

 

3. Are role behaviors successful?  

This is a key question that is addressed in prior work on role behaviors[45, 66, 70, 83]. Many possible 

measures of community success have been proposed[28, 35, 66] and while this work can and needs to be heavily 

studied further, this proposed work will stick with well documented measures of success. Success is a critical 

question, as it helps determine the effects of the various role, ecology, and behavioral differences that we have 

previously described. Previous work will be examined to elicit known behavioral measures of success obtained from 

scraping online communities. This will be supplemented through community surveys. Questions related to success 

will be: 

 Are social role specific behaviors influential to success? 

 How do community ecologies relate to success? 

 What interactions between roles are needed for a successful community? 

When answering these questions, it will be necessary to examine success in the behaviors which have been 

documented as successful. For this work, success will be presented as the indicated successful behaviors found 

within prior work. As it comes to hypothesizing which role behaviors may be more successful, it is intuitive to think 

leaders will be more influential[11, 28, 59, 67, 94]. However not all leadership styles are expected to be beneficial, 

for example styles such as positive reinforcement and interpersonal social style may predict an increase in user’s 

number of contributions, while negative feedback styles are negatively predictive [94]. In relation to populations, 



Chapter 1: Introduction 
 

 

too many leaders active may actually be a hindrance on certain community types, as work by [45, 52] implies that 

too many leaders led to in-action.  

Final expansions on this work is related to research that has identified key community members through 

observation, in particular key members are defined as those who drive community norms (community jargon or tool 

usage) or promote user activity and conversations [45, 53]. Finally  

 

4. How do roles change over time?  

Research has explored both areas in how communities and user change over time. There are clearly defined 

models of user change [62, 67] but community change models takes into account the dynamics of both the roles and 

the community examining how individuals change according to community overall behaviors defined as community 

norms [15, 70]. The outline plan of this question is rather complex as temporal analysis is adding time which is 

inherently influential to all previously mentioned phenomena. Since many theoretical models of community and user 

change give specific stages to where the progress of change is being made, many of these models are hard to 

operationalize. As proposed by Iriberri and Leroy [28], community lifecycles go through the stages of Inception, 

Creation, Growth, Maturity, and Death. Many of the stages that are contiguous are hard to differentiate from each 

other, such as Creation and Growth, which are both defined by the increase in community membership and the 

creation and use of a common vocabulary. However, the stages that have some distance in time, like those of 

Creation and Maturity, have more distinct behaviors allowing for easier categorization between the two. For 

instance, the Creation stage expects more direct recruitment and cultural formation behaviors (writing of community 

rules and regulations), while the Maturity stages sees more trust and lasting relationships as well as subgroups 

existing. This is also true in user lifecycle models[67], where new members typically contribute very lightly with 

either voting, rating, or simple replies to already existing forums, while leaders enact stronger motivational 

contribution and enforce community rules. When examining temporal effects, this work will remain simple, at first 

examining purely early and late behaviors, and only moving to more precise trend analysis when differences are 

found between beginning and late behaviors. To simplify this it will be addressed as such: 

 Do users typically change as hypothesized in models, particularly in the early and late stages of 

said models [67]? 

 As members become more experienced, do they find themselves stagnate within a role or do they 

continue to gain responsibilities and become more leader-like [47]? 

 As the community ages and leadership and member roles are interchanged between users, is there 

ever a lacking of a role, in particular a lack of leadership, for a community or are roles constantly 

filled when there is a need [28, 67]? 

 Is there a relationship to collective user development over time that shifts the community norms or 

do community norms influence user development and influence whom [15, 28, 42]? 

Previous theoretical work states that members should increase their responsibilities over time, taking over tasks that 

are initially performed by leaders [28, 67]. This shift in responsibilities is considered to be a product of the 
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community becoming more mature [28]. Iriberri and Leroy [28] theorize that the community goes through various 

levels of development, from inception and creation, to maturity and eventually death. They argue that it is the 

creation and maturity stage in which most user change occurs as that is when the highest amount of user activity is 

present. However contrary to some of these models, it has been observed by some studies that members can actually 

deviate from community norms as their stewardship increases within a community [15, 70].  

 It is expected to see that members will increase in responsibilities over time, as theorized by existing 

models [28, 67]. This shift is expected to be seen when examining simple differences in early and late behaviors. It 

is further expected that leaders will change less over time, allowing members to develop leadership skills and 

behave more so as significant influencers in the community [28, 94]. In relation to community ecology, member to 

leader ratios are also expected to change over time corresponding to the early and late levels of the community 

lifecycle as theorized by Iriberri and Leroy [28]. Adding to the complexity as stated before, while members do 

become more active, some their behaviors can diverge from community norms [15, 70], this may indicate users 

becoming experts of their own and less reliant on the community to provide content. However, this needs to be 

considered in caution to those who lead community norms. There is some work on understanding who leads 

community norms [28, 53] as well as who is being influenced by norms [64, 65, 71], allowing for work to be done in 

examining if there are shifts in norm leaders and followers.  

Finally, we need to examine these hypotheses in different community contexts.  I will begin by exploring 

these questions in the context of online enterprise communities. I chose this context first because it is an 

understudied context, as most research has explored communities of practice on the open internet. Second I have a 

dataset which has three significant properties: (1) it has leader and member roles already labeled from participants 

self-declaring their roles, (2) the dataset has hashed identifier information, so that while members are anonymized it 

is still possible to track the same user’s behavior across multiple communities and (3) I have access to subjective 

data from participants about the perceived success of their community.  

While the above questions are important to examine within that single enterprise community context, it is 

important to see whether results generalize outside that domain of study. I will therefore examine a second 

community context: Open Source Online Communities where the goals are similar to enterprise team communities, 

in that communities are commonly formed around teams who have a specific goal in mind or are focused on a 

deliverable, however, they are likely to include fewer communities of practice. I also anticipate being able to 

develop survey instruments to allow me to assess subjective perceptions of success within these communities.  

This work will benefit our understanding of online community behaviors and can utilize this knowledge to 

further develop better community tools in order to accomplish not only community goals, but individuals’ goals. For 

instance, if a particular behavior is present in the community that is known to be of a negative effect to the 

community. Then a leader can be informed in where this is occurring and they can be informed how to deal with 

such interactions.  Another example is in that of a newcomer to a community, suppose they are looking for a 

questioned answered but don’t know how to attract the right people for this question. Community tools can take 

advantage of role labels and inform those who can help where their help is needed.  
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1.4 Challenges 

Some issues with using the enterprise community data set on hand is that it only can look into a specific 

timeframe, roughly 2009 till 2014. This is rather limiting in its sampling, as no further observations can be made if 

need be. This gives a need to find an additional similar sample, which is addressed by the plan discussed above in 

collecting data from open source communities.  

Many of the research questions proposed above are set up in a sequential order, meaning they are 

dependent on the results of the prior question and all are dependent on the ground work of differentiating social roles 

between leaders and members. This is why I am proposing to focus mainly on examining just members and leaders 

and only expanding to other social roles if high precision models are made to detect those given roles. If roles cannot 

be reliably distinguished [13, 67, 87, 94], then it will be difficult to identify the role ecology, role behaviors, and role 

dynamics within a community. This won’t be an issue within the enterprise communities’ data set as that role is 

already defined in the data. However, this may be a challenge when work is being conducted outside of enterprise 

communities. 

 Other common challenges with online community research relate to availability and noise of data. As noted 

by previous work [67] typical users contribute little or nothing at all, leading to a power distribution of very few 

highly contributing users. While this creates an opportunity for identifying significant individuals[53], nevertheless 

general user trends are going to be difficult to discover with low amounts of data available. Having said this, even 

with this skew present in the majority of community contexts, noticeable trends have been found in user behaviors 

[5, 11, 15, 39, 70] as in leadership styles being classified at the individual contribution level [94].  

 Examining individual effects at a community level is difficult as there is a potential of confounding 

variables in a theoretical model. For example, it is hard to say if specifically a leader is influencing members to post 

more often, when it could potentially be the members increase in relationships with the community. Many 

confounding variables can obscure studies as they introduce an unobserved, possibly unexplainable, or even hidden 

truth to understanding the effect of interest. Various empirical methods have been proposed to take into account 

such a possibility [78] and will need to be adopted into this work.  
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Chapter 2  
 

Background and Related Work 

2.1 Distinguishing member and leader roles 

Social roles typically are defined in relational terms; i.e. a role only exists in relation to others who are 

likewise enacting social roles [23]. As we have seen, online communities provide a mechanism allowing different 

modes of participation through different roles. One major distinction in communities which is heavily what my work 

will be focused on is between leaders and members. Members can contribute in many different ways that have 

different effects on the community, the default of which being a single post. Members can also be divided into 

subcategories, such as those discussed above in user lifecycle models: readers, contributors, chatters, collaborators, 

and  motivators [28, 53, 67]. As described in lifecycle models [67], readers, or lurkers, are ‘entry level’ users who 

only consume information, which they find through browsing or searching, only when users begin evaluating or 

creating content through rating, tagging, reviewing, posting, or uploading does the user become a contributor [67]. 

Contributors are simply distinguished from other roles by users contributing content to the community and the 

content is not focused on a social aspect such as networking, encouraging behaviors from other users, or creating 

social policies and norms. Chatters is sub area of contributor but they are identified through conversation patterns 

that are not community supportive [53] such as the behaviors mentioned above that influence other users, but these 

conversations can be seen as social networking behaviors which build up relationships. Collaborators and motivators 

are much more prevalent roles when it comes to social relationships [67]. Collaborators do develop relationships 

just as chatters, however collaborators do more by working together with others and even set goals, while motivators 

encourage conversation [53]. Figure 1 shows a separation between a Motivator and a Chatter as proposed by Nolker 

and Zhou [53]. 

 
Figure 1. Attributes and Measures of Motivators and Chatters 
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Within figure 1, we can see that Motivators and Chatters are differentiated through various metrics such as 

behavioral and structural network measures like closeness, which is a measure of the average distance to all other 

members within a social network [84], indicating that Motivators interact with many users as opposed to Chatters 

which are frequently interacting with only a few select individuals [53].  

Figure 2 shows the expected evolution that a user would undertake through such roles, chatter and 

motivator are not included as they are defined separately, but are subcategories of contributor and collaborator 

respectively. The arrows show that users are not confined to roles and can move back and forth between them. An 

example by Preece and Shneiderman (2009) brings up how some users may be a collaborator for a small instance by 

working with another user to create content (such as building a wiki) and then move back to being simply a 

contributor. These distinctive behaviors can assist in creating a user profile, in which can help in understanding the 

community ecology of roles through examining how many roles exist and are taken up by users.   

 
Figure 2. User Role Lifecycle Model, Preece and Shneiderman [67].  

 Not all roles are predefined by theoretical models. Previous work by Welser et al. [87] examined 

Wikipedia communities finding which were common behaviors across users and then defined these behaviors to a 

high level categorization, i.e. they labeled each behavior as a social role. Roles they found were not too different 

from theorized roles. Four main roles were found: Substantive experts, Technical editors, Counter vandalism, and 

Social networkers. Substantive experts are similar to experience contributors, in that they contribute by providing 

substantive content to the community. Technical editors are those that find small errors such as spelling, grammar, 

hyperlink format, or out of date facts. These editors are contributing in small but necessary aspects in the 

community, which these behaviors are described in the model proposed by Preece and Shneiderman [67] as being 

acts of contribution that users can conduct to start their role as a contributor. Counter vandalism is a more specific 

role to that of Wikipedia as they find vandalized articles, correct them, and sanction vandals, but these are not 

different from leadership behaviors like enforcing community norms and policies. Lastly social networkers are very 
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much like collaborators and motivators in that they are building ties with other users through channels other than 

typical content creation.  

 Welser et al. further examined how each role varies in the social network they surround themselves within 

the community. Figure 3 shows the results found by Welser et al. indicating that each role has a specific 

configuration in how they fit into the network. The most noticeable differences are that of social networks and 

substantive experts. Social networks keep to their group of friends and talk with one another while experts show 

large communities that develop relationships with fellow experts and outsiders of that interconnected subgroup.  

 
Figure 3. Egocentric network graphs found by Welser et al.[87] 

These role definitions show that although there are specific behaviors to community domains, overall a universally 

defined model of social roles may be obtainable.  

2.1.1 Leaders and their typical behaviors.  

Leaders are more formally defined as the key role that promotes participation, mentoring, and setting and enforcing 

norms and policies [67, 94]. Previous work has identified a range of leadership behaviors: Transactional, Aversive, 

Directive, and Person-based leadership [94]. Table 1 shows these leadership styles as categorized by a machine 

learning model built by Zhu et al. [94]. Transactional leadership is when the interaction between the leader and 

member is considered a transaction or exchange, where the leader is providing a praise or reward for the member, 

“Great job, thanks for the work!” and in some cases even withhold from punishment. Aversive leadership is in 

contrast to transactional; instead the leader uses intimidation and reprimands to decrease undesired behaviors from 

targets (“If you continue in this manner you will be blocked”). Directive leadership involves the issuing of 

instructions and commands for members specifying their responsibilities (“Please finish this task as soon as 

possible”). Directive leaders can also be involved with the assignment of goals for members. Person-based leaders 

are defined by placing emphasis on the member being a person and forming a personal relationship with that 
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member. Person-based leadership works through encouragement, inspiration, intellectual stimulation and 

empowering, where the leaders focus on developing self-management skills of the member and team work. 

 
Table 1.Sample messages from Zhu et al. [94] studying Wikipedia editors and  

their corresponding machine learning categories and leadership types 

These defining characteristic of a leadership style give grounding for a leadership profile opposite to a member 

profile. Such a foundation grants the ability to define various actions of leaders and members allowing for stronger 

models of roles and their measurable influences on communities.  

2.1.2 More complex models of leaders.  

Pluempavarn et al. [62] showed that formal roles of members and leaders vary across community contexts, while 

Zhu et al. [94] and  D’Innocenzo et al. [17] suggested a shared leadership framework in which there are less 

formally descriptive roles but responsibilities and behaviors to explain leadership in online communities. The shared 

leadership framework [17, 94] better explains the existence of members being collaborators and motivators who are 

sharing the responsibilities of promoting participation and mentoring typically associated with leaders. It is at this 

level that social roles are assumed to have the highest responsibilities that are affecting communities and create a 

complex social ecology[23]. These subcategories remain to be fully understood in their effect on communities.  

Other work has examined different ways in which leaders presence influence a community. Panteli [59] 

examined four different forms of presence a leader can enact. The four types of presence are interactive (the extent 
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of leader interactions with their followers in terms of frequency and responding in an engaging manner), instructive 

(leaders taking on a more formal role such as a moderator), stimulating (leaders exerting an inspiring influence on 

members), and silent (leader is made available to members, but are not expected to interact with members on a 

frequent basis) as shown in Table 2.  

 
Table 2. Summary of Findings by Panteli [59] 

While the first three categories are not different from previously defined leadership behaviors, the fourth category, 

silent presence, is a unique influence. This presence was identified by Panteli [59] through the decrease in posting 

behaviors by leaders, however the limited number of posts that are made attracted high attention from members. 

This decrease in leader posting behaviors was found to be related to higher member interactions, indicating that the 

leader is allowing for more member interactions by interfering less. However, it is necessary for the leader to show 

that they are still involved, allowing members to believe that leaders are still actively reading the content being 

produced.  
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All these complex role behaviors need a framing to how they interact with the community as a whole. If 

this work sticks to the similar research approach of only identifying role behaviors, then it won't be able to answer 

fully how role interactions and populations influence community success.  

 

2.2 Ecology of social roles 

 Addressing the larger concern of role interaction will need the perspective of examining the community as 

an ecosystem of social roles. Social role ecologies involve the balance and interaction of roles within a population 

[23] and previous work has examined multiple communities as an ecosystem being a collection of communities 

sharing a topic within a technology platform or organization [95]. An ecological perspective gives a missing 

influence factor that lifecycles only assume and state to its simplest form (typically defining only dyad 

relationships), but there are much more complex relationships that can exist within a community.  

One form of ecological perspective can be based on organization ecological research [95] which is more 

community centric. Organization ecology research creates two ecosystem mechanisms: competition and 

complementary. Competition is where organizations compete with others in the same ecosystem for common 

resources as well as the intensity of competition through how similar the resource requirements are. 

Complementarity describes the benefits organizations get from the existence of competitors, i.e. more competitors of 

a business within a given location cause more customers to gather in one area. An ecological perspective can be 

obtained and is already being addressed with structural network methods [5, 33, 37, 50, 60, 70]. 

 Some work has been accomplished on understanding population dynamics within Open Source Online 

Communities. Loyola and Ko [39] adapted biological models called Lotka-Volterra models, which are used for 

describing host-parasite interactions, to use in understanding how the population of contributors within a GitHub 

community evolve. They find this adaptation was able to explicitly providing a method of understanding population 

dynamics within a community over time. Other studies have been conducted on understanding the linguistic ecology 

of online gaming communities [77] and exploring the information structures of hyperlinks and how community 

ecologies are organized [21]. 

2.2.1 Role Interactions 

As social roles are defined in relational terms, many roles cannot exist without the presence of other roles. Using an 

example from Gleave et al. [23], in a support group “question people provide the base material that stimulates 

answer people to generate replies”. Within online communities these interactions can be measured by the influence 

one role has over another. Using the example above, a definition of a question person is discovered by their 

influence within a community, i.e. do they answer questions? Finding influential users is a common research topic 

[13, 53, 59, 92, 94] and such methods to find influential users are to examine conversations between users [3, 59, 

94], social network methods identifying central nodes within a network [13, 37, 53, 92], and examining difference 

between the user behaviors and community norms [15, 70].  
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 Work in role interactions take two different approaches, either they examine the user-community 

interaction [3, 12, 15, 60, 70] or focus on smaller dyadic interactions between two users [14, 92]. Both approaches 

are essential to fully understanding interactions taking place within an online community. Community effects can 

take place by an aggregation or accumulation of common feedback that one can receive from the contributions they 

make, as found by Cheng et al.[12] where community negative feedback for a user promotes the user to produce 

more content but that content is actually of lower quality. Structural methods, models using a social network 

perspective and measures of individuals relationships, influences, and position with the network, have been used to 

study influences on users’ joining, relationship forming, and communication behaviors [5, 33, 37, 60]. Further work 

shows how either structural features within a social network predict how likely a user is to conform to community 

norms [92] or linguistic deviations from community linguistic norms can predict lower levels of user participation 

[15] or even predict the user to leave a community [70]. Individual effects are just as important as shown by Zhao et 

al.[93], finding conversation sentiment can identify influential users which conduct successful behaviors like 

community building and information retrieval. The work discussed previously by Zhu et al.[94] further shows the 

influence of individuals by examining which leadership styles promotes contributions within Wikipedia 

communities.  

 Role interactions are a key part of social role research, as social roles are defined by their interactions with 

others. This proposed work will use previous methods to examine social role influence and ecosystems to further 

expand on the understanding of role dynamics.  
 

2.3 Online Community Success 

2.3.1 Success: Definitions and approaches.  

Much of the prior work on online communities relates the phenomena of interest to either improved or declining 

community quality. Typically this is referred to as online community success. There are varying degrees to which 

online community success has been defined, from counting simple activities such as posts, voting, and editing [3, 

12, 28, 66] to satisfying users intentions for joining a community or user retention [3, 12, 28, 66]. While there is 

agreement that some simple quantified metrics such as volume of messages posted indicate a more success online 

community, they have been criticized to be ignoring the content, quality, and community response that may be 

taking place [28, 45] for example, some messages may be considered spam or negative feedback. More precise 

measures targeting user perceptions such as sociability measure of member satisfaction, reciprocity, and 

trustworthiness can be seen to account for what is lacking [28, 45, 66].  

2.3.2 Perspectives on Success.  

Many of the success factors play a key role that interacts with each other; they only take a different perspective. 

Factors such as community growth, user retention, topic, interaction with other communities, and quality of 

information all take a community level perspective, while many other factors look at the individual level, such as 

response time for a user, quality responses, and community feedback (that through rating systems of a user’s post). 
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All of these measures can lead to a common theme of how well does a community satisfy its user base, but this is 

not exclusive. At the community level, growth is in terms of how many users have an interest in the content present 

[28] as well as how much novel content is provided rather than content that is recurring in multiple communities 

[95]. Content quality is intuitively related to user’s interest and for a community that has bad content, users won't 

see the value that the community brings and thus the user either never joins or leaves [12]. This is theoretically 

representative by a measure of user satisfaction. A study by Matthews et al.[46], conducted a survey of users and 

asked “how well this community is meeting your needs” where they would answer on a Likert scale. This feedback 

encapsulates many theories around community success; however it is not an all-encompassing measure of success as 

Preece [66] points out that they are usability factors that need to be taken into account as well as other sociability 

factors such as reciprocity and trustworthiness.  

2.3.3 Who is successful? Variation in Goals of Social Roles  

Member satisfaction does match one interesting point brought up by Preece [66] and Matthews et al.[45], when 

asking about community success, who is being successful? This brings up the factor that success for one individual 

does not necessarily indicate a successful community. A study by Matthews et al.[45] found that goals between 

members and leaders vary. For example leaders may be focused on community development; therefore a highly 

active community can be successful, while a member may be looking to answer a specific question. These goals can 

be in contention with each other, as in the example stated above a member’s question may go unanswered in dense 

communities which can ignore non-important members.  

There is also an additional level of complexity to this question, in that there are a variety of community 

types. Communities are going to have different goals and needs which they are going to achieve those in different 

ways [28, 66]. Q/A communities are looking for quality answers, but communities of practice may be looking to 

build social connections around a given topic. Small behavioral and community level metrics can examine aspects of 

success with these factors in mind, however once again they aren’t a universal measure across all communities. 

Directed measures of user reciprocity, satisfaction, and trustworthiness appear to be the best option, as a survey 

measure of these is less susceptible to the variation of roles and community types. Working in unison simple 

measures can be indicators of community success where community and user goals are well defined, and when those 

aren’t well defined more precise measures of sociable factors are needed.  

There is another perspective to take on online community success and that is included within the lifecycle 

model by Iriberri and Leroy [28]. They theorize that success factors vary over time depending on where the 

community is within the lifecycle, for example a community early in development will have different goals and 

needs that a community already focusing on existing members. Some metrics proposed above work well the life 

cycle degrees of success. Many activity measures (number of posts, content quality, active contributors, response 

time) declining over time can indicate that a community is approaching death, while an increase in such metrics can 

indicate strong maturation of a community. However even with the factor of time included, Iriberri and Leroy still 

are examining what the community and user’s goals are, which leads to the same conclusion that success can be 

seen as how well a community is satisfying it’s and the user base’s goals. While this is an important factor to take 
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into account for future work, this current proposed work will need to first address the questions at hand before 

moving into possible lifecycle stage success metrics.  

 This proposed work will continue in using primarily a surveyed measure of success, however in 

conjunction many of the lessor success factors will be used as they can be indicative to context specific success, i.e. 

Q/A communities can be measured by how well they are responding to questions in terms of rate of responses and 

speed. This work will focus on success for the whole life of a community and not look heavily into varying types of 

communities as well as a very detailed set of roles.  
 

2.5 Roles changing over time 

2.5.1 Community dynamics over time.  

Iriberri and Leroy[28] formulate a community level lifecycle through the following stages: Inception, Creation, 

Growth, Maturity, and Death. Each stage is defined by the community of members and operators behaviors and 

needs for information, support, recreation, or relationships, as shown in figure 4. 

 
Figure 4. Community Lifecycle model as proposed by Iriberri and Leroy [28]. 

Within inception, an idea for the online community arises from these needs and depending on the type of need, users 

can form the intended goal of a community. With this goal, communities also create a baseline of rules to help 

maintain the focus. The creation stage begins once the online technical components are in place, tools such as 

listservs, discussion forums, wikis, chats, and community blogs. The beginning group of users can now interact and 

further increase membership through recruitment. The growth stage is defined as the development of the culture and 

identity of the community. As more users join, they will start to emulate a role and identity within the community. 

Users will support others by leading discussions, while simply some other users may only be looking for support 

and information. The maturity stage comes when a formal organization becomes a need from the high amount of 

activity. The community then creates more regulations, contribution incentives, sub-communities, and wide range of 

discussion topics. While some older users leave with their goals being satisfied, new users join bringing new ideas 

for discussion and fit into a community role. Iriberri and Leroy state that in maturity communities thrive for long 

periods as communities are strengthened from trust and lasting relationships between users. Some communities then 
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can iterate through the lifecycle again to maintain user interest, however they can approach the death stage when the 

community loses momentum and member interest leading to poor contributions and transient membership. Iriberri 

and Leroy define each stage through general users’ needs or behaviors, even though they keep the perspective at a 

community level. User centric models provide an individualistic look into how a user forums an identity within a 

community.   

2.5.2 User Lifecycle:  

Preece and Shneiderman [67] generated a framework for how users progress through various roles within an online 

community. Figure 1 demonstrates this progression of user activities and roles. The decreasing size of each role 

indicates the total number of users that progress forward, i.e. there are fewer leaders than any other role. Each arrow 

shows that this is not a linear progression through roles, but many different paths. There is a time dimension with 

these roles but the first steps of a user transitioning into a different role are still uncertain. Preece and Shneiderman 

describe user transition occurring through repeat visits that can mature into a growing sense of confidence and 

increased activity. These authors further state that there are two paths of maturation for a user: they become more 

active within one stage or they move on to begin another stage. Users start looking to satisfy their curiosity or needs 

by joining a community and begin reading, searching, and returning if they feel they are satisfied. Users become 

contributors when they conduct an individual act that adds to a larger communal effort. Contributors can start small 

with simple corrections or ratings, but they can also tag, review, post, or upload to the community. When users find 

a mutual understanding or shared beliefs, they can then become collaborators. Collaboration in this context involves 

two or more contributors discussing or working together to create or share content. Collaborators work together, for 

example in Wikipedia collaborators will share information and correct each other with the goal of producing a wiki 

of consumable information for other users. If users are further motivated to improve the community that is where 

they become leaders. Leaders establish community norms and policies. Furthermore, leaders can promote 

participation and mentor other users. Leaders typically contribute the largest number of comments and are the most 

active which can be seen from the observation in certain communities 90 percent of the comments come from less 

than 10 percent of the participants [54].    

2.5.3 Deducing Lifecycle Behaviors 

However with these community and user centric lifecycle models there is little observed data supporting the 

evolution of such roles or the effects of role dynamics on community success. These two areas of literature have 

vital assumptions about the respective areas of study but future studies must be conducted to connect these two 

important aspects of online community research.  

As implied by figure 1, user’s behaviors are changing and this user dynamics is a central aspect of 

communities [28, 67], however some empirical studies differ from these proposed models. Various studies on 

membership roles have been conducted using a combination of behavioral or social structural network analysis 

methods. Researchers tend to start by defining a social role, such as Panciera et al., [58] defining a Wikipedian to be 

a significant contributor within Wikipedia, then they discover the users within a community that fit this role 

(Panciera et al.[58] finding users with at least 250 edits on Wikipedia), and finally examine how those users 



Chapter 2: Background and Related Work 
 

 

behavior change over time (Panciera et al.[58] making observations of those users edits over time). Miritello et 

al.[50] examined user dynamics over time focusing on the number of social connections they can maintain and the 

level of activity with other users, finding that user's’ social circle and interactions decreased with time. Danescu et 

al.[15] observed the linguistic changes of users through modeling the differences in term distributions in comparison 

to overall community norms, finding users to first adapt to community norms but then reframed from conforming 

after a certain time. Such findings are contradictory to theorized lifecycle models which believe interactions tend to 

increase over time. However these behaviors are not fully unpredicted as such behaviors may fit into the larger 

community lifecycle models predicting sub-community formation. Further research has examined how users 

expertise in the content of a community increases as their time with the community gets longer [37, 47] supporting 

the aspects of user lifecycle models which state that users mature within a community gaining the skills to assist 

other users. Other work has focused on the user-community interaction which takes the perspective of measure how 

users’ behaviors differ from community norms. Rowe [70] used a combination of linguistic and structural features to 

show that users mimic the community linguistic behavior early in community lifecycles, but then diverge in 

language use toward the later lifecycle, verifying much of this previous work. It remains to be seen if such user 

dynamics are the same for all types of roles. Prior work is filled with key points that highlight what aspects of user 

and community lifecycle models are accurate but they more so shed light on the dynamics and complexity of users 

and communities that is missing from said models. This shows a need for modification to such models.  

A major point that is lacking in these user centric models is the perspective of what is the user’s 

relationship/role with the community. There has been some work focusing on the community level of roles [15, 53, 

62, 70, 94] and the structural formation of online communities at the user level [14, 25], but there is a lack of 

consensus in role dynamics and only a few of these studies examine specific role impact, i.e. roles relationship and 

effects on other users and community success [53, 62, 94]. There is a need for macro orientation of online 

community roles which encompasses both user level models and the community ecology [23]. The obvious step is to 

update and verify these user centric theoretical models. This creates a common ground theory based on observations 

and can give a stronger direction to understanding role dynamics and their influence in a community. Applications 

of this include designing tools to enhance community benefits through maintaining and promoting online 

community success. A stronger knowledge of user behaviors will be influential in helping community 

designers/engineers as different roles require different levels of support and help community leaders understand 

participation allowing for meta-level management of communities[23, 67].   
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Chapter 3 

 

Completed Work 

My initial work has already included some results of modeling formal roles, results presented in table 3. 

Within this data, member and leader roles are labeled as reported from scraping enterprise online communities. 

 

Confusion Matrix Predicted Member Predicted Leader All 

True Member 3075 151 3226 

True Leader 0 2853 2853 

All 3075 3004 6079 

 

 Precision Recall F-Score Support 

Member 1.00 0.95 0.98 3226 

Leader 0.95 1.00 0.97 2853 

Avg / Total 0.98 0.98 0.98 6079 

Table 3. Preliminary Results on Classification of Members and Leader 

These are the results of running a binary classification model on predicting members and leaders. A Gradient 

Boosted Regression Tree[4] was fit on a 50-50 train test split of  6434 members and 477 leaders. Oversampling was 

used within the leader class in order to account for the class imbalance.  This produces a balanced accuracy[8] of 

95.1%. The feature set used for this model were all focused on the content of posts only using a bag-of-words 

feature set from the Linguistic Inquiry and Word Count tool[74] and the frequency of tagged parts of speech[79]. 

Significant features and the means for members and leaders are listed within table 4. 
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  Medians 

 
Feature 

Importance 
Member Leader 

Possessive endings 0.00507 0.00 0.09 

Singular or mass Nouns 0.00544 13.54 13.41 

Exclamation points 0.00557 0.00 0.24 

Singular Proper Nouns 0.00569 14.06 21.83 

>= 6 letter words 0.00628 25.56 30.94 

Work 0.00701 3.82 6.09 

LIWC Dictionary Words 0.00739 68.69 63.20 

Plural Proper Nouns 0.00742 0.00 0.22 

Symbols 0.0093 0.00 0.22 

Word Count 0.01148 37.50 90.80 

Table 4. Feature importance for classification model and feature medians of each role 

While this work clearly shows that formal roles are distinguishable, there is future work in examining beyond these 

simple linguistic features, such as the frequency of contributions made by roles and the types of relationships being 

crafted. Table 5 shows the differences in social tool use by roles, shown by the average number of posts made within 

a specific tool. While an individual leader does show more posting overall on average than an individual member, 

this does have an interesting difference when examining accumulated posting over the entire population of members 

or leaders. This will be highlighted in the section on community lifecycle observations.  

 Members Leaders 

Blog Posts 0.303 3.891 

Blog Comments 0.601 1.399 

Forum Posts 0.410 1.922 

Forum Comments 1.570 4.593 

Bookmarks 0.237 3.671 

Files 0.230 4.081 

Wikis 0.231 8.047 

Total 3.699 27.813 
Table 5. Differences in posting by roles across social tools 

As expected from previous work on shared leadership [17, 94], 151 members were predicted as leaders by this 

model (shown in Table 3). While this is the only error from the model, this isn’t theoretically an error. This group of 

members could be an existing population of non-formal leaders and therefore needs to be further examined to see 

how they are possibly exhibiting similar leadership traits that aren’t found within the remaining 3075 members. 

Further examination is going to rely on similar quantitative methods looking for which linguistic differences are 

occurring, but qualitative methods such as coding for leadership expressions and phrases are going to be needed.  
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 Additional work has been conducted in three different areas: community lifecycle differences between 

members and leaders, modeling of emotional content within posts, and adaptation of leadership style models from 

Zhu et al. [94]. 

3.1 Community Lifecycle 

 This work is a quantitative study from multiple workplace communities to explore how communities 

change over time. This study had two main goals, to examine who is creating and curating content and how is that 

changing over time. This study addresses this questions by looking at who is creating content, whether content is 

organized by the use of hyperlinks, who is organizing this content, and which social tools are they using to do so. 

 
3.1.1 Methods 

To explore curation and creation, I examined posts and links for multiple active online enterprise communities 

documenting when they were they occurring throughout the community lifecycle. I also explore role differences to 

examining whether members and leaders behave differently, as well as whether roles shift over time, and how 

different social media tools are invoked to support content creation and curation. 

2,010 communities met the criteria of being an active community totaling in 428,476 posts and 1,246,570 

links. All leader- or member-posted text was crawled in these communities (excluding text inside attached Files) to 

identify posts (content added) and links (URLs) from June 2011 to July 2013. For each post, the following was 

captured: 

 Community ID (Where it was posted) 

 Author ID (Unique identifier) 

 Date (Time stamp when post was made) 

 Tool (Which tool the post was in) 

 Author Role (Were they a member or an leader of the community they posted in) 

 Date of Community Creation (Used to compute when in the community lifecycle the post was made) 

For each link, the following was captured: 

 Source Community (Where it was posted) 

 Source Tool (Which tool the link was posted in) 

 Target Location (Internal or external to source community) 

 Target Tool (The tool the link points to) 

 Date (Time stamp when link was posted) 

 Author ID (Unique identifier) 

 Author Role (Were they a member or an leader of the community they posted in) 

Creation was assessed as the total amount of content added to a community across different tools, i.e. the combined 

sum of forum posts and replies, blog posts and replies, wiki edits, and bookmarks. Following [43]curation was 

defined as the act of referencing already-created content and potentially annotating it for other community members. 
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From prior work, we know that links are used to reference external information sources that are relevant to 

community discussions and to organize content within the community [43, 75, 76]. The idea behind curation is 

related to the act of linking, where content from another source is being excerpted [55]. Previous work has examined 

curation communities that primarily serve as a repository for links to other social networks’ content [56]. While 

more work has been focused on utilizing how links are being used across social media in order to improve content 

categorization [34] and identifying social curation behaviors [29]. 

Richer definitions of curation are difficult to accurately operationalize so linking is relied upon here. Prior 

work notes that community leaders are reluctant to copy and paste external content into their community, as this 

prevents it from being updated by its original leaders [43]. 

A small exploration of relationships to linking, roles, and community outcomes was conducted. A subset of 

communities were given a survey measuring member satisfaction, when examining those with linking present, 

controlling for other community metrics (number of members, leaders, contributors and contributor inequality i.e. 

Gini [22]) and removing outliers, 34 Communities within this survey had member linking present and 28 had leader 

linking present. Links from leaders were found to be positively related to member satisfaction (R
2
. = 0.14, df = 26, p 

< 0.05); while links from members were not found to be related (R
2
 < 0.01, df = 32, p = 0.61), further finding role 

differences in behaviors. While Wiki edits (R
2
 = 0.022, df = 26, p = 0.44) and Bookmarks (R

2
 = 0.000, df = 26, p = 

0.88), both common curation style tools, showed no relationship to member satisfaction. These results suggest that 

leader linking behaviors possibly influence member perceived satisfaction from a community. This motivates further 

exploration of linking behaviors within the larger dataset of 2,010 communities. 

I examined different types of social media tools including Blogs, Bookmarks, Forums (divided into initial posts and 

replies), and Wikis.  

Bookmarks: Bookmarks are a critical curation tool [43, 49]; each bookmark posted within a community contains a 

link. Bookmarks were analyzed solely as a curation tool, as their aim is to signal relations between different content 

within a community. 

Wikis: Wikis allow communities to post new content as well as to organize and summarize existing information [63, 

69]. Unlike other social media tools, wikis can be edited after creation. Edits are considered as an act of creation 

because they add to community content. 

Blogs: Participants post blogs to discuss their personal experience and knowledge on a given subject and prior work 

indicates that they can be used for both creation and curation [30]. In this work, blog posts are only considered to be 

creation, while a link within a blog is considered to be curation.  

Forums: Unlike other tools, and based on prior research we distinguished between two types of forum post. Initial 

posts are analyzed separately from replies, as we wanted to capture critical differences between these post types. 
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In order to normalize for differences in date, a “Relative Date” variable was created for each post transforming the 

true date to be relative to the creation time stamp for each community, for example, month 1 indicates the behaviors 

of all communities at their age of 1 month. This removes the effects of outside events influencing aggregated 

behaviors across multiple communities, but also limits the amount of time we could examine lifecycle effects to 36 

months due to community creation time disparities. I then took the simple approach of dividing time series data at 

different percentiles. For the majority of analyses, each 36-month timeline is split into two 18-month halves. This 

allows for a simple contrast between early emerging and late community behaviors. I experimented with 9-month 

and smaller splits as well, but these yielded similar statistical results as the 18-month split. Time series differences 

were analyzed using the Kolgormorov-Smirnov test. Most analyses were consistent across different split sizes, but I 

report where there were discrepancies between different split sizes. Some of the behaviors analyzed were relatively 

infrequent, occurring just a few times per month. However, it is important to note that all the communities that were 

analyzed were still active after 36 months, suggesting that low contribution activity does not necessarily mean 

community death. 

3.1.2 Results 

I compared the aggregated creation behaviors of members and leaders (see Fig. 5). Consistent with many studies 

documenting the importance of user-led content creation [30, 43, 52, 63, 69], members have higher overall creation 

rates (D = 0.7838, p < 0.001). This was true throughout the community time series. Members created more content 

than leaders in both the first half (D = 0.7778, p < 0.001) and the second half of the timespan (D = 1, p < 0.001). 

Members also showed an increase in the number of posts/month over the lifetime of the sample (D = 

0.7281, p < 0.001). This is consistent with many lifecycle models arguing that members take increasing 

responsibility for creating new content as the community matures. Leaders on the other hand, do not significantly 

increase their posting behavior (D = 0.3655, p = 0.107). From early on, members are the driving force in total 

content produced, and increase their production over time. 

 

Figure 5 Creation rate by roles: members dominate creation 
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I next analyzed curation behaviors of leaders and members. In contrast to creation where members 

dominate, Fig. 6 shows that leaders are mainly responsible for curation (D = 0.973, p < 0.001). This difference was 

consistent throughout the first 36 months for both first and second half comparisons for leaders vs. members (Month 

1-18: D = 1, p < 0.001, Month 19-36: D = 1, p = 0.001). However, there were differences within each role over time. 

Leaders’ curation begins with an initial flurry of activity that drops over time, with the two halves of the timespan 

being significantly different (D = 0.5117, p < 0.05). Members, in contrast, show a slight rise in curation behavior (D 

= 0.8363, p < 0.001), but their levels of curation remain below that of leaders throughout. This greater rate of leader 

curation is striking given that there are an average of 850 members and just 9 leaders in each community. 

These curation results are surprising in the context of lifecycle models [28, 35, 88]. Leaders dominated 

curation throughout, and contrary to those models, members did not take over curation as the community matured.  

Next each type of tool was analyzed while here only reporting the most interesting findings in differences 

in how roles use Wikis and Forums. Overall, equal numbers of wikis were created in the first and second halves of 

the time series (D = 0.3129, p = 0.2284) despite the apparent spike in leader creation in month 7, which may have 

been the result of an leader offsite, data shown in Fig. 7. Leaders created significantly more wikis than members and 

this difference was enormous (D = 0.8649, p < 0.001). Leaders created more wikis than members in both the first 

half (D = 0.9444, p < 0.001) and the second half (D = 0.7895, p < 0.001) of the timespan. Wiki creation rates did not 

change over the two halves in the timespan for either members (D = 0.1784, p = 0.8696) or leaders (D = 0.3041, p = 

0.2733). These differences contradict lifecycle models in two ways; wiki creation rates decreased over time and 

members failed to take increased responsibility.  

 

 

 

Figure 6. Curation rates by role: owners dominate curation, which decreases over time. 
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Leaders also showed massively greater curation than members using wikis (D = 0.973, p < 0.001), shown 

in Fig. 8. Surprisingly, there was no change in leader curation rates in wikis between the two halves of the timespan 

(D = 0.3509, p = 0.1588).  When examining this in a 4-way split, the behavior was similar to that of overall curation. 

The 3
rd

 quarter (Months 19-27) was greater than the 2
nd

 (D = 0.8, p < 0.01) and 4
th

 quarter (D = 0.5889, p < 0.05) 

again suggesting a ‘spring cleaning’ activity with wikis. Members in contrast show a slight increase in wiki curation 

over time (D = 0.4181, p < 0.05). However, leaders consistently show significantly greater wiki curation rates than 

members (1
st
 half: D = 1, p < 0.001, 2

nd
 half: D = 0.9474, p < 0.001). Again this contradicts lifecycle models in that 

overall curation rates did not increase and members never exceeded leaders, although consistent with those models, 

members took on more wiki curation over time. 

Initial forum posts (coded in figures as Forum Initial) have some of the lowest tool usage. Members created 

more initial forum posts (D = 0.8919, p < 0.001). This was true for both halves of the timespan: first (D = 0.8333, p 

< 0.001), second (D = 0.9474, p < 0.001). Lifecycle models predict that members should initiate more topics over 

Figure 7. Wikis creation: owners dominate 

Figure 8. Wiki curation: owners dominate. 
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time, however our data contradict this; members showed no increases over time (D = 0.3129, p = 0.2284).  

 

For leaders there was an increase (D = 0.4181, p < 0.05). However, overall there was no increase in initial 

forum posts (D = 0.3041, p = 0.2733). Again these results partially contradict the predictions of lifecycle models. 

Although members were mainly responsible for topic initiation, we saw no evidence that as a community matures, 

members increase the rate at which they initiate topics.   

In contrast for initial forum curation, leaders dominated (D = 0.5405, p < 0.001). Overall there is a slight 

increase in curation over time (D = 0.4474, p < 0.05). However there was a convergence of behavior toward the last 

few months. This convergence seems to arise from a decrease in leaders’ curation behavior. Consistent with 

lifecycle models, members showed an increase in initial forum curation over time (D = 0.7251, p < 0.001), but this 

was not  the case for leaders (D = 0.3538, p = 0.1475).  

Figure 9. Members dominate initial forum creation. 

Figure 10. Members dominate initial forum creation. 
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 Forum replies had more creation activity than any other tool, with activity increasing over time (D = 

0.4444, p < 0.05). Members dominated creation of forum replies (D = 1, p < 0.001). Members also showed a slight 

increase over time (D = 0.5029, p < 0.05) whereas leaders were more consistent (D = 0.3977, p = 0.08693). 

Members dominated creation in the first (D = 1, p < 0.001) and second halves (D = 1, p < 0.001) of the timespan.   

Forum replies are the only tool where members showed more active curation than leaders (D = 0.6757, p < 0.001). 

Both members (D = 0.731, p < 0.001) and leaders (D = 0.5146, p < 0.01) also showed increased linking over time, 

but members increase at a higher rate than leaders. Members dominated initially (D = 0.7778, p < 0.001) and 

maintain that dominant status in the second half (D = 0.9474, p < 0.001).  Forum replies overall increase for 

curation, just as with creation (D = 0.7281, p < 0.001). Results for forum creation and curation are generally 

consistent with lifecycle models.   

 

Figure 11. Members dominate forum reply creation. 

Figure 12. Members dominate forum reply curation 
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3.1.3 Conclusions 

It was found that tool use patterns changed substantially over time. Most prior work has focused on forums and 

content creation. I can confirm work showing that forum replies increase over time, and that members are 

responsible for making more forum replies than leaders as a community matures. 

As expected, members show increased linking, indicating curation, over time for forum replies, wikis, 

blogs, and forum initial postings. However in all cases except forum replies, members’ activity levels are below that 

of leaders, suggesting that members never assume full responsibility for curation using these tools.   

There are various limitations to these exploratory analyses. First, the curation measures may be 

conservative in focusing solely on links, as there are other ways that curation can take place. While this linking 

approach has been applied in prior research [29, 34, 43, 56, 75, 76], focusing on linking alone may miss other, more 

implicit methods of curation such as summarizing, quoting, or cross-posting. Future work might explore content-

based approaches that determine when quoting or summarizations have taken place[68].  

 

 

3.2 Linguistic Models of Online Communities 

This work examines the role of emotional versus factual communication in contributing to perceived success in 

enterprise communities. This work is more methodological in application to how to study multiple contexts of online 

communities as well as examine how models can generalize across datasets. I adapted known models from a corpus 

of online debates[80] to develop an algorithm to detect the relative prevalence of emotional versus factual content in 

posts. I then applied to algorithm to an enterprise setting. It is predicted: 

 The overall informational goals of enterprise communities should mean that an emphasis on factual 

communication leads to improved member satisfaction, 

 Role differences in factual communication will vary in that leadership roles will be more factual. 

This algorithmic approach allows the isolation and quantification of emotional versus factual language. The 

contributions of this work are to: (1) extend the understanding of what contributes to online community success by 

analyzing emotionality, (2) create a language style model that generalizes across multiple domains of social media, 

and (3) demonstrate how the effects of emotionality depend on community roles.   

3.2.1 Methods and Modeling 

I adapted previous work [1, 2, 83] in developing an algorithm that allowed me to distinguish emotional vs factual 

posts. This involved the following steps: 

1. Gather a data set that contains distinct annotated examples of factual and emotional language,  

2. Find a set of explanatory features relating to factual and emotional language, 

3. Construct a model using said features, 

4. Validate this model’s output within the domain of interest (enterprise communities). 
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To accomplish the first step, I used the Mechanical Turk annotated 10,000 post-response pairs from the IAC corpus 

of online forum debates [80] about important societal issues such as abortion, religion, immigration, gay marriage 

and so on. The societal significance of these issues leads to engaged debate in which both factual and emotional 

language are overt and prevalent. The corpus annotates Factual vs. Emotional language for each post response on a 

scale ranging from -5 (Emotional) to +5 (Factual). Using this corpus allowed me to develop a model derived from 

multiple different types and valences of emotional and factual interaction. I modeled the extent to which a response 

to a post was emotional versus factual, which will be referred to as emotionality. To match this definition of 

emotionality, the valance of the scale for an emotional rating was inverted to then indicate an emotional post as a 

positive value and a factual post as a negative value. 

The next step was to identify a set of explanatory linguistic features in the forum responses that would 

predict the Turkers’ emotionality judgments. I explored both Lexical and Syntactic Features. Previous modeling 

work [1, 2, 83] derived lexical features from three sources: LIWC (Linguistic Inquiry Word Count)[74],  

EmoLex[51] and Subjectivity Lexicons[90]. I use the same lexical sources. Lexicon based approaches have 

limitations. They use a simple “bag of words” which assumes that social and psychological meaning can be derived 

from individual words alone. This ignores syntax, punctuation, conversational structure, and other relational features 

of text. I therefore used a part of speech (POS) tagger to count the relative frequencies of nouns, verbs, adjectives 

and adverbs, use of questions as well as tense and aspect information [79]. 

For modeling I  used Scikit-Learn [61] a machine learning toolkit to build a regression model in order to 

match the continuous nature of the Turkers’ responses. The dataset was split into a 85-15 training-test set. Within 

the training set, 5-fold cross validation was used to develop the best model, and then tested on the held-out test set. 

Evaluation of the model’s performance was based on the Adjusted R
2
 and Root Mean Squared Error (RMSE) on the 

test set. I used Adjusted R
2 
to eliminate spurious variance increases arising with Unadjusted R

2
. 

 
3.2.2 Results 

The best emotionality model was a linear regression model which had an Adjusted R
2
 of 0.1968 and a RMSE of 

1.38 for predicting the level of emotionality for forum responses. This model is highly significant (p < 2.2e-16). The 

level of RMSE shows that the model is varying around 13% in its predictions (given there were 11 possible values 

for the Turkers’ to choose). In comparison, human annotators had a standard deviation of 2.08 for all posts, thus the 

model is varying in a way that is comparable with the overall judgements of a group of annotators. 

To determine whether the emotionality model developed for online debate forums generalized to enterprise 

communities I first tested the model’s ability to predict emotional judgements within Communities. I created a direct 

test set of annotated posts from the enterprise communities. Using the same procedure as for the IAC corpus 

annotations, I solicited judgments for 1000 enterprise posts selected at random from the communities, 7 posts had to 

be removed for not receiving enough annotations. Then I tested to see whether the model’s predictions for each post 

agreed with the judges’ emotionality ratings of that post. The model and judges’ ratings were highly correlated, r = 



Chapter 3: Completed Work 
 

 

0.54 (df  = 991, p < 0.001) and had high agreement Kendall’s Tau = 0.37 (p < 0.001). This shows that the 

emotionality model derived from debates generalizes to the enterprise community data. 

 
 

 

 

  

 

 

 

 

 

 

 

 

 

 

To evaluate the effects of emotionality within enterprise community success, I first created a Control 

Model containing the following (language independent) variables that have been proposed elsewhere as measures of 

community success [66]. The first model used these control factors to predict perceived user satisfaction. I next 

added emotionality to the Control Model to evaluate the prediction that greater emotional communication would 

decrease overall member satisfaction.  

One limitation of the regression approach is that variables may be highly correlated or multi-collinear. I 

first tested for multi-collinearity using variance inflation factor (VIF). Following standard practice [27], variables 

with the highest VIF were removed until all variables were under a VIF threshold of 5. I then derived the Control 

model (Table 6, Model 1) using both-direction step-wise regression using AIC as a criterion, with the VIF filter 

applied. AIC is a common goodness-of-fit measure for linear regressions for model selection in step-wise 

regressions [27]. Using a both-direction step procedure is less biased than a one-way step. Stepwise selection led to 

the removal of Type, Members, Contributors, Gini, Word Count, and Views variables for the Control model.  

Table 6. Model 1 (Control) using the traditional measures for predicting member satisfaction. Model 2 

(Control +Emotion) adds the Emotionality feature. (‘*’ indicates significance p<0.05, ‘.’ p<0.10). 
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Table 6 shows that the Control model (Model 1) has reasonable explanatory power (Adjusted R
2
=0.091, AIC = 

130.96) and is significant (p=0.013). # of Comments and Leaders are significant predictive factors of satisfaction. 

The Control + Emotional Model (Model 2 in Table 6) adds emotionality to the Control model to test whether 

emotional interaction increases satisfaction. Using the same feature selection procedure, I excluded highly collinear 

variables and again used both-direction stepwise regression. Adding the mean post emotionality of a community 

increases explanatory power (Adj R
2
= 0.1134), decreases AIC in comparison to the Control Model (∆AIC = -3.17), 

and the model is a significant predictor of member satisfaction (p=0.0032). The negative coefficient of the 

emotionality variable indicates that less emotional, i.e. more factual, content predicts satisfaction, confirming the 

prediction. This result contrasts with prior work on support forums where high amounts of emotional content benefit 

online interactions [83]. 

Figure 13. differences in emotionality predicted from members and owners. Owners 

are found to exert more factual language. 
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Further examination of emotionality across roles shows that leaders are expressing factual language more often than 

members, this was found to be significant in a two-tailed T-test (t = 9.285, df = 633, p < 0.001) , results shown in 

figure 13. 

 
3.2.3 Conclusions 

These results show a small but clear relationship between the use of emotional versus factual language in enterprise 

communities and member satisfaction, as well as show role differences in levels of emotional prediction. As 

predicted, it was found that factual language enhanced perceived satisfaction. These results also find more 

distinguishing differences in roles, particularly in a higher level (emotional) examination of linguistic differences 

and implying that leaders are more factual posters than members thus being more satisfactory to members. Future 

work can include an analysis in the interaction of role behaviors across type and social tools, as those were other 

factors found to have differences in emotional expression. 

 

3.3 Leadership Style 

In light of the results from Zhu et al. [94], where various leadership behaviors were observed in non-formal 

leadership roles, an exploration was conducted in applying the methods used from Zhu et al., towards enterprise 

online communities. Models were reproduced using the 500 posts that were provided by Zhu et al. Within Wikipedia 

it is found that leadership styles, as shown in table 7, can be identified using the linguistic features reported are as 

follows: 



 Transactional leadership: the frequency of the word “barnstar” (a barnstar is a type of virtual reward in 

Wikipedia) and the frequency of the phrases “thanks for” and “thank you for”  

  Aversive leadership: the frequency of a set of strong negative words, including “block,” “revert” and 

“remove”;   

 Directive leadership: the frequency of “you” followed by modal words such as “should,” ”could,” “might,” 

and the frequency of the word “please” followed by a verb;  

 Person-based leadership: the frequency of greeting words and smiley emoticons.  

The modeling results are provided in table 6, reporting a binary classifier as to whether a post is expressing a style of 

leadership or not; a support vector machine classification model was created for each leadership style, using 5-fold 

cross validation.  
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Transactional 

Leadership 

Precision Recall F-Score Support 

False 0.89 0.99 0.94 355 

True 0.96 0.70 0.81 145 

Avg / Total 0.91 0.91 0.90 500 

ROC 0.88    

Aversive 

Leadership 

Precision Recall F-Score Support 

False 0.86 1.00 0.93 396 

True 0.98 0.39 0.56 104 

Avg / Total 0.89 0.87 0.85 500 

ROC 0.69    

Directive 

Leadership 

Precision Recall F-Score Support 

False 0.85 0.92 0.88 291 

True 0.88 0.77 0.82 209 

Avg / Total 0.86 0.86 0.86 500 

ROC 0.80    

Person-based 

Leadership 

Precision Recall F-Score Support 

False 0.91 0.96 0.93 337 

True 0.91 0.79 0.85 163 

Avg / Total 0.91 0.91 0.91 500 

ROC 0.91    

Table 7. Results from replicating the models reported in Zhu et al. [94] 

These models were then applied to the enterprise online community dataset, where features were extracted from all 

text produced by individual members and leaders. The amount of individuals that were found to have leadership 

style was low, with only 718 showing transactional leadership, 49 showing aversive leadership, 1219 showing 

directive leadership, and 849 showing person-based leadership out of a total of 35238 users examined.  These 

proportions aren’t too far off from the linguistic classification model presented earlier classifying formal roles, from 

that model 9.08% of all individuals were classified as leaders, while in this work 8.04% are classified as showing a 

style of leadership.  

 When examining for differences in leadership style across roles, minimal differences were found, results 

shown in table 8. Differences in leadership were examined by the positive class probability of a leadership style, 
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using the likelihood of a leadership style given by the SVMs. For example, an individual with a model output of 0.6 

in Transactional Leadership can be interpreted as having a 60% chance they are expressing transactional leadership. 

 
Table 8. T-Tests examining differences in leadership styles between members and leaders. 

Such small results can be due to this simple analysis of looking for style difference across a vast number of low 

likelihood results (as seen by the Confidence Intervals reported in table 8). Also this can be due to the model never 

being tested for its ability to predict such leadership styles within enterprise online communities. Testing the 

model’s generalizability within this separate context is the clear next step as these results (although weak) need to be 

verified. Such differences between the two contexts of Wikipedia communities and enterprise communities could be 

within the style of tool that is being used. Within Wikipedia, editors communicate through a chat log style tool, 

which can be rather different than the style of posts that exist within enterprise communities which are those are 

forums, blogs, and wikis.  
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Chapter 4 

 

Proposed Work 

This proposed work aims to extend our understanding of role, role dynamics, role ecology and their influence on 

online communities. My main goal is to study the behaviors, interactions, influences, and changes that individuals 

of certain social roles go through in an online community with an end goal of modeling user role dynamics over 

time in order to evaluate proposed models of community and user life cycle stages. This will allow us to connect 

community and user centric models. 

To accomplish this goal, my research questions aim to evaluate and extend previous research. In particular I will 

examine if those prior observations and theories apply to enterprise and open source online community contexts. To 

reiterate the goals of this research, I will address the following questions: 

1. Can we reliably distinguish member and leader roles?  

2. What is the ecology of roles?  

3. What is the effect of different behaviors on community success?  

4. How do roles change over time?  

 

4.1 Choice of Dataset 

I am interested in studying online enterprise communities for theoretical and practical reasons. First, enterprise 

communities have been under-researched [43, 45, 46, 52, 95], so it is important to determine whether existing theory 

and results gathered for internet communities apply to enterprise contexts. Second, the enterprise dataset I have has 

important, unique properties. This dataset contains 2,010 enterprise communities who are considered to have a 

presence of active management as well as be updated within the last month of the time of collection (May, 2014). 

This dataset also includes a label of community types for the majority of communities. Each is labeled either a 

Community of Practice (821), Team (590), Technical focus (62), Idea Labs focusing on brainstorming around a set 

of questions or issues (23), or Recreational (8), though there are 506 communities with no label. Each community 

has access to various social tools such as Wikis, Blogs, Forums, and Bookmarks where each post collected has been 

labeled for which tool they were posted in. Furthermore, anonymized IDs are provided allowing for examining who 

is posting what content and what community they are posting in. 

More importantly from a research perspective, the dataset has critical characteristics that are relevant to my 

research goals. Participants using communities declare their role in the community explicitly by stating whether they 

are a leader or a member providing a formal label on users and acting as a ground truth. This is an attractive property 

of the data. Typically, role researchers either need to conduct survey methods to identify roles [19] or examine 

properties of the data to infer roles sometimes algorithmically [13, 53]. In both cases, there is a possibility of role 

miss-assignment. Having data with labeled roles is a clear benefit. 
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 Furthermore, I already have a good amount of experience working with this dataset and have developed 

methods to reduce its noise and complexity. For example, some posts contain different languages and needed to be 

filtered out since many linguistic methods only focus on English. Another example of noise is the aspect that post 

content typically include the post title and had to be removed in order to not be double counted by bag-of-word 

models. While there is noise that needs to be accounted for, this context for an online community is more ideal to 

linguistic methods as an enterprise context tends to have a traditional formal text speak, unlike other communities on 

the open internet which may have developed more net speak (i.e. Specific acronyms or L33t [6]).  Critically for my 

third research question examining community success, this dataset also comes with a unique measure of community 

success, from a survey measure of member satisfaction from about 120 communities. While this sample is small 

compared to the entire dataset (roughly 5%), it does give an opportunity to discover important relationships relating 

to community success. Finally while the dataset is anonymized, it is also hashed allowing us to determine the same 

user’s roles across multiple communities, for example allowing us to determine whether a specific user is a leader in 

one community but a member in another.  

 I will also compare my results to other communities outside the enterprise context. As has already been 

argued [28], community contexts directly influence individual behavior with important consequences for community 

success. I will therefore collect a second dataset outside of the enterprise context, focusing on Open Source 

Communities such as those present on GitHub. GitHub has been examined by community researchers [20, 39, 40]. 

There are important parallels between Open Source communities and team based enterprise communities as both 

focus on accomplishing task specific goals. It should also be possible to derive community success metrics for 

GitHub. GitHub communities typically work towards producing a specific product that is intended for public use 

[20]. While this additional work of gathering a new dataset will be challenging, it is important to replicate enterprise 

results on a dataset from open internet based communities. 

 

4.1 Methods and Data 

4.1.1 Distinguishing Member and Leader Roles  

Keeping consistent with the format of the proposed sub questions within Chapter 1, I will now discuss how each sub 

question will be answered.  

 Do members and leaders differ in overall posting behaviors? Do leaders post more overall? 

This question can be answered through existing measures within the enterprise dataset. User posting behaviors 

already have been measured and can simply be compared across each role with standard statistical methods as T-

tests and an anonva. While this is helpful in understand what these differences are, they can be included in existing 

predictive models which classify a user as either a member or a leader.  Having the labeled roles within the 

enterprise community dataset provides an immediate high level distinction between a member and a leader as 

defined by the community itself. This gives a ground truth for testing methods of distinguishing these social roles as 

well as potentially informing exploration of other types of roles as defined in [53, 67].  
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 Is the content of posts different across members and leaders? Are members more likely to post 

questions and leaders to reply to them? 

Content of posts have already been examined and explained to some extent within the completed work chapter. 

Models have been made based on bag-of-word lexicons examining the categories of words being used by members 

and leaders and found to have a strong predictive ability (accuracy of around 95%). One aspect that can be expanded 

upon is what the style of post or if the post is a type of question. Work has been done identifying the style of 

inquiries that can exist within online communication [89], and this work can be adapted to examine if roles are 

asking questions to coordinate events or ask favors (Anyone want to join me at <event>?), express opinions (Is there 

a way to accomplish this? Otherwise, what the hell?), promote information (Can’t make it to <event> this week? 

Consider attending the live stream), or request information (Does anyone know where I can read about this?).   

 Do members and leaders vary in the community tools they use? Are leaders more likely to create 

wikis and members more likely to use forums? 

This question is a natural progression when examining role posts. Given the presence of different tools and the 

labels each post has as to what tool was used, this is an easy expansion on examining role differences. This can be 

accomplished by including a tool variable within exploratory statistics (ANOVAs) and also within predictive models 

which will give the added context of tools and thus can discover how roles are using them differently.  

 Do members and leaders reference third party content differently? 

Examining referenced content can be done by looking for the existence of links within a post. Links are found 

through scraping through the content of a post and seeing if a URL is present in the text. There are different types of 

links present within the enterprise communities; they can be self-referential links pointing to the same community it 

was posted in or a link referencing content outside of the community. Links contain the community id of which 

community content it is referencing within the enterprise context, to find outside references is to simply see if a 

community id pattern (that of a universal unique identification code) exists within the URL. This can be related to 

who posted the link to see if roles are posting different styles of links.  

 Do members and leaders vary in the social structure that they build for themselves? Are leaders 

more broadly networked across the entire community? 

Social network methods require that a graphical representation of the data can be created.  Graphs have two 

distinctive components: nodes and edges. In order to build a graph of the enterprise data, nodes and edges must be 

defined. One definition can be nodes being the users within a community and edges will be the interactions between 

users. Interactions can be measured through many means; one way is through looking at replies within specific tools 

of each online community. If a user replies to a post from another user, then this is considered an interaction and 

thus will have an edge formed between the two; likewise for those users who reply to each other’s replies. This can 

also go beyond just posting information and can look at community memberships where edges would be if user 

share common membership within a community.  

 With a graphical model in place, such social network analysis metrics can be applied. Some metrics which 

have already been applied in previous research and those of which will be explored in this work include assortativity 
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(tendency for a node in a network to be directly connected to other similar nodes) [9, 14], reciprocity (edges formed 

from previous existing edges) [82], behavior specific edges [40], community density [91], average in and out degree 

[91], and commonly found patterns within social networks (such as triangles) [91]. 

 As theorized by previous work[67, 94], there can exist multiple other sub-roles beyond just these two 

labels. One method for examining possible sub roles is an unsupervised machine learning method called  

hierarchical clustering which has been used by Wang et al. [81]. Hierarchical clustering would allow me to examine 

whether members and leaders fulfill certain sub-roles within the higher level role distinctions by producing multiple 

levels of clusters containing common features between groups and subgroups. However, as pointed out previously, 

sub-role detection is not the main goal of this work. Subsequent parts of the thesis will build on the initial leader and 

member roles, and it is necessary that the distinguishing of identified roles have a high level of precision in order for 

modeling of network, success and temporal effects to have any sort of reliability. While interesting, the 

identification of sub-roles will be explored, but it isn’t expected to be a main output of this research. 

4.1.1.1 Machine Learning Methods 

I will exploit these naturally defined labels using supervised classification machine learning methods. Many 

classification models are available like logistic regression, support vector machines, and random forests. Previous 

work has examined supervised methods to examine user behaviors [15, 70, 83]. I will follow standard machine 

learning practices to examine which are performing best in the experiment on hand. Following common practice, 

comparisons will be made through multiple standard evaluation metrics [13, 45, 46, 52, 95]. I will be using 

evaluation metrics such as Accuracy, Precision, Recall, F-Score, and the Receiver Operator Characteristic (ROC). 

Other evaluation metrics are necessary given modifications to sampling procedures, for instance if over or under 

sampling is used to remove the issue of skewed class distributions, then a balanced accuracy measure will be used 

[8]. The goal of this modeling will be to reproduce high precision (evaluation report of completed work reported in 

chapter 3: 95% accuracy, 0.98 precision, 0.98 recall, and 0.98 F-score) for classifying these two main roles 

(members and leaders) following the completed work chapter. While these initial thresholds are very high, it is 

encouraging that these roles were easily distinguished using only linguistic features. 

I will also examine feature importance and selection for these models, using ranking methods [96], beta 

weights for regression models, and entropy measures like gini [73] for tree based models. These methods allow 

exploration as to what features distinguish the target classes, allowing machine learning models to be used for theory 

and exploration. I will compare my results with previous models [15, 28, 67, 70, 83] that formally define roles and 

the features that make them differentiable. This will extend prior models of social roles based on different datasets. 

 

 

 

The feature space for examining role differences is rather large. Possible features that can be used based on 

previous work and completed work are:  

 Term Frequency and Independent Document Frequency (TI-IDF) [53] 
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 Entropy/ Term Frequencies [15, 70],  

 Topic models [83],  

 Bag of words models [46, 83]  

o N-Grams  

o Linguistic Inquiry and Word Count [74] 

o Emotional Lexicon [51] 

o Subjectivity Lexicon [90] 

o Parts of Speech [79] 

 Structural Network Features [5, 28, 50, 67, 87] 

o Assortativity [9, 14] 

o Reciprocity[82] 

o Behavior Specific Edges (Positive Feedback vs Negative Feedback) [40] 

o Community Density [91] 

o In and Out Degree [91] 

o Sub-group Membership (tri-ad groups) [91] 

 Survey Report Data [19, 46, 52].  

Such a large possible feature space makes it imperative that features and models are theoretically motivated. A 

systematic approach is necessary not only to control the amount of modeling that will be conducted, but also to 

understand how each feature influences the models. This work isn’t only to see what the best models that can be 

produced are, but to understand how roles are different and provided theoretical grounding for future work to be 

done. To do this, hierarchical, incremental, or feature weighting techniques will be used in order to understand the 

relationships and effects of features.    

4.1.1.2 Qualitative Methods 

Qualitative methods are used in the social sciences to understand complex human behaviors, and there are many 

instances of such methods being deployed in online community research [26, 41, 45, 46, 52, 59, 62]. Surveys are a 

primary method for understanding participants’ perspectives on the operation and success of their community [20, 

46] and will be deployed for the Open Source Community dataset. For example, previous survey methods have 

asked users questions based on rating visit frequency and membership length [19, 52], how satisfied users are with 

the community [46], identifying leaders [19], accessing individual and community goals [45], and identifying 

cooperation and conflicting events [20]. I will adapt these surveys for collecting and understanding individual 

perceptions when I generalize the findings to Open Source Communities. 

 

 

4.2 Relation to Community 
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Prior work examines subgroups within online communities  [7], as well as membership overlaps between 

communities [52]. This is a start to the type of work I will conduct in understanding roles relation to communities, 

but I will use similar methods to first examine the population demographics of online communities and then to 

examine the influences of roles on each other. 

 Are a certain number of leaders or members necessary for a community? 

This is an exploratory question that first needs to examine what the distributions of leaders are within the sample of 

communities. A metric examining the ratio of leaders to members will be a good metric for this work as it gives a 

perspective that is normalized to the overall population of users. Examining if there is a level of necessary leadership 

within a community is a different question. If there exists communities with low or high ratios of leaders to 

members, this then gives the research the context necessary in order to examine how those communities are 

functioning differently. This question will be further examined in relation to success metrics and time effects.   

 Are members and leaders interacting within or between their respective roles? 

Measuring interactions between roles can be accomplished through social network analysis. As a graphical 

representation will have already of been built, this question can then be examined as to who each role is interacting 

with. Examining interaction networks is related to examining sub-groups and clustering methods can highlight these 

strong interactions. The graphical representation will need to include each node’s role label.   

 Do community types influence the ecology of social roles? 

Since the enterprise dataset has a community type label present, this can be added on top of the previous questions 

described above and then see if leader to member ratios vary by community type as well as if interaction networks 

found by cluster methods also are influenced by community types.  

 Are leadership styles more interleaved within different types of communities? 

Leadership styles are the measure of the type of interaction going on within the content of a post. In order to 

examine if leadership styles are being used toward specific roles, a graphical representation will again be needed. 

Since leadership style expression is targeted toward a specific member type role[17], this introduces an interesting 

type of data representation where the label of a node in the graph becomes related to not only the observed 

characteristics of the node, but also the observed characteristics of the neighboring nodes and the labels of the 

neighbors to that node.  Collective classification is a method that takes advantage of these types of dependencies, 

where traditional classification in machine learning would ignore them [72]. As role classification can take 

advantage of collective classification, another possible method of applying this is to classify the edges instead of the 

nodes, as this question is asking to predict the interactions taking place and not about predicting the role of a user.  

Relationships between individuals within communities implies social network behaviors, where much work 

has been done on defining network attributes that indicate a social practice or behavior [84]. As network metrics 

will be applied in the previous section on distinguishing role behaviors, here they will be applied in understanding 

how each role potential affects each other. This expands on understanding what relationships are formed between 

roles, now understanding the influence in that role on the community.  
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4.3 Measuring Community Success 

 The research question to be assessed here is the extent to which role specific behaviors affect community 

success. As discussed previously there are many measures of community success, most of which focus on low level 

user behaviors, such as volume of members’ posts, number of members, and quality of member relationships 

(extend of contact between members) [45]. However work has shown that such behaviors don’t align well with 

participants’ assessments of community success[45].  

 Many prior studies of online communities exploit observable traits within the data. However such traits are 

often specific to the domain of the community, such as tools like voting mechanisms [12]. The main focus of the 

current work is to study role behaviors. It will not therefore develop complex new ways to evaluate community 

success. Bearing in mind the complexity of evaluating online community success, survey measures of member 

satisfaction and simple observable measures such as activity and membership duration appear to be the best option 

for the goals in this work.  

 Are social role specific behaviors influential to success? 

I will use both behavioral metrics obtained by scraping community content as well as data collecting participants’ 

subjective assessments of community success. My current enterprise dataset includes such a participant based 

evaluation of success, in which participants were asked how well the community is meeting their needs. This is a 

reliable metric that has already been validated as a significant predictor of community success [46]. Using these 

metrics and the previous results of distinguishing roles as well as in the context of role ecologies, I will then 

examine how such behaviors either predict or cause said metrics of success. Prediction can be accomplished through 

machine learning methods which work to model the dependent variable (success metrics) based on a set of 

independent variables (distinguished behaviors of members and leaders). Causality is a very different goal and as 

such will be hard to accomplish within a purely observational setting, however it is not unexamined. Toulis and Kao 

[78] introduced causal estimation procedures in order to account for social interference, complex response functions, 

and network uncertainty. When examining success factors, causal methods are more in favor as they give evidence 

to actual effects, while many typical prediction models tend to only show correlation relationships which can be 

influenced by many outside factors potential falsifying the results.  

 How do community ecologies relate to success? 

Ecological measures as discussed prior will also be examined for their relationship with member satisfaction. 

Simply examining how leader to member ratios related to perceived member satisfaction will address this question.  

 What interactions between roles are needed for a successful community? 

This question can be addressed by examining the quantity of interaction types (question and leadership styles) 

within a community and see if there is a relationship with those measures and member satisfaction.  

Finally, as this work expands to other community contexts, surveyed success metrics like member satisfaction will 

need to be gathered for the Open Source Community. This does allow for an opportunity to examine other known 

success metrics such as goal achievement and leadership satisfaction [45]. 
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4.4 Changes over Time 

The research question I will be addressing here concerns changes in roles over time. Recall that theoretical 

models predict that certain members should shift roles to become more leader-like over time [28, 67]. As these 

theoretical stages of development are hard to operationalize, it is simpler to examine changes in role behaviors 

simply over time. A beginning method to do this is to examine the differences in early behaviors compared to later 

behaviors, where the split between the two is just at the mid-way point in the total timeline of contributions for a 

user.  

 Do users typically change as hypothesized in models, particularly in the early and late stages of 

said models [67]? 

This question can first be answered through such a time split. But it will need to be further explored beyond simply a 

time split, as users develop at different rates. Work by Rowe [70], adapts to these different rates in user development 

by bucketing user contribution based on their sequence rather than their distance in time. Rowe did a 4 post bucket, 

where the first 4 post by a user was considered the first time stamp, then the next 4 post were considered the second. 

I will adopt this bucketing strategy to examine more specific changes in roles over time. Other aspects of behaviors 

given by their proximity in time are sequential temporal analysis of behaviors. Some work has been done in cluster 

sequences in behaviors to find categories of roles [31, 81].   

 As members become more experienced, do they find themselves stagnate within a role or do they 

continue to gain responsibilities and become more leader-like [47]? 

This question will be examined by seeing how specific roles and users in those roles are changing. Specifically 

examining if there is a difference in the users that do change over time, for example testing if certain users are not 

under the influence of other users, therefore asking the question are leaders promoting leadership behaviors toward 

only certain members? 

 As the community ages and leadership and member roles are interchanged between users, is there 

ever a lacking of a role, in particular a lack of leadership, for a community or are roles constantly 

filled when there is a need [28, 67]? 

This question relates role dynamics to the changing needs of a community. Community and user lifecycles can be 

mapped together based on timestamps. Within these timestamps, it can be examined if there is a lacking of 

leadership presence in a community and are given members or leaders rising to the leadership void. Leadership 

presence can be measured by how much activity is either being classified as a leadership behavior or how many 

posts are being made by leadership roles.  

 Is there a relationship to collective user development over time that shifts the community norms or 

do community norms influence user development and influence whom [15, 28, 42]? 

This will be a difficult question to address as it is the combination of all previous work. Norms within a community 

can be measured by linguistic common shared behaviors [15, 70]. I can then measure how roles are either 

approaching the level of common linguistic behaviors or if the common linguistic behaviors are approaching levels 



Chapter 4: Proposed Work 
 

 

of key users. This can further take advantage by network methods seeing how much influence is being spread by 

simple measures of in and out degree of roles.  

Comparisons of changing over time have many avenues available. From simple t-test comparison to vector 

regressions[97], time analysis can be rather complex as many of the variables are expected to be heavily dependent 

on time, therefore time is a rather encapsulating variable. I will use many methods to compare time differences, 

starting with examining individual social role changes with a generalized linear model, to then examining overall 

role differences with possible time series prediction models like ARIMA[85] and vectorized regression models[97]. 

Machine learning methods such as Bayesian regression have been used to examine time and will be used in this 

context when exploring overall role changes.  
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4.5 Timeline 
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