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ABSTRACT 

TOWARD A SUSTAINABLE ONLINE Q&A COMMUNITY VIA DESIGN DECISIONS  

BASED ON INDIVIDUALS’ EXPERTISE: EVIDENCE FROM SIMULATIONS 

By 

Yuyang Liang 

Online Q&A communities have become an important channel for internet users to seek 

information and share knowledge. Existing research extensively focuses on the individual 

components of Q&A communities, such as content quality and user characteristics, but fails to 

provide a comprehensive understanding of the communities as complex social systems, whose 

behavior depends on the interactions of a large number of social agents. In this dissertation, I 

integrated the key components in online Q&A communities via agent-based modeling to provide 

a systematic examination of Q&A communities and help inform better community design to 

manage users’ expertise. I conducted computer simulations and virtual experiments based on 

existing findings and theories as well as data from a large online Q&A community to understand 

how two design decisions, including expertise indication and question routing, influence the 

sustainability of a Q&A community as well as result in possible trade-offs involved in 

implementing these design decisions. Results indicate that these design decisions are likely to 

lead to a larger membership size and a higher rate of solved questions. In addition, implementing 

design decisions will also influence the member structure of a community. Question routing 

tends to prioritize experts’ needs and benefits while expertise indication is more likely to attract 

beginners. These findings suggest that these design decisions should be leveraged according to 

the development stage a community is in. This research also demonstrates the value of agent-

based modeling in terms of generating insights for Q&A community design by showing the 

underlying structural outcomes of the design decisions. 
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Chapter 1 

INTRODUCTION 

The Internet has become one of the most efficient and essential channels for seeking and 

accessing knowledge and information. Besides search engines, online question & answer (Q&A) 

platforms have also emerged and thrived as a source for knowledge discovery. On these 

community-based platforms, people can post questions to seek information and help, or 

participate in discussions and share their knowledge and expertise by providing answers; hence, 

a social aspect is introduced to the information seeking and knowledge sharing process (Shah et 

al., 2009). Some of the sites are generic in terms of the topics of the questions (e.g., Yahoo! 

Answers & Quora) while others are domain-specific (e.g., Stack Overflow). 

Srba and Bielikova (2016b) summarized three major concentrations of research on Q&A 

communities, including exploratory Q&A system and process studies, content and user 

characteristics examination and modeling, and algorithms supporting knowledge 

recommendation and retrieval. Among all the concentrations, much emphasis is placed on 

predicting, recommending, and retrieving good quality questions and answers (e.g., Agichtein et 

al., 2008; Li et al., 2012; Shah et al., 2014; Shah & Pomerantz, 2010; Toba et al., 2014). The 

quality of user-generated content is fundamental to the sustainability of Q&A communities, 

which allows a community to consistently provide resources and benefits to its members (Butler, 

2001).  Good quality information not only satisfies users’ immediate needs but also contributes 

to the overall knowledge base that can be retrieved in the future (Anderson et al., 2012; Bian et 

al., 2009). Meanwhile, information quality is closely related to member retention and expansion, 

as existing users are likely to abandon the site if it fails to offer useful information and the 
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community becomes less attractive to new users as well (Liang & Introne, 2019; Srba & 

Bielikova, 2016a). 

In comparison, little has been done to systematically examine Q&A communities from a 

broader socio-technical viewpoint. As a complex social system, whose performance and 

behavior are primarily the result of a large number of social agents’ (e.g., human beings) 

interactions and decisions and intrinsically difficult to model,  a Q&A community consists of 

several key components: users, moderators, information (i.e., questions and answers), and 

technical infrastructure. The connections and interactions between these components have a 

significant impact on the development of the system. Yet, despite the importance of studying this 

socio-technical system in its entirety, the majority of previous studies have extensively examined 

its individual components. Indeed, the integration of the key components can lead to 

improvements in the design of online Q&A communities because it can help to reveal the 

underlying structural outcomes of design decisions. Therefore, to extend these studies from the 

socio-technical perspective, this study aims to integrate its various components, including users, 

information, and technology, in order to offer a comprehensive and systemic understanding of 

how social Q&A communities sustain their development via the examination of their social 

structures and the dynamic of interactions between their members. Building on the integration, 

the study will further offer insights for community designers and moderators to better evaluate 

the impact and the trade-offs of various design decisions that can influence a community’s 

sustainability. 

From the perspective of information system and knowledge management, social Q&A 

represents an expertise sharing model, which puts more emphasis on interpersonal 

communications of knowledgeable actors (Ackerman et al., 2013). In the previous generation of 
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research, which can be described as the repository model, information and knowledge exist in 

physical records and documents, and is considered an externalized artifact or object (Ackerman 

et al., 2013). This body of work focuses on the technical aspects of knowledge repositories and 

the social context and usage of information artifacts. Since individuals retrieve knowledge 

mainly by searching the repository, interpersonal interactions are minimal in the process. As 

online communities and social media have become popular as platforms for knowledge sharing, 

the research focus has thus shifted away from the repository model to an expertise sharing 

model, where individuals’ engagement and interactions are crucial in the process. Rather than 

finding information by searching knowledge repositories, in this stage, individuals obtain 

answers to their questions by finding a person with the right expertise. However, individuals’ 

expertise is often in the form of tacit knowledge, and thus needs to be made explicit (Ackerman 

et al., 2013; Nonaka & Takeuchi, 1995). Therefore, it becomes critical for moderators and the 

designers of Q&A communities to properly design features and manage community members’ 

expertise in order to facilitate the knowledge sharing process. As interpersonal interactions play a 

key role in the expertise sharing model, an integrative approach that directly connects design 

decisions with individuals’ characteristics and behaviors becomes necessary. 

As Ren and Kraut (2014a) point out, conducting research to inform the design of online 

communities relies on synthesizing multiple relevant propositions and theories and clearly 

identifying how particular design choices influence the community outcomes designers intend to 

achieve. Although existing research has specifically examined expertise ranking, assessment, and 

prediction in Q&A communities, integration of community characteristics and user motivations 

is still necessary to understand the effects of the design decisions based on user expertise. Hence, 

the key research question in this dissertation is: how might the implementation of different design 
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decisions shape the sustainability of Q&A communities? To address this question, agent-based 

modeling will be applied to provide a systematic examination. In addition to the findings of the 

existing social Q&A literature, the study will also integrate a wide variety of theories from other 

areas in social science, including the Resource-based Theory (Butler, 2001), the Expectancy 

Theory (Vroom et al., 2005), and the Intrinsic/Extrinsic Motivation Theory (Ryan & Deci, 2000). 

These theories have been individually applied in online community research and explained why 

and how individuals participate in online communities and what sustains the system. The 

integration will increase the number of variables being examined simultaneously, thus offering a 

more comprehensive and realistic depiction of this complex social system compared to testing 

each individual theory in isolation. As a result, these social science theories will become more 

useful in guiding Q&A community design (Ren & Kraut, 2014a). Also, virtual experiments are 

conducted based on the simulation model to provide a systematic examination of how 

community design influence users’ interactions to shape the community. Hence, the 

understanding of social Q&A communities goes beyond the utility of information. Meanwhile, 

the study also has practical implications for community designers and moderators. Guided by a 

flexible computer model, community moderators and designers are able to foresee the potential 

outcome of their decisions rather than solely rely on intuitions or trial and error, thus proactively 

engineering information systems that are more efficient and attractive to users with various 

expertise and needs.  

Simulation results of the agent-based model, which is built upon empirical data from a 

large online Q&A community, reveal the relationship between two measures community 

designers and moderators can apply to manage individuals’ expertise and indicators of 

community sustainability. Specifically, when the following two design decisions (1) displaying 
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individuals’ expertise level in a community (expertise indication); and (2) recommending a 

question to answerers whose expertise matches the difficulty of the question, are implemented, 

both the membership size of a community and the proportion of solved questions are likely to be 

higher (question routing). In addition, implementing design decisions will also influence the 

member structure of a community. Question routing tends to prioritize experts’ questions so that 

they are more likely to stay in a community. On the other hand, expertise indication tends to 

attract more beginners as their questions are more likely to be solved. These findings thus shed 

light on the ways in which these design decisions should be leveraged according to the 

development stage a community is in, which will be discussed in detail in the discussion section.   

The rest of the dissertation is organized as follows. In Chapter 2, I will conduct a brief 

review of the existing literature on social Q&A communities and examine the key concepts and 

factors involved in this study. Next, I will describe the conceptual model of this study and raise 

research questions. 

In Chapter 3, I will introduce the agent-based model that is used to simulate online Q&A 

communities, including how the method is applied in other online community research and how 

the model is calibrated and validated in this study by the data from an existing Q&A community. 

In Chapter 4, I will present the simulation results to show how the design decisions 

influence a series of community outcomes, including the percentage of solved questions (i.e., 

success rate), membership size, and member attrition. 

In Chapter 5, I will summarize the results and discuss the theoretical and managerial 

implications of the study. 

In Chapter 6, I will provide some concluding remarks of the study.  
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Chapter 2  

LITERATURE REVIEW 

Social Q&A 

Definitions. Broadly speaking, social Q&A can refer to various types of platforms and 

services. Shah et al. (2009) summarized three major types of social Q&A services, including 

digital reference services, expert services, and community Q&A. Digital reference services 

involve reference librarians searching for information and providing answers back to library 

users, who are the questioners. Similarly, expert services are offered by various subject experts, 

who belong to commercial or non-commercial organizations. Both digital reference and expert 

services usually take place in the form of one-to-one interactions between a questioner (a service 

user) and an answerer (a librarian or an expert). In terms of social Q&A, one of the key features 

is that it allows individuals to ask and respond to questions in the form of social interactions 

involving multiple participants, rather than using keywords to obtain a list of documents in 

search engines. As the social component is fundamental in Q&A communities, in this study, I 

will follow Shah et al.’s (2009) definition, who defines social Q&A as an online service allowing 

a user to express their information need in natural language and other users to respond to 

questions; meanwhile, a community is built upon such social interactions between questioners 

and answerers.  

Essentially, social Q&A sites are public collaboration systems on the internet where 

information is shared and distributed among users. Because content is generated by users’ 

voluntary participation, there is no guarantee of answer quality; instead, questioners rely on “the 

wisdom of crowds—ask a hundred people to answer a question or solve a problem, and the 

average answer will often be at least as good as the answer of the smartest member” 
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(Surowiecki, 2005, p.11). The social interactions go beyond question asking and answering: 

users can also comment on the questions and answers, evaluate the quality of the information by 

voting, and earn rewards and recognition through their contributions. These social features 

facilitate the problem-solving and collaboration processes on these platforms and shape them 

into reservoirs of collective knowledge and wisdom. A good social Q&A platform can not only 

satisfy users’ information needs but also serve as a public knowledge base with lasting value.  

 

Table 1 

Examples of Online Q&A Communities 

Website Founded Features 

Knowledge iN 2002 The first Q&A website. 

Google Answers 2002 Fee-based. Discontinued in 2006. 

Yahoo! Answers 2005 One of the leading Q&A sites on the web. 

Baidu Knows 2005 The largest Q&A community in China. 

Reddit 2005 Users can create subreddits to ask 

questions on various topics. 

Stack Overflow 2008 Focuses on programming and software 

development. 

Quora 2009 Users can suggest edits to answers that 

have been submitted by others. 

Zhihu 2011 A big Chinese Q&A community with 

more than 100 million users. 
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The first online Q&A website, Knowledge iN, was set up in 2002 by a Korean 

corporation, Naver. After that, many online Q&A communities have begun to emerge on the 

internet around the world, which greatly expands the amount of information available on the 

web. Table 1 shows several examples of popular online Q&A communities. 

Current research. Recent literature has focused on different, discrete aspects of Q&A 

sites. Key among these aspects is the content and the quality of the information provided (Srba & 

Bielikova, 2016b), which includes question topics (Nie et al., 2014), question quality (Z. Liu & 

Jansen, 2013; Yao et al., 2015) and answer quality (Gkotsis et al., 2014; Harper et al., 2008; 

Toba et al., 2014). Another focal area in extant research is the classification and modeling of 

users’ behaviors and expertise (Furtado et al., 2013; Pal, Chang, et al., 2012; Zhang et al., 2007), 

which sheds light on the structures and the dynamics of various types of users in Q&A 

communities. 

On the other hand, the amount of research regarding the underlying knowledge sharing 

process and the longitudinal evolution of the social system that supports it is relatively small 

(Srba & Bielikova, 2016b). Some studies have applied social network analysis to understand the 

global communication patterns in Q&A communities and their growth (Adamic et al., 2008; 

Rechavi & Rafaeli, 2012; G. Wang et al., 2013), and a few studies have examined the knowledge 

sharing process at the thread level (Liang, 2017; G. A. Wang et al., 2014).  

As discussed, one of the directions to extend the existing research is to conduct a 

systematic investigation of how information quality, individuals’ characteristics and activities, 

and community structure are connected and how the interplay between these elements inform the 

system design that promotes its sustainability. Based on the extant findings, the current study 

will take a comprehensive approach to understand how some of the design decisions 
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implemented by community moderators will have an impact on individuals’ interactions, and 

how higher-level community outcomes will emerge from these interactions. Theoretically, this 

study can deepen the understanding of dynamics in Q&A communities by offering a systematic 

examination and an integration of theories and existing findings, which serves as the base for 

better Q&A community design. Meanwhile, from a practical point of view, a more granular 

approach to modeling community sustainability would be of great value for designers and 

moderators, as it helps to identify pathways through which particular design choices influence 

community performance, hence providing straightforward guidance on allocating resources and 

improving both efficiency and effectiveness in a community.   

Knowledge Sharing and Online Community Design 

Knowledge sharing in organizations. Supporting knowledge sharing and collaboration 

is fundamental to sustaining online Q&A communities as successful knowledge transfer and 

accumulation not only benefits community members themselves but also contributes to the 

community’s greater worth (Faraj et al., 2011). Wang and Noe (2010) reviewed studies of 

individual-level knowledge sharing from the knowledge management perspective and presented 

a framework with five focus areas: organizational context, interpersonal and team characteristics, 

cultural characteristics, individual characteristics, and motivation factors. These studies being 

reviwed have shown how different levels of environmental and individual elements influence 

knowledge sharing intentions and behaviors via motivational factors. Similarly, Ardichvili 

(2008) also discussed the motivators, barriers, and enablers of knowledge sharing in online 

communities, and argued that community designers and members are co-creators of a vibrant and 

productive online community, and thus designers should encourage participation and remove 

barriers based on individuals’ characteristics and community context.  
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Unlike previous research, which is situated in organizational settings, Faraj et al. (2011) 

argued that one of the fundamental characteristics of general online communities is fluidity, 

given that participants are not known to each other and join in with diverse interests and 

background. As a result, knowledge collaboration is established upon the absence of existing 

social ties in these communities. In fact, previous studies mainly focused on individuals’ or 

communities’ motivations in terms of knowledge contribution. Nonetheless, the fluidity 

perspective calls for more emphasis on the flow and connection of ideas, and technology 

platforms play a critical role in supporting these flows of ideas, activities, and interactions 

happening in online communities.  

Still, factors pertinent to the design of the technology platforms have not been adequately 

examined. Successful knowledge sharing depends heavily on the proper design of the platforms 

as it directly influences how individuals interact with each other and the results of their 

interactions. Due to the fluid nature of online communities, without a well-designed platform 

that can effectively manage the resources, information seekers may find it difficult to connect 

with persons with the right expertise and knowledge contributors may become less motivated if 

their contributions do not benefit others.  

Online Community Design. Some scholars and practitioners have already provided 

insights and suggestions in terms of online community design (e.g., Kraut et al., 2011; Preece, 

2000). Community design is implemented via numerous large and small decisions, which 

involve community structure and architecture, site navigation, information distribution, and 

interactions (Ren et al., 2007). Hence, in order to better inform community design via research, it 

often requires expanding and revising existing theories and combining multiple theories and 

findings. Iriberri and Leroy (2009) reviewed online communities research on design and success 
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factors and proposed a lifecycle framework to understand the evolution of online communities. 

Specifically, the life cycle of an online community has five stages, which are labeled as 

inception, creation, growth, maturity, and death. In each stage, they also identified different 

technology features that will be suitable for the stage to achieve success. They argued that an 

integrated and organized view of success factors can better facilitate community development.  

Additionally, Kraut et al. (2011) further incorporated findings from social psychology, 

organizational behavior, economics, and other social science research to inform online 

community design. Social science theories can not only provide ideas to solve design problems, 

but also predict the consequences of various design decisions. However, they also pointed out 

that one challenge in this line of research is how to appropriately apply the findings and 

implications from empirical studies and social science theories to online communities with 

various contexts and characteristics. Particularly, studies examining online community design 

from the knowledge sharing perspective is relatively limited, with motivations to share and 

community engagement being the focus (e.g., Chung et al., 2016; Hall & Graham, 2004). As 

knowledge sharing and collaboration are some of the most common activities in many online 

communities, in addition to motivating individuals to participate, it is also important to 

understand how to properly manage the knowledge as resources to benefit the participants via 

implementing different design decisions so that successful community building can be achieved.  

Sustainability of Online Communities 

Community sustainability. Social structures are sustainable when the provided benefits 

outweigh the cost of participation (Levine & Moreland, 1994). Users will continue to engage in 

the social interactions with others when they think what they obtain from the interactions 

outweighs the time and effort they spend (Vroom et al., 2005). Hence, the sustainability of online 
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communities relies on users’ continuous participation and consistent contributions (Butler, 2001; 

Wasko & Faraj, 2005). At the same time, users are able to continuously derive benefits from a 

community when the social system is sustainable over the long term (Butler, 2001). Particularly 

in social Q&A communities, members usually come with different interests, expertise, and 

activity levels, which bring different resources to the community (Furtado et al., 2013). In the 

meantime, members’ behaviors are interdependent: an individual’s decision to contribute or stay 

in the community can be influenced by others’ behaviors and changing over time. Through the 

interactions between the community members, knowledge and information are created and 

exchanged; and these social interactions play a vital role in determining the quantity and quality 

of the created content. Thus, a sustainable system helps to support more knowledge sharing 

initiatives and develop stronger relationships and coordination among its members (Wasko & 

Faraj, 2005).  

To understand how online groups and communities are sustained, Butler et al. (2007) 

discussed several key factors that are necessary to enable online group communication and 

sustain social interactions, as shown in Figure 1. First, it is critical for a community to have 

substantial financial support and investment, which cover a variety of expenditures, like 

software, hardware, and personnel. Online groups and communities may have various sources of 

funding, such as membership fees, advertising revenue, and internal funds. Only when operating 

costs are covered can online groups and communities maintain their infrastructure and support 

their development.  
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Technical infrastructures make it possible for users to utilize various tools and 

mechanisms to fulfill their needs via social interactions. In terms of knowledge sharing and 

management, modern internet technologies offer efficient and effective tools for knowledge 

creation, inquiry, storage, and distribution. Furthermore, users can evaluate and improve existing 

knowledge by interacting with one another via these technologies. Without proper technical 

infrastructures, social interactions on the internet will become difficult or even nonexistent. 

To ensure technical infrastructures function properly, infrastructure administration 

provided by technical specialists is necessary and critical. In addition to maintaining technical 

components and fixing issues, it is also important to improve existing infrastructure and develop 

new functionalities to satisfy the growing needs of users, groups, and organizations. An up-to-

date infrastructure plays a vital role in attracting new users and retaining existing ones. 

 

Figure 1 Key Elements of Online Community Sustainability. 
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Technical infrastructures provide space and tools to make group and community 

communication possible, and these tools and infrastructures need to be constantly utilized and 

maintained by members and moderators to sustain viable online groups. Therefore, social 

behaviors are necessary to sustain online groups and communities over time. These social 

behaviors include two important dimensions: social management and active participation. 

Internally, rules and regulations—i.e., social management—must be implemented to control 

improper use of the infrastructures, such as letting newcomers understand community norms, 

discouraging the misuse of community resources, interpreting community rules and resolving 

disputes, and punish those who engage in abusing the system or other inappropriate behaviors. 

Furthermore, desirable behaviors should be publicly recognized and rewarded to encourage more 

appropriate and constructive use of the community. Oftentimes, these management measures, 

both technical and social, are implemented through community design, which includes the 

navigation architecture, interaction features, organization structures, regulation policies, and so 

on (Ren et al., 2007). 

External promotion is another essential part of social management. Online communities 

are likely to collapse if there are no incoming new members while membership size is shrinking. 

It is thus critical to recruiting new members via promoting the community to the public so that 

more people can participate and bring in additional resources to the community. This can be 

done by interpersonal communication, like word-of-mouth, or through explicit promotion in 

other online spaces. Meanwhile, attracting new members also helps to encourage existing ones to 

interact with newcomers and contribute to the community. 

Another fundamental component of social behaviors is active participation from 

community members. The communication process between members makes benefit provision 
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and acquisition possible. Participation in online communities is often in the form of creating and 

consuming content and relies on members’ time, effort, and attention, which can be the most 

basic and important type of investment. Therefore, the goal of building solid technical 

infrastructures and conducting effective social management is to create a pleasant and reliable 

environment to engage more members in communication activities and ultimately sustain an 

online community. 

Among all the key factors mentioned above, I will primarily focus on the social 

management and behavior elements and associated technical features, including community 

design and management, and users’ participation under different design decisions. More 

specifically, in the following, I will discuss how the sustainability of Q&A communities is 

indicated by membership size and the outcome of communication activities, and how it is 

associated with user expertise and community structure. 

Community membership size. In order to attract users to participate and get engaged in 

online communities, these communities need to maintain a sufficiently large size (Butler, 2001; 

Markus, 1987). In fact, community size is often considered as one of the key indicators of 

community sustainability (Arguello et al., 2006; Butler et al., 2014; Ma & Agarwal, 2007). When 

a social structure maintains a sufficiently large and stable size, it shows its members that social 

interactions are active and vibrant on the platform (Markus, 1987), and a large amount of 

resources is available (Butler, 2001); thus, the members are more likely to derive benefits from 

the system, which is critical for the system to demonstrate its value and remain attractive (Butler 

et al., 2007; Ren et al., 2012). Nevertheless, changes in community size are the result of many 

users’ decisions based on their beliefs, preferences, and interactions with other members, which 

cannot be directly controlled (Butler et al., 2007). Therefore, community size is the outcome of 
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the interplay between individual choice and characteristics, communication activity, and 

technological features (Butler et al., 2014).  

Particularly in online Q&A communities, Dev, Geigle, Hu, Zheng, and Sundaram (2018) 

examined the relationship between community size and long-term health and sustainability of the 

community. The study demonstrates the dependency between community sustainability and 

membership size: content generation depends on user generation and content types; however, 

measures of community health (e.g., the percentage of questions being answered) can decrease as 

the size grows. Such observation is in accordance with evidence found in other types of 

communities as individuals’ willingness to contribute can be negatively impacted by an increase 

in community size (Jones et al., 2004; Kraut et al., 2012). One reason that Q&A communities 

can fail at scale is the increasing number of incoming negligent and undesired users generating 

low-quality content, which leads to a higher percentage of unsolved questions. Therefore, in 

order to fully understand community sustainability, in addition to membership size, we also need 

to take into account the user composition and the interaction network structure of a community. 

User composition and network structure. In online communities, users can often be 

categorized in various roles. Specifically, with respect to Q&A communities, a large body of 

research has sought to identify common user roles based upon social networks and structural 

signatures. The most salient roles in these online knowledge sharing spaces include question 

people, answer people, and discussion people (Adamic et al., 2008; Fisher et al., 2006; Nam et 

al., 2009). Question people start new threads and ask questions, answer people respond to 

existing posts, and discussion people post questions and also actively participate in other 

members’ discussions (i.e., they do both). These studies have painted a general picture of the 
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composition of users in Q&A communities and offered the basis for further understanding the 

social structure and dynamics of the system. 

Even though individuals may occupy the same social role, they can still be different with 

respect to many attributes, such as demographics, socioeconomic status, values, beliefs, 

expertise, and experience (Jehn et al., 1999). In fact, members of Q&A communities come to 

participate and make contributions for various motivations, such as recognition and reputation 

(Tausczik & Pennebaker, 2012; Wei et al., 2015), altruism (Wasko & Faraj, 2005), self-identity 

and group bonding (Bateman et al., 2011; Ma & Agarwal, 2007), and financial incentives (Hsieh 

et al., 2010). Therefore, based on their motivations, members will bring different resources to the 

community, which are also often associated with their roles (Gleave et al., 2009).  

Furthermore, such heterogeneity of members plays an important role in community 

sustainability (Markus, 1987; Oliver et al., 1985). The variance of resources and interests creates 

possibilities for members to obtain resources they are looking for from others; while at the same 

time giving them purposes by being able to benefit other communication partners through 

providing (distinct) resources they possess. Meanwhile, members can obtain access to a broader 

range of expertise and knowledge in a diverse community (J. Chen et al., 2010). Hence, social 

groups are more likely to sustain their long-term development when their members are 

characterized by heterogeneity (Markus, 1987; Oliver et al., 1985), and the subsequent dynamic 

balance of resources is key to the sustainability of the system (Welser et al., 2007). However, at 

the same time, it is important to note that too much diversity may increase disagreement and 

conflict within groups, thus reducing group cohesion and causing members to leave (J. Chen et 

al., 2010).   
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An additional model for understanding online communities is the core-periphery model, 

which exhibits a power-law pattern with respect to members’ participation (Raban & Harper, 

2007; Raban & Rafaeli, 2007). Active and knowledgeable members are often considered the core 

of an online community, who are a small portion of the total membership. Outside of the core are 

the peripheral members, who are usually less active and have lower expertise in the subject 

matter. Core members are connected to each other and peripheral members while peripheral 

members are only connected to the core. This type of network structure has been shown to be 

beneficial for the sustainability of online Q&A communities (Lu et al., 2014; Singh et al., 2011; 

Zhang et al., 2007). This structure can maintain a dynamic balance in terms of benefit seeking 

and provision, facilitate knowledge sharing, and is beneficial to the management of online 

communities (Bulgurcu et al., 2018). Yet despite these benefits, a core-periphery structure may 

create barriers for peripheral members to contribute (Lu et al., 2014). 

Based on the discussion above, the model developed in this study will incorporate 

individuals’ characteristics as well as the community structural patterns found in previous 

research, with an emphasis on information seeking and sharing behaviors.  

Communication activities. In online communities, communication activities are the 

basis of the process by which resources are transformed into benefits, and they are the key 

element connecting members with community sustainability (Butler, 2001). Particularly in Q&A 

communities, question posting and answering are the core communication activities. Both 

questioners and answerers are obtaining benefits from the Q&A process, in the sense that 

questioners post questions so that answerers are able to post replies and gain recognition by 

showing their knowledge and expertise while answerers can provide solutions to satisfy 

questioners’ information needs (Gleave et al., 2009). If no question is posted by information 
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seekers or questions fail to elicit replies from answerers, members are unlikely to receive any 

benefits from the community. Therefore, effective communication activities facilitate the 

knowledge sharing and problem-solving process in Q&A communities, as well as the 

development of stronger relationships and coordination among members (Wasko & Faraj, 2005). 

Consequently, the percentage of solved questions is often used as an indicator of the 

sustainability of Q&A communities (Dev et al., 2018; Srba & Bielikova, 2016a). When a 

community sees a relatively high proportion of unsolved questions, members are less likely to 

join and stay in the community as they fail to get their needs satisfied (Liang & Introne, 2019).  

The outcome of the Q&A process has been one of the primary focus areas of existing 

studies. A large body of literature has sought to directly evaluate the quality of the answers 

(Harper et al., 2008; Tausczik & Pennebaker, 2011), or predict which answer is likely to be 

selected as the best answer (Adamic et al., 2008; Tian et al., 2013). Others have examined 

questioners’ satisfaction with the answers received (Y. Liu et al., 2008). Moreover, some studies 

have sought to connect the quality of information with user types. Good quality answers are 

often provided by a small number of active users (Mamykina et al., 2011; Nam et al., 2009). 

Further, Furtado et al. (2013) provided a detailed investigation of the productivity of different 

types of users on Stack Exchange communities and showed how these users’ behaviors change 

over time. Srba and Bielikova (2016b) also studied Stack Overflow on a longitudinal basis and 

associated the increasing rate of unanswered questions of the site with the increasing number of 

novice and churning users.  

Still, a systematic investigation of the outcome of Q&A activities is lacking (e.g., Dev et 

al., 2018), which can limit the understanding of how to prevent failures and preserve the long-

term sustainability of Q&A communities. From the system design perspective, in addition to the 
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features associated with Q&A discussions and participants, it is also important to consider what 

interventions can be employed to moderate the activities so that beneficial behaviors can be 

promoted and questions are more likely to be solved. 

User expertise. In online Q&A communities, knowledge and information are no longer 

external artifacts; instead, they are situated in interpersonal communications. In other words, 

social interactions are an essential part of the system (Ackerman et al., 2003, 2013). Successful 

knowledge seeking and sharing relies on finding people with the right expertise and motivating 

them to contribute. Thus, user expertise plays a key role in community sustainability and it is 

thus crucial for community designers and moderators to better manage individuals’ expertise to 

facilitate knowledge exchange by actively implementing different design decisions.  

A large body of literature has examined user expertise in online Q&A communities, 

which predominantly focuses on expertise identification and assessment. User expertise can be 

measured on a global community level or on a specific topic level, which can also be referred to 

as user reputation and topic authority, respectively (Srba & Bielikova, 2016b). One common 

group of approaches to measure expertise is the graph-based method: individuals’ interactions 

are transformed into a social network and various ranking algorithms (e.g., PageRank) are 

employed to assess each individual’s expertise based on centrality measures (Aslay et al., 2013; 

Zhang et al., 2007). Another group of approaches is to predict expertise based on the track record 

of each individual, such as content, the number of posts, etc. (Movshovitz-Attias et al., 2013; Pal, 

Harper, et al., 2012).  

Nonetheless, some important issues with respect to user expertise have not been well 

addressed by the extant literature. Srba and Bielikova (2016b) pointed out that current 

approaches fail to manage members’ expertise properly, as they place too much emphasis on 
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questioners by directing most of the questions to the experts but tend to neglect the expectations 

of answerers, which can potentially result in an overuse of the capacity of highly knowledgeable 

members. Without proper moderation, community contributors are likely to leave, and the 

community will be inundated with low-quality content and become unsustainable. Therefore, a 

deeper exploration and examination of system design interventions to understand how to utilize 

members’ expertise more efficiently is necessary. 

Research Framework 

Figure 2 presents the conceptual framework of this study. Individuals come to online 

Q&A communities with various interests, preferences, and expertise. From the resource-based 

perspective, community members can be seen as providers of different kinds of resources, 

including attention, social engagement, and information. Community members also have needs, 

which may be met via the resources that others provide (Butler, 2001; Butler et al., 2007). 

Meanwhile, individual’s resources and needs are likely to be heterogeneous in online 

communities and such heterogeneity is a key factor in shaping collective goods as well as 

sustainability in social systems (Markus, 1987; Oliver et al., 1985). Furthermore, members 

interact with each other via posting questions and replies in Q&A communities. These 

communication activities enable these members to exchange resources; without effective 

interactions, a community may fail to sustain its development as members are not able to obtain 

benefits (Butler, 2001). 
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One challenge for community designers and moderators is the management of the 

resources, especially with respect to an individual’s expertise, as Q&A communities are a place 

where individuals seek and share knowledge and expertise. On the one hand, identifying and 

indicating an individual’s expertise can benefit problem-solving processes as it is easier for 

questioners to find out information and solutions they need based on answerers’ expertise. On 

the other hand, however, showing an individual’s expertise requires proper procedures and 

mechanisms to assess an individual’s knowledge and experience on the subject matter. 

Furthermore, it may discourage individuals with low expertise from contributing to the 

community since experts are more recognizable and tend to attract more attention. 

Question routing is another design intervention community moderators can employ to 

potentially achieve more efficient problem-solving. This approach recommends questions to 

possible answerers who have interests in and are suitable for solving them (Guo et al., 2008; Srba 

& Bielikova, 2016a). Question routing consists of three basic components: (a) a question profile 

representing its topics/difficulty; (b) a user profile representing their expertise/interest; (c) a 

Figure 2 Conceptual Framework of the Study 
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mechanism matching the question profile with all relevant user profiles (Guo et al., 2008). 

Therefore, question routing is also closely associated with individuals’ expertise. As an 

individual-level content moderation mechanism, question routing can be more effective in 

retaining members, especially when the message volume is large. Nonetheless, the individual 

convenience offered by this approach may come at the expense of overall community health due 

to a narrower scope of the community messages (Ren & Kraut, 2014b). 

The current study will examine the trade-offs of the design decisions managing online 

Q&A discussions based on individuals’ expertise, including expertise indication and questions 

routing. I aim to investigate the following questions by simulating virtual online communities 

using agent-based modeling: (1) How do expertise indication and question routing influence the 

sustainability of Q&A communities; (2) What are the trade-offs between the design decisions 

regarding various community outcomes, namely success rate, membership size, and member 

attrition?  
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Chapter 3  

METHOD 

In this study, I built an agent-based model drawing insights from existing findings as well 

as empirical data from an online Q&A community to examine the research questions. In the 

following sections, I will first introduce agent-based modeling and its application in online 

community research. I will also discuss the data source and how the model will be developed, 

calibrated, and validated based on the relevant findings and the data.  

Agent-based Modeling 

Computational simulations have become one of the most effective approaches to 

understanding social systems due to their capability in handling longitudinal and nonlinear social 

processes (Davis et al., 2007). Simulations are models that represent some of the characteristics 

of real-world processes, systems, events, and interactions via parameters calibrated upon some 

observations in real life (Lave & March, 1993; Law & Kelton, 2013). One of the advantages of 

simulations is allowing the manipulation of parameters to represent possible conditions, and thus 

virtual experiments can be conducted to systematically examine proposed research questions (K. 

M. Carley, 2001). Furthermore, simulations also help to yield propositions that can be used to 

inform both theory development and system design practices (Butler et al., 2014).  

As a form of computational simulation, agent-based modeling “enables a researcher to 

create, analyze, and experiment with models composed of agents that interact within an 

environment” (Gilbert, 2008). Researchers can often use the agents to represent various physical 

and social entities, such as human beings, organizations, animals, and particles. In a simulated 

environment, agents will follow certain stipulated rules to perform a series of actions and interact 
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with each other, so as to imitate and examine a wide variety of physical and social phenomena 

such as human communication and particle movement. 

Compared with other types of mathematical modeling, agent-based modeling can be 

employed in situations where system-level characteristics and structures are the results of 

individual-level agents’ actions and interactions (Ren & Kraut, 2014a). Hence, it is suitable for 

examining relationships in complex social systems, such as online communities, which are often 

nonlinear, non-deterministic, and evolutionary. It not only helps to understand how system-level 

patterns emerge from individuals' interactions over time but can also demonstrate how the 

variations in a set of factors affect the development of the system in a rigorous manner. From a 

socio-technical perspective, the simulated model offers insights for the mechanisms behind 

individuals' social behaviors and thereby contributes to the development of theories. At the same 

time, it also informs the design and management of the system by focusing on the variables of 

interest and the potential outcomes these variables will lead to (Ren & Kraut, 2014b). 

Additionally, in terms of theory development, agent-based modeling is especially suitable for 

bottom-up theorizing and for exploring, elaborating and extending underdeveloped theories with 

modest empirical or analytical grounding (Davis et al., 2007; Klein & Kozlowski, 2000).   

Several studies have been conducted to examine membership size and user commitment 

in online communities via agent-based modeling (e.g., Butler et al., 2014; Ren & Kraut, 2014b; 

Schweitzer & Garcia, 2010). Butler et al. (2014) extended the attraction-selection-attrition theory 

developed in traditional organizational settings (Schneider, 1987; Schneider et al., 1995) to 

online communities through introducing new technological features in their agent-based model. 

Specifically, the study theorizes how the time and effort required to engage with content and how 
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consistent the content topics are in an online community affect its sustainability, represented by 

its size and resilience. 

Furthermore, Ren and Kraut (2014b) demonstrated the value of agent-based modeling in 

examining dynamics in complex social systems and generating insights for online community 

design. The authors examined the effects of different design choices (topical breadth, message 

volume, and discussion moderation) on member commitment and contribution. They argued that 

the design of complex social systems requires to consider a larger set of parameters than social 

science research does, and agent-based modeling can synthesize findings from multiple social 

theories so that they can be applied to inform the design of online communities.  

Although scarce in existing literature, agent-based modeling is also applied in the setting 

of online Q&A communities. For example, Aumayr and Hayes (2014) show the dynamics in a 

Q&A community can be effectively modeled by a small set of agent attributes, including 

expertise, activity, and question-to-answer ratio. The study also finds out that the recency of 

content seems to be more important than the actual content itself in terms of accurately capturing 

the interactions and dynamics.  

Additionally, scholars have been leveraging the method to examine knowledge sharing 

behaviors (Hall & Graham, 2004; Jiang et al., 2014; Jolly & Wakeland, 2009; Kane & Alavi, 

2007; Nissen & Levitt, 2004; Xia et al., 2013). These studies demonstrate the benefits and 

advantages of agent-based simulations, particularly in the context of organizations. The focus of 

these studies has mainly been placed on simulating the flow of knowledge and employee 

behaviors and interactions within organizations. For example, Wang et al. (2009) used agent-

based models to help decision-makers to understand how knowledge sharing results from the 

interaction between employee behaviors and organizational interventions so that managers can 
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better devise and review policies and interventions to support more effective knowledge sharing. 

As the extant research has been centered around the management of employees, it is equally 

important to apply this method to examine the design of information systems and technologies 

that can facilitate (the management of) the knowledge sharing process, given the fact that 

enterprise social media have been gaining popularity within organizations as a platform for 

enabling serendipitous, informal, and collaborative knowledge-sharing (Kane, 2017; Leonardi, 

2014; Leonardi et al., 2013; Osch et al., 2015).  

To summarize, these studies offered a useful basis for the examination of social Q&A 

communities via agent-based modeling while also underscoring the applicability of this method. 

Unlike the existing studies, which put more emphasis on the high-level community outcomes, I 

will focus specifically on problem-solving interactions between users and evaluate the direct 

outcome of these interactions, i.e., whether a problem is solved or not. In Q&A communities, 

users interact with each other through question posting and answering, and when the questioner 

thinks the question has been sufficiently answered, the status of the question, which is visible to 

all users, will be changed from unsolved to solved. These features can provide a more concrete 

context to the model development process compared to the previous studies building on generic 

discussion-based communities (Aumayr & Hayes, 2014). 

Ren and Kraut (2014a) prescribe a seven-step roadmap to building agent-based models, 

which are followed in the current study, namely: (1) evaluate the appropriateness of agent-based 

modeling for the proposed research questions; (2) define boundary conditions and build a 

conceptual model; (3) translate the conceptual model into computational representations; (4) 

implement the model; (5) demonstrate the internal and external validity of the model; (6) 

experiment with the model; and (7) publish the model and results. Particularly, (1) and (2) have 
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been discussed in Chapter 2. (3), (4), and (5) correspond to the following Model Development, 

Model Calibration, and Model Validation sections, respectively. (6) and (7) will be conducted in 

Chapter 4 and Chapter 5.  

Model Development 

The agent-based model built in this study is essentially a discrete event simulation model, 

which advances in distinct “steps”. In each step, all agents are randomly activated to perform 

actions and system-level outcomes will emerge from these simultaneous actions of the 

autonomous agents. More specifically, the model consists of two parts: a platform and its users. 

A platform is a passive agent where users interact with each other. It accepts, disseminates, and 

moderates messages (including questions and answers) created by users. All community 

members interact with one another on a single platform. Users are modeled as active agents who 

can join a community, read and post messages, and leave a community. Over the process of 

simulation, the interactions between users and the platform and among users themselves may 

lead to different results of communication and community sustainability. The development of the 

model and the agents’ actions is similar to other studies employing agent-based modeling to 

investigate online community dynamics and interactions (Aumayr & Hayes, 2014; Butler et al., 

2014; Ren & Kraut, 2014b).  

Modeling a platform. In the model, a platform serves three main functions, including the 

design decisions: member tracking, question routing, and expertise indication (Table 2). An 

individual choosing to join a community will go through the member registration process, 

informing the platform to add the individual to the community member list, and thus the 

individual will be granted permission to submit messages to the platform. On the other hand, 

when an individual decides to leave the community, they will be marked as inactive on the 
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platform and removed from the model. Hence, the platform maintains a list of community 

membership based on individual member’s decision to join or leave, i.e., member tracking. 

 

Question routing refers to a platform’s capability to display the questions in a certain 

order to the members. When entering the platform, a member will be shown a list of questions 

submitted by the others. All questions concern a single subject matter (e.g., math, computer 

programming, etc.), while each question is modeled to have different levels of difficulty based 

on the questioner’s expertise (represented by a value between 0 and 1 exclusively). If no routing 

is applied, the questions will be listed in reverse chronological order, with the newest post shown 

first. If question routing is implemented, the question list is tailored to each member, and 

Table 2  

Platform Capabilities 

Platform Capabilities Explanation 

Member Tracking 

Maintaining a list of members based on individuals’ 

decisions to join or leave a community. 

Question Routing 

When implemented, a question will be more likely to rank 

higher on a member’s reading list if the question’s 

difficulty is closer to the member’s expertise; otherwise, all 

questions will be listed in reverse chronological order. 

Expertise Indication 

When implemented, each member will have a direct 

indicator of their expertise; otherwise, all members’ 

expertise is implicit. 
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questions matching a member’s expertise will be likely to have a higher priority on the list. In 

other words, if the absolute difference between a question’s difficulty and a member’s expertise 

is smaller, the question will be assigned a larger weight thus being more likely to rank higher on 

the question list. 

Expertise indication is a platform’s ability to identify and exhibit a member’s level of 

expertise regarding their knowledge on the subject matter. When an individual joins a 

community, its platform will prompt the individual to report their experience with the subject 

matter. With expertise indication implemented, each member will have an indicator of their 

expertise (such as a badge next to their username) so that a questioner can directly tell how 

experienced an answerer is, which has an impact on how likely the question will be solved. 

Otherwise, all members will appear to be more homogeneous and their expertise will become 

implicit. When the expertise levels are visible, a questioner will decide whether the question is 

solved based on the number of answers from each level of members; otherwise, the likelihood is 

predicted by the total number of answers received in a question. 

Modeling individuals. In this model, individuals are modeled as autonomous agents who 

possess different expertise, contribution likelihood, and preferences and their participation 

actions include joining and leaving the platform, as well as reading and posting messages 

(including questions and answers). Additionally, a member who posts a question can decide 

whether the question is solved or not based on the answers they receive. Following the 

expectancy theory (Vroom et al., 2005) and the resource-based theory (Butler, 2001), members 

take time and effort to participate in online communities and they also derive benefits from their 

participation; hence, their actions are motivated by evaluating the participation costs and 

benefits, and when benefits exceed costs, members will continue their engagement in a 
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community; otherwise, they will stop participating and leave the community. Community-level 

outcomes will then emerge from individual differences and their interactions over time. 

Individuals are modeled by three innate characteristics, which remain stable over the 

course of a simulation, including expertise, contribution likelihood, and contribution predilection 

(Table 3). Expertise (E) is represented by a value between 0 and 1, which indicates a member’s 

knowledge and experience with respect to the subject matter. An individual will further be 

categorized as one of the three levels of expertise based on the value: low, medium, and high. In 

this model, expertise is considered as the core characteristic of an individual. A high value of 

expertise suggests that an individual has extensive knowledge and experience of the subject 

matter so they are more likely to offer viable solutions to the questions, while low values indicate 

that an individual’s knowledge and experience are limited. Additionally, expertise not only 

determines the difficulty of the question posted but also influences the individual’s contribution 

likelihood and predilection. 
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An Individual’s decision to post messages in a community is modeled probabilistically as 

the contribution likelihood (CL). The likelihood is a value between 0 and 1, indicating how likely 

an individual will compose a message and submit it to the community platform. An individual 

with a low value is less likely to contribute messages and often considered as a “lurker”; while 

Table 3  

Individual Parameters 

Individual 

Parameters 

Explanation 

Expertise (E) 

The indicator of an individual’s knowledge and experience 

of the subject matter, which ranges from 0 to 1 and has 

three levels (low/mid/high). 

Contribution 

Likelihood (CL) 

The likelihood of an individual submitting a message to the 

community platform, which ranges from 0 to 1. 

Contribution 

Predilection (CP) 

The probability of an individual’s decision to submit a 

question to the community platform, which ranges from 0 

to 1. 

Participation Cost 

(C) 

The time and effort needed to compose a message and 

submit it to the community platform.  

Participation Benefit 

(B) 

The value derived from a solved question an individual is 

involved via asking the question or offering an answer. 
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an individual with a high value is more active on the platform to make contributions. Meanwhile, 

the likelihood also depends on an individual’s expertise: experts are more likely to be active 

contributors than individuals with low expertise. Furthermore, during each simulation step, an 

individual may have multiple opportunities to submit messages and the contribution likelihood 

will decay as the number of submitted messages increases so that an individual is unlikely to post 

new messages if they have already contributed many during the same time period.  

In addition, there are two types of contributions in a Q&A community: questions and 

answers. Therefore, the contribution predilection (CP) is used to model the probability of an 

individual’s decision to submit a question or an answer to the community platform, which is 

represented by a value between 0 and 1. Specifically, when the value is close to 1, it indicates 

that an individual will be more likely to submit a question and a value close to 0 suggests that an 

individual will be more likely to post an answer. Again, the contribution predilection depends on 

an individual’s expertise, and experts will post answers more often while individuals with low 

expertise will post more questions. Together, individuals’ contribution behaviors are 

probabilistically determined by expertise, contribution likelihood, and predilection. 

When participating in a community to seek information and share knowledge, members 

spend time and effort, i.e., the cost of participation, to obtain certain benefits (S. Wang & Noe, 

2010; Wasko & Faraj, 2005) (Table 3). Specifically, the benefits include accessing information 

to satisfy one’s needs and sharing information as a way to demonstrate competence and provide 

positive self-evaluation (Ren & Kraut, 2014b; Wasko & Faraj, 2005). A member’s ongoing 

engagement with a community is affected by their evaluation of the costs and the benefits of 

participation. The previous attributes (i.e., expertise, contribution likelihood, and predilection) 

determine how individuals contribute to the platform, whereas participation costs and benefits 
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are associated with the outcome of participation. Following Butler et al. (2014), for each 

submitted message, the participation cost (C) is a fixed value, which is between 0 and 1. On the 

other hand, an individual is more likely to derive benefits from their participation when the 

question they involve in (either by asking the question or offering an answer) gets solved. Hence, 

for each solved question, the participation benefit (B) an individual will receive is calculated as 

the cost plus a function of the contribution likelihood (CL – CL2). In other words, when an 

individual has a relatively high or low interest to contribute, the net benefit derived from a solved 

question (B – C) is smaller. In contrast, an individual with a moderate level of interest tends to 

receive larger net benefits (Butler et al., 2014). During each simulation step, each individual 

agent will update the net benefit they derive from their participation (B × N1 – C × N2, where N1 

is the number of solved questions and N2 is the number of questions the individual is involved 

in). Once an individual’s assessment of the net benefit falls below zero, they will stop 

participating in the community and thus be removed from the platform. 

Community Outcomes. This study will focus on several community-level outcomes that 

emerge from the community design decisions and the interactions of community members. The 

first outcome is success rate, or the percentage of solved questions in a certain time period. The 

second one is community size, which is the number of members who remain and continue to 

participate in the community. In addition, membership attrition measures the number of 

individuals who leave the community at the end of a particular time period. All these outcomes 

indicate how sustainable a Q&A community is regarding helping its members to find solutions to 

their questions as well as maintaining and expanding its size.  



35 

 

Model Calibration 

The next step is to connect the model parameters with the features and characteristics 

observed in real data, which is called model calibration (Bratley et al., 1987; A. Chen & 

Edgington, 2005). The calibration step ensures that a model can produce results that match real-

world phenomena within reasonable accuracy by tuning a model’s rules and parameters (K. 

Carley, 1996; Ren & Kraut, 2014a).  

In this study, I obtained data from a large online Q&A forum /r/excel, which is a 

sub-community (subreddit) launched in 2009 on Reddit.com, and features questions and answers 

concerning Microsoft Excel and VBA (Visual Basic for Applications) programming. On this 

platform, users can ask questions by starting new posts and later replies are organized as grouped 

messages, known as discussion threads. Once the problems are solved, they should change the 

status of the questions to ‘solved’, as requested by the community rules. In addition, users whose 

answers are accepted as solutions will be awarded virtual points, and all members can upvote 

questions and answers if they think the content is useful. 

The /r/excel forum provides an excellent opportunity for the research questions 

because the Reddit Q&A forum is a stable and successful community with more than 110,000 

subscribers. Given the large and diversified user base and active interactions among users, this 

community is thus suitable for understanding how the heterogeneity and the balance of resource 

exchanging between users are related to the development of the community. Meanwhile, this 

community is actively managed by a group of moderators, with both community and user-level 

routing, which facilitates the investigation of the effects of routing. This community represents a 

specific type of social Q&A platform where users mainly look for instrumental and factual 
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information as opposed to emotional support; hence, the analysis will specifically focus on 

knowledge seeking and offering behaviors. 

The dataset contains a trace of 29-month of activities in the community, starting from 

January 1, 2015, resulting in a dataset containing 32,733 questions and 193,769 replies in total. 

The data collection period is chosen to be long enough to observe adequate and meaningful 

changes. To perform model calibration, 80% of the questions (26,186) are randomly selected. 

When an individual becomes a new member of a community, their expertise needs to be 

specified. As individuals with extensive knowledge are more likely to provide viable solutions to 

questions they see in the community, to calibrate expertise, I examined the number of questions 

solved by each individual. The percentiles are shown in Table 4, starting from the 90th to the 

100th, suggesting that the majority of the members did not solve any questions during the data 

collection period (about 90%) while less than two percent of the members solved more than five 

questions. Based on the results, an individual’s expertise will fall into one of the three levels, 

including low, medium, and high, with different probabilities. More specifically, the expertise is 

modeled as a random number with a value ranging from 0 to 1. The value will fall between 0 and 

0.33 with a probability of 90%, indicating a low level of expertise (corresponding to individuals 

who never solved a question). It will fall between 0.33 and 0.66 with a probability of 8%, 

indicating a medium level of expertise (corresponding to individuals who solved one to five 

questions). The expertise will take a value between 0.66 and 1 with a probability of 2%, 

representing a high level of expertise (corresponding to individuals who solved more than five 

questions).  
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In addition, the number of individuals becoming new members at the beginning of each 

simulation step is calibrated by the number of new members per day in the calibration dataset. I 

used a series of goodness-of-fit plots (density plot, cumulative distribution function plot, 

probability-probability plot, and quantile-quantile plot) to determine which probability 

distribution best fits the empirical that. Results suggest that a normal distribution with μ = 24.38 

and σ = 10.35 best fits the empirical data. Thus, the number of new individual agents entering the 

Table 4  

The Percentiles of the Number of Solved Questions by an Individual (from 90th to 

100th) 

Percentile 

Number of Solved 

Questions by an 

Individual 

90% 0 

91% - 95% 1 

96% 2 

97% 3 

98% 5 

99% 13 

100% 1290 
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model at the beginning of each simulation step will be randomly drawn from this normal 

distribution. 

For each individual, the number of messages contributed per day over the observation 

period is used to determine the contribution likelihood, which represents the probability of an 

individual submitting messages to the community platform. The contribution likelihood is 

examined separately for each expertise level, and probability plots are applied to decide which 

distribution fits the data best. For the low expertise level, the empirical data follows a log-normal 

distribution with μ = -4.59 and σ = 1.1; for the medium level, the data follows a log-normal 

distribution with μ = -4.17 and σ = 1.17; for the high level, the data follows a log-normal 

distribution with μ = -1.98 and σ = 1.12. 

The contribution predilection is calibrated by the proportion of questions posted by each 

expertise level of individuals. Of all questions posted during the data collection period, 90% 

come from low expertise individuals, 7% come from the medium level and 3% come from 

individuals with high expertise. Therefore, if a low expertise individual decides to submit a new 

message (either a question or an answer), the message will be a question with a probability of 

90%. An individual with medium expertise will post a question with a probability of 7% and a 

high expertise individual will post a question with a probability of 3%. 

As mentioned above, an individual may submit more than one message during one 

simulation step. The model assumes that as the number of contributed messages increase, the 

probability of submitting additional messages will decline. However, this cannot be directly 

observed from the calibration data, therefore the values will be selected based on prior research 

or inferred by other observable data (Law & Kelton, 2013). For each additional answer 

contributed by an individual, the probability will reduce by five percent. On the other hand, 
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given that the majority (70%) of the members submit less than two questions over the 

observation period, the decay of the likelihood to submit additional questions is larger than the 

one for answers. Specifically, for each additional question submitted, the probability will reduce 

by approximately 63% (i.e., 1 – 1/e, where e is the base of the natural logarithm).  

Since the participation cost is not directly observable from the calibration dataset and is 

not the primary focus of the study, following Butler et al. (2014), the cost for submitting a 

question is set as 0.3 while the cost for an answer is 0.075 (given that on average the length of a 

question is four times longer than the one of an answer). Similarly, the benefit of posting an 

answer will be a quarter of the one for submitting a question. 

There are two design decisions examined in this study: question routing and expertise 

indication. If question routing is implemented, the community platform will customize a list of 

questions for each individual to read based on their expertise. First, the platform will calculate 

the absolute difference between the difficulty of the submitted questions and each individual’s 

expertise, which is a value between 0 and 1. Based on the difference, the platform will assign a 

weight to each question, which is one minus the difference, and thus the larger the difference, the 

lower the weight. Next, the platform will order the questions using the weights as probabilities, 

so the larger the weight, the more likely the question will rank higher on the list. If question 

routing is not implemented, the questions will be ordered in reverse chronological order so newer 

questions will rank higher on the list and all individuals will see the same list. 

Additionally, when reading through the list of questions, each individual will also 

evaluate the difficulty of the questions by themselves and if the individual thinks the difference 

between the difficulty of a question and their expertise is relatively large (greater than 0.3), the 

likelihood to answer the question is reduced by 20%.  
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When expertise indication is indicated, each individual’s expertise level will be displayed 

on the community platform. As questioners are able to see the expertise level of the answerers, 

their decisions on whether the questions are solved are based on the number of answers from 

members with each expertise level as well as the expertise level of the questioners themselves. 

Using the calibration data, the process is modeled by logistic regression, shown as follows. 

Specifically, the log-odds of a question being solved are estimated by plugging in the numbers of 

answerers to the equations. Then, the probability can be calculated based on the log odds. 

𝑙𝑜𝑔𝑖𝑡(𝑃(𝑎 𝑞𝑢𝑒𝑠𝑡𝑖𝑜𝑛 𝑓𝑟𝑜𝑚 𝑎 𝑙𝑜𝑤 𝑒𝑥𝑝𝑒𝑟𝑡𝑖𝑠𝑒 𝑚𝑒𝑚𝑏𝑒𝑟 𝑏𝑒𝑖𝑛𝑔 𝑠𝑜𝑙𝑣𝑒𝑑))

= .72 + .11 × # of answers from high expertise members 

−  .06 × # of answers from medium expertise members  

− .14 × # of answers from low expertise members 

𝑙𝑜𝑔𝑖𝑡(𝑃(𝑎 𝑞𝑢𝑒𝑠𝑡𝑖𝑜𝑛 𝑓𝑟𝑜𝑚 𝑎 𝑚𝑒𝑑𝑖𝑢𝑚 𝑒𝑥𝑝𝑒𝑟𝑡𝑖𝑠𝑒 𝑚𝑒𝑚𝑏𝑒𝑟 𝑏𝑒𝑖𝑛𝑔 𝑠𝑜𝑙𝑣𝑒𝑑))

= .64 + .13 × # of answers from high expertise members 

−  .13 × # of answers from medium expertise members  

− .14 × # of answers from low expertise members 

𝑙𝑜𝑔𝑖𝑡(𝑃(𝑎 𝑞𝑢𝑒𝑠𝑡𝑖𝑜𝑛 𝑓𝑟𝑜𝑚 𝑎 ℎ𝑖𝑔ℎ 𝑒𝑥𝑝𝑒𝑟𝑡𝑖𝑠𝑒 𝑚𝑒𝑚𝑏𝑒𝑟 𝑏𝑒𝑖𝑛𝑔 𝑠𝑜𝑙𝑣𝑒𝑑))

= .84 + .13 × # of answers from high expertise members 

−  .01 × # of answers from medium expertise members  

− .42 × # of answers from low expertise members 

If expertise indication is not implemented, questioners will decide whether their questions are 

solved based on the total number of answers received, which is also modeled by logistic 

regression. 
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𝑙𝑜𝑔𝑖𝑡(𝑃(𝑎 𝑞𝑢𝑒𝑠𝑡𝑖𝑜𝑛 𝑏𝑒𝑖𝑛𝑔 𝑠𝑜𝑙𝑣𝑒𝑑)) = .16 + .07 × # of answers  

To summarize, the agent-based model developed in this study consists of a community 

platform and a population of individuals. The community platform tracks individuals’ member 

status and activities, and two design decisions can be implemented: question routing and 

expertise indication. These decisions will determine how the individuals read and answer 

questions and affect how the questions will be solved. The population of members is modeled by 

specifying the number of new members entering the community platform as well as distribution 

parameters for expertise, contribution likelihood, and predilection. The distribution of expertise 

indicates how much knowledge and experience the individuals have on the subject matter. Based 

on the expertise, the distributions of contribution likelihood and predilection describe how 

individuals vary in terms of their message contribution tendency and type. Individuals can 

perform a set of actions on the platform based on some specified rules, including reading and 

posting messages, as well as changing the status of their questions. Meanwhile, there are costs 

and benefits associated with the actions, and individuals will calculate the net benefit to decide if 

they will continue to participate in the community.  

Figure 3 depicts a flowchart of an agent’s decisions in a simulation step. At the beginning 

of each step, the number of new members is drawn from the calibrated normal distribution. Each 

of the new and existing members will perform their actions following the flowchart and the 

outcome of their actions is the result of the calibrated parameters and specified rules, which are 

generally represented as probabilities. Each of the design decisions and agents’ actions will be 

implemented via individual functions in the computer program.  
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Figure 3 Flowchart of an Agent's Decisions in a Simulation Step 

 



43 

 

Model Validation 

Based on the calibrated parameters, model validation is conducted to compare model 

predictions with the corresponding data in a holdout sample so as to assess how well the two 

match (Ren & Kraut, 2014a). Both calibration and validation steps are necessary in building an 

agent-based model to ensure external validity so that the outcomes generated by the model 

reflect the phenomena in the real world (Taber & Timpone, 1996). Hence, the model can become 

a reasonable basis for the development of insights and propositions regarding the design of 

online Q&A communities. 

The agent-based model is developed using Mesa (Masad & Kazil, 2015), which is an 

agent-based modeling framework in Python, an interpreted, high-level, general-purpose 

programming language. Mesa is an open-source, Apache 2.0 licensed Python package that 

allows the easy implementation of the agent-based model with built-in components (e.g., spatial 

grids and agent schedulers). In fact, it is a Python counterpart to other popular multi-agent 

programmable modeling environments, such as NetLogo, Repast, or MASON. Additionally, 

Mesa is customizable based on the needs of users via programming. It also provides a browser-

based interface to visualize the simulation process and the results. Further, another advantage of 

using Mesa is that users can conduct virtual experiments and other statistical analyses by 

combining the results produced by Mesa with other powerful data analysis tools in Python. 

Given these features, Mesa is an ideal tool for the study to examine the implications of the design 

decisions of Q&A communities. The computer program implementing the model in this study is 

attached in the Appendix. 

The validation sample in this study contains 20% of the data which is not used for the 

calibration process. To perform the validation, the calibrated parameters were implemented in 
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the model, which is built in Mesa, to simulate 20 online communities. The percentage of solved 

questions (i.e., success rate) and the average number of answers in each question were recorded 

in each simulation. One-sample t-tests were then conducted to determine if the simulated values 

are statistically different from the empirical data in the validation dataset (percentage of solved 

questions = 0.64, average number of answers = 1.9). Results suggest that both the percentage of 

solved questions (M = 0.66, SD = 0.05, t(19) = 1.79, p = 0.09) and the average number of 

answers (M = 1.78, SD = 0.27, t(19) = -1.99, p = 0.06) in the simulation data are not statistically 

different from the empirical ones. Therefore, the validation shows that the model can reasonably 

approximate online Q&A communities found in the real world regarding the size and the 

outcome of the Q&A interactions.  
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Chapter 4 

 RESULTS 

A 2 (with/without expertise indication implementation) × 2 (with/without question 

routing implementation) factorial design virtual experiment is performed to examine the impact 

of the design decisions on three visible community outcomes: success rate, membership size, and 

membership attrition. In each combination, I ran 30 iterations with 30 seed members and 400 

steps. The seed members are essentially the same as the other members later entering the 

community and can be seen as the early members of the community. The steps are 

operationalized as days in real life and one step represents one day; moreover, the first 35 steps 

are used for model initialization and hence are not included in the data analysis. In total, there are 

120 simulated communities (N = 30 × 2 × 2), with 365 simulated steps each.  

Success Rate 

A two-way analysis of variance (ANOVA) was conducted to examine the effects of 

expertise indication and question routing on the success rate, which is the proportion of solved 

questions. Results show that the main effects are both significant: for expertise indication, F(2, 

117) = 285.38, p < 0.001; and for question routing, F(2, 117) =101.28, p < 0.001. Further, the 

interaction between the two main effects is examined via linear regression. The overall model is 

significant (F(3, 116) = 140.56, p < 0.001), and 78% of the variance can be accounted for by the 

model. As presented in Table 5, on average, the success rate is 11% higher when question 

routing is implemented and the other conditions remain the same; similarly, on average, the 

success rate is 17% higher when expertise indication is implemented with all other conditions 

being equal. Additionally, the interaction effect is negative and significant. As Figure 4 indicates, 

when question routing is not applied, i.e., questions are displayed in reverse chronological order, 
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the implementation of expertise indication results in a greater increase in the predicted success 

rate. 

 

Table 5  

Interaction Between Expertise Indication and Question Routing 

 

 Dependent variable: 

  

 Success rate Membership size Membership attrition 

 (1) (2) (3) 
 
Question routing 

implemented 

0.11*** 698.03*** -2.05*** 

(0.01) (79.82) (0.21) 
 

   

Expertise indication  

implemented 

0.17*** 1,125.33*** -3.22*** 

(0.01) (79.82) (0.21) 
 

   

Interaction -0.05*** -211.67 0.95*** 

(0.02) (112.88) (0.30) 
 

   

Intercept 0.51*** 6,160.27*** 9.68*** 

(0.01) (56.44) (0.15) 
 

Observations 120 120 120 

    

Adjusted R2 0.78 0.79 0.79 

F Statistic (df = 3; 116) 140.56*** 146.64*** 149.20*** 

 

Note: * p < 0.1; ** p < 0.05; *** p < 0.01 
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Figure 4 Interaction Effect on Success Rate  

Between Expertise Indication and Question Routing 

 

 

Figure 5 Interaction Effect on Membership Size  

Between Expertise Indication and Question Routing 
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Membership Size 

Results from the two-way ANOVA show that both expertise indication and question 

routing have significant main effects on the membership size. Specifically, for expertise 

indication, F(2, 117) = 319.43, p < 0.001; and for question routing, F(2, 117) =107.78, p < 0.001. 

Linear regression was also conducted, which is significant (F(3, 116) = 146.64, p < 0.001), and 

79% of the variance and be explained by the model. As shown in Table 5, a community by to 

have 698 more members when question routing is implemented while the other conditions 

remain the same; similarly, a community will have 1,125 more members on average when 

expertise indication is applied with the other conditions being equal. However, no significant 

interaction effect has been found (Figure 5). 

 

Figure 6 Interaction Effect on Membership Attrition  

Between Expertise Indication and Question Routing 
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Average Membership Attrition 

Again, the main effects of expertise indication and question routing on the average 

membership attrition are significant based on the two-way ANOVA. Regarding expertise 

indication, F(2, 117) = 306.25, p < 0.001; and for question routing, F(2, 117) = 100.76, p < 

0.001. The results of the linear regression are presented in Table 5. The overall model is 

significant (F(3, 116) = 149.20, p < 0.001) and 79% of the variance and be accounted for by the 

model. The results also indicate that a community is likely to lose about two more members per 

step (day) if question routing is not implemented, or about three more members per step if 

expertise indication is not implemented, with the other conditions remaining the same. 

Meanwhile, the interaction effect is positive and significant suggesting that when question 

routing is not implemented, the implementation of expertise indication results in a larger 

decrease in the average membership attrition (Figure 6). 

Percentages of Members by Expertise Level 

Overall, the adjusted R2 values of the ANOVA analyses suggest high effect sizes of the 

models. Besides significance testing, I also examined the changes in the percentages of members 

by expertise level to show how the simulated communities evolve under different design 

decisions. Based on the calibration results, the probability of a new member who has a low, 

medium, or high level of expertise is 90%, 8%, and 2%, respectively. When only expertise 

indication is implemented, the proportion of low expertise members keeps increasing over time 

(Figure 7). On the other hand, for the other three conditions, the proportion decreases at the 

beginning and starts to increase after a certain point. Moreover, the proportion of low expertise 

members at the end of the simulation is higher than the calibrated percentage (90%) when neither 

of the design decisions is implemented or only expertise indication is implemented. When only 
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question routing is employed, the proportion is about the same as the calibrated percentage. If 

both decisions are employed, the proportion drops below the calibrated percentage. 

In terms of the members with a medium level of expertise, for all four conditions, the 

proportion increases at the beginning and starts to decline after a certain point, as shown in 

Figure 8. Particularly, when only expertise indication is implemented, the proportion at the end 

of the simulation is lower than the calibrated value (8%) while the other three remain similar to 

the calibration results. 

When neither decision or only expertise indication is implemented, the proportion of high 

expertise members decreases over time and becomes lower than the calibrated value (2%) at the 

end of the simulation. The proportion remains relatively stable for the other two conditions and 

the proportion is highest when both decisions are implemented, which is depicted in Figure 9. 

 

 

Figure 7 Proportion of Low Expertise Members over the Simulation Period  

Under Each Condition 
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Figure 8 Proportion of Medium Expertise Members over the Simulation Period  

Under Each Condition 

 

Figure 9 Proportion of High Expertise Members over the Simulation Period  

Under Each Condition 
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Percentage of Solved Questions by Expertise Level 

Across all three expertise levels, the percentage of solved questions, i.e., the success rate, 

is the lowest when neither design decision is implemented and highest when both are applied on 

the platform. Among questions submitted by low expertise members (Figure 10), compared to 

the condition where only question routing is employed, the success rate tends to be higher when 

only expertise indication is implemented. On the contrary, among medium (Figure 11) and high 

expertise members’ questions (Figure 12), the implementation of question routing is more likely 

to produce a higher success rate than applying expertise indication. 

Additionally, the interactions between the expertise level and the design decisions are 

examined via linear regression. As Table 6 indicates, the interactions between the expertise level 

and question routing are significant while the interactions between the expertise level and 

expertise indication are not. Specifically, when question routing is implemented, on average, the 

success rate of low expertise members’ questions is 15% lower than the ones from high expertise 

members; similarly, the success rate of mid expertise members’ questions is 4% lower, with the 

other conditions being identical. Therefore, high expertise members’ questions are more likely to 

be solved when question routing is employed. 
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Figure 10 Percentage of Solved Questions Submitted by Low Expertise Members 

Under Each Condition 

 

 

Figure 11 Percentage of Solved Questions Submitted by Medium Expertise Members 

Under Each Condition 

 

 

 



54 

 

  

 

Figure 12 Percentage of Solved Questions Submitted by High Expertise Members 

Under Each Condition 
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Table 6  

Interaction Between Expertise Level and Design Decisions 

 Dependent variable: 

 Success Rate 

Low expertise 
-0.01 

(0.01) 
  

Mid expertise 
0.01 

(0.01) 
  

Question routing 

implemented 

0.19*** 

(0.01) 
 

 

Expertise indication  

implemented 

0.25*** 

(0.01) 
  

Low expertise : Expertise indication  

implemented 

-0.03 

(0.02) 
  

Mid expertise : Expertise indication  

implemented 

-0.03 

(0.02) 
  

Low expertise : Question routing  

implemented 

-0.15*** 

(0.02) 
  

Mid expertise : Question routing  

implemented 

-0.04** 

(0.02) 
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Table 6 (cont’d) 

 Dependent 

variable: 

 Success Rate 

Expertise indication implemented : Question routing 

implemented 
-0.05*** 

(0.02) 
  

Low expertise: Expertise indication implemented : 

Question routing implemented 

0.002 

(0.03) 
  

Mid expertise : Expertise indication implemented : 

Question routing implemented 

-0.01 

(0.03) 
  

Intercept 
0.52*** 

(0.01) 

Observations 360 

Adjusted R2 0.85 

F Statistic (df = 11; 348) 186.01***  

Note:                                                   * p < 0.1; ** p < 0.05; *** p < 0.01 
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Chapter 5 

DISCUSSION 

Summary of Findings 

The current study investigated how two design decisions, question routing and expertise 

indication, influence the sustainability of social Q&A communities through agent-based 

modeling, a computational simulation method to examine how system-level outcomes emerge 

from individual-level interactions. The results indicate that implementing the two design 

decisions helps a Q&A community to increase its membership size as well as success rate, and 

reduce membership attrition. Question routing enables the community to recommend questions 

to suitable answerers in terms of expertise, which can reduce the number of unsolved questions. 

In contrast, if question routing is applied, other high expertise members are more likely to come 

across and answer difficult questions, especially when the message volume is large in the 

community, which helps the community attract and retain more users. In the meantime, question 

routing also encourages members to answer questions, as the model assumes that individuals are 

prone to offer answers when the difficulty of a question is within a certain range of their 

expertise. 

Expertise indication makes members’ expertise level visible in the community so it is 

easier for questioners to identify information that is more useful and reliable based on the 

answerers’ expertise, thus facilitating the problem-solving process. In other words, members are 

more likely to gain benefits from the questions they asked, and thus continue to participate in the 

community.  

Furthermore, these design decisions have different effects on members with different 

expertise levels. When question routing is implemented, the questions submitted by low 
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expertise members are less likely to be solved than the ones from medium and high expertise 

members. This is due to the fact that with question routing, low expertise members’ questions 

tend to rank lower on medium and high expertise members’ reading lists. The difference between 

the success rates is even larger when both decisions are implemented, where the success rate of 

high expertise members’ questions is the highest, followed by medium and low expertise 

members’ questions. Therefore, members with higher expertise tend to benefit more with the 

implementation of question routing. Without question routing, these members, who tend to ask 

difficult questions, may find it hard to obtain satisfactory answerers within a relatively short 

amount of time, thus becoming less engaged in or even leaving the community. 

Additionally, if both decisions are implemented, the distribution of members with 

different levels of expertise in the simulated data is close to the one in the calibration data. 

Nonetheless, the proportion of high expertise members is lower than the calibrated value if only 

one or neither of the decisions is implemented, suggesting that these members are more likely to 

leave the platform as the participation costs exceed the benefits they obtain. On the other hand, 

under the same conditions, the percentage of low expertise members is higher than the calibrated 

value, especially when question routing is not applied. In fact, since low expertise members are 

the majority of the platform, they contribute most of the questions, which are more likely to be 

read and answered by the others. However, when both decisions are implemented, the platform 

tends to prioritize questions submitted by higher expertise members, thus reducing the benefits 

low expertise members can obtain from the platform. As a result, these members are less likely 

to stay involved in the community.  
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Theoretical Implications 

Through building an agent-based model, the current study incorporates some of the 

findings from existing literature on online Q&A community research and provides a detailed 

examination of how the sustainability of the system is shaped by individual activities and 

interactions, depending on the design of the system. More specifically, the study contributes to 

the online Q&A community literature by showing how individuals’ behaviors and community 

outcomes are influenced by different design decisions over time and the possible trade-offs of 

these decisions. 

The study focuses on two design decisions, question routing and expertise indication, 

both of which are based on individuals’ knowledge and experience of a certain subject matter. As 

one of the most important resources in Q&A communities, individuals’ expertise is critical in 

facilitating the problem-solving process and sustaining the development of a community. 

However, for information seekers, finding suitable answerers who are likely to provide 

satisfactory solutions in a reasonable time can often be challenging, especially in a large 

community. These measures pertain to the recognition and the allocation of individuals’ 

expertise and can be leveraged to improve the efficiency of the system and contribute to better 

management of individuals’ expertise in the community. The results suggest that a Q&A 

community can achieve better overall outcomes (i.e., a higher success rate of solving questions, a 

larger membership size, and lower membership attrition) by implementing the design decisions. 

In previous studies, psychology and human-computer interaction scholars have already 

demonstrated that the outcome of online Q&A interactions is affected by the expertise difference 

between questioners and answerers (Isaacs & Clark, 1987; Pollack, 1985). Although questioners 

are more likely to benefit from answers coming from individuals with more expert on the topic, a 
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larger expertise difference does not increase the benefits the questioners will receive (White & 

Richardson, 2012). Therefore, question routing helps to match questioners with answerers who 

have an appropriate expertise level so that the most expertise answerers, who usually account for 

a very small proportion of the community members, can be reserved for the most knowledgeable 

questioners. Moreover, compared to the questions submitted by novices, some of the experts may 

be more interested in handling difficult questions asked by other experienced members. Question 

routing thus benefits these members by recommending questions matching their interests, which 

encourages them to continuously participate in the community.    

Meanwhile, social Q&A sites rely on user-generated content to answer users’ questions 

and establishing trust in other users is thus important for the development of the communities, 

especially when the volume of information is large and users need cues of trustworthiness to sift 

through the available information in order to find out viable solutions (Golbeck & Fleischmann, 

2010). Therefore, the indication of an individual’s expertise can serve as a strong cue of the 

reliability of the information the individual provided, and it becomes easier for the questioners to 

obtain information that satisfies their needs. Also, expertise indication can help answerers to 

build reputations and establish trust with other users so that they will be more visible in the 

community and their contributions will be more noticeable as well.  

Nonetheless, implementing these design decisions comes with trade-offs. Individuals 

who are active and have higher expertise levels are more likely to obtain benefits from the 

community when question routing and expertise indication are applied; on the other hand, the 

community may become less attractive to novices and light users. As mentioned above, Q&A 

communities often exhibit a core-periphery structure, where a small group of core members 

supports a much larger group of peripheral members via active participation. These design 
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decisions help to maintain a relatively stable core in the community by facilitating the 

connections between the central users; however, they also tend to reduce the possibility for the 

peripheral users to establish connections to the core. Thus, the core-periphery structure will be 

strengthened. Based on the data from a social customer support forum, Lu, Singh, and Sun 

(2014) found that individual members are more inclined to answer questions submitted by core 

members and therefore overtime the core-periphery structure creates barriers for peripheral users 

to seek knowledge as their expectations of receiving a solution is low. Nevertheless, it is worth 

noting that in Q&A communities, core members are more likely to be answerers while peripheral 

individuals tend to be questioners. It is hence critical to maintaining a stable group of core 

members so that they can consistently make contributions to support the peripheral members as 

the community expands (Liang & Introne, 2019; Welser et al., 2007). Therefore, the 

implementation of the design decisions should take into account maintaining an appropriate 

balance between members with different levels of expertise and activity. Since an online Q&A 

community will experience different stages during its development, the design and moderation of 

the community should change accordingly. There is unlikely to be a universally optimal design 

for all circumstances. 

Furthermore, the agent-based model built in this study provides a more comprehensive 

and extensible examination of how Q&A communities operate based on individuals’ interactions 

and decisions. The simulations can not only predict the community outcomes of the design 

decisions but also offer a more granular view of how the community evolves over time. 

Additionally, the study connects many findings and propositions in existing social Q&A and 

online community literature, thus creating a more comprehensive picture to inform social Q&A 

community theory and design.  
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From a broader viewpoint, this study contributes to the larger online community and 

knowledge management literature in several ways. First, given that the current knowledge 

research management research predominantly concentrates on individuals’ motivations and 

characteristics, the current study extends the research by examining individuals’ knowledge 

sharing behaviors and the design factors that support these interactions. Second, the study also 

provides more specific design insights regarding information seeking and expertise management 

that will not only apply to Q&A communities but also contribute to the success of other types of 

online communities by helping to facilitate the flow of information and promote effective 

interactions between individuals. Moreover, compared to the extent online community and 

knowledge management literature employing agent-based modeling to examine the design of 

information systems and communities (e.g., Nissen & Levitt, 2004; Ren & Kraut, 2014b), the 

current study provides greater fidelity and insights into understanding how individuals achieve 

different communication outcomes under different design decisions, and how community 

sustainability is further driven by the outcomes. 

Managerial Implications 

Based on the findings of the study, to better manage online Q&A communities via 

implementing the design decisions, community moderators and managers may want to consider 

several key issues pertaining to community structure and characteristics. For many new 

communities, the primary goal is usually to attract more new users and reach critical mass. At 

this stage, the amount of content is relatively low so community moderators should focus more 

on helping the newcomers to find solutions and facilitate the problem-solving process via 

expertise indication, which will expand the membership size and a community can maintain a 

certain level of traffic to sustain its development. As a community grows, question routing may 
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become important, especially when the community is susceptible to the increasing amount of 

low-quality content created by undesired users (Srba & Bielikova, 2016a). Also, with question 

routing, it is easier for core members to connect with each other, thus contributing to a stronger 

core to support more community activities.  

Another key issue to take into account is the structure of a community. Typically, an 

online Q&A community consists of a large number of infrequent users as questioners and a small 

number of active and knowledgeable users as answerers (Mamykina et al., 2011). However, 

when high expertise members in the community also actively ask questions, community 

moderators should be cautious about employing the design decisions, as these questions are 

likely to draw more attention from the community members thus hindering newcomers from 

seeking help (Lu et al., 2014). In this case, community moderators may want to adjust the 

underlying algorithm to promote the priority and visibility of the questions from newcomers and 

beginners. 

Moreover, identifying and assessing members’ expertise is the first step towards 

implementing these design decisions. In fact, use expertise is one of the focuses of social Q&A 

research (e.g., Movshovitz-Attias et al., 2013; Pal et al., 2011; Pal, Harper, et al., 2012). Perhaps 

the most straightforward way to evaluate individuals’ expertise is through self-reporting, i.e., ask 

the individuals to assess their expertise themselves. Another common approach is to let other 

users evaluate the quality of the answers and give points to the answerer for good quality 

contributions. Additionally, other features, including both textual and non-textual ones, have also 

been employed to better assess and predict individuals’ knowledge and experience. Community 

moderators can thus combine available features and information to properly evaluate users’ 

expertise level in order to implement the design decisions. 
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The model can further be extended and incorporated into the system so that community 

designers and moderators can utilize the model to predict potential outcomes of different design 

decisions based on the specific context of the community and the characteristics of its members. 

As Ren and Kraut (2014a) pointed out, beyond theory development, agent-based models can 

serve as a dynamic decision-making tool for designers to simulate experiments by varying 

multiple parameters at the same time. Hence, it is easier for community designers to foresee 

potential problems and take more proactive measures to facilitate members’ interactions. 

In addition, as more and more people are transitioning to an online collaborative working 

environment, especially in times of public health crisis, it becomes more imperative for 

organizations and enterprises to develop and improve the design of online knowledge sharing 

and collaboration platforms. Given individuals’ heavy reliance on these technologies, the current 

study sheds light on understanding how to achieve better management of members’ expertise and 

facilitate the information seeking process by leveraging the design of technology. Further, the 

model can be modified to incorporate the influx of a large number of new members to the 

platform when a crisis happens to examine how implementing different design decisions helps 

the system to adapt to the change. 

Limitations and Future Research 

The current study has several limitations in terms of its scope and the research method. 

The sustainability of online Q&A communities is a relatively broad issue and the study only 

focuses on a subset of the critical factors and the relevant design decisions. Meanwhile, the 

simulation model is established on assumptions that simplify the reality in order to capture the 

gist of individuals’ motivations and interactions and make the model interpretable. Thus, in this 

section, I will discuss the limitations of the study and how it can be extended for future research. 
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First, it is important to specify the boundary conditions of the study and the model. As 

mentioned, technological infrastructures and financial resources are closely related to the 

sustainability of Q&A communities, which include topics about data storage and processing, user 

interface design, business operations, and so on. Nonetheless, these topics require other domains 

of knowledge, such as computer science and business administration, and thus are beyond the 

scope of the study. Future research can extend the study by combining the technological and/or 

financial elements of Q&A communities and explore how these elements interact with the social 

ones to provide a more comprehensive view of the sustainability of the system. 

The simulation is based on one type of Q&A community where its members are primarily 

seeking and offering information support. In some other types of Q&A communities, such as 

health, interpersonal relationship, or hobby-related ones, individuals may also look for emotional 

support and networking. Individuals’ motivations and the way they interact differ in part with 

respect to the context of a community. For example, an individual in a health support Q&A 

community may benefit not only from their question being solved but also from being 

emotionally supported by their peers. Therefore, to generalize the findings of the study to a 

broader set of Q&A communities, one may want to integrate additional factors into the model. 

One potential direction for future research is to consider relational benefits and examine the 

outcomes of design decisions associated with members’ social relations in a community. 

For simplicity’s sake, the model assumes that individuals’ expertise, interests, and 

preferences are formed before they join the simulated platform and remain unchanged over time. 

Nevertheless, this assumption may not hold in reality as it is likely that individuals can gain more 

experience and knowledge through their participation and interactions with others, and their 

behaviors will also change accordingly. Therefore, future studies can further model individuals’ 
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characteristics from a dynamic perspective. For instance, one can first empirically investigate 

how a novice becomes a more knowledgeable member and shifts their behavior from submitting 

questions to posting answers; and then turn the empirical findings into parameters and functions 

in an agent-based model for more realistic simulations. In Appendix D, the original model is 

extended by allowing members’ expertise to be variable. The results are mainly the same except 

for the changes in member composition over time, which will be discussed in detail in Appendix 

D. Additionally, future research can incorporate more variations of the model parameters to 

further examine the impact of agents’ interactions. For instance, studies in the future can apply 

mathematical and probabilistic models to simulate participation benefits and costs. Future studies 

can also model the initial stage of a community separately to examine how it will impact the 

development of the community. 

Another direction for future research is to explore the user composition of online Q&A 

communities. Unlike the one I simulated in this study, some communities may consist of a 

smaller number of beginners and novices and a bigger portion of knowledgeable members and 

experts. It is interesting to examine if the effects of the design decisions still exist as the 

difference in members’ expertise is smaller in this case. In addition, future studies can also 

include undesired groups of users in the model, such as churners and vandalizers. In fact, the 

emergence and prevalence of these users have become one of the problems impacting the 

sustainability of the system (Srba & Bielikova, 2016a). It is hence critical to understand what 

design decisions can be utilized to reduce and eliminate the negative impacts and promote 

community health. 

Moreover, similar research can also be conducted in organizational and enterprise 

settings where organizational knowledge and expertise sharing have been benefited by the 
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adoption of enterprise social media (ESM). Despite sharing important similarities with general 

online communities in terms of the fluidity of activities and collaboration among individuals who 

are usually unknown to each other (Faraj et al., 2011), ESM exhibit several distinctive 

characteristics as individuals’ participation can often lead to certain offline benefits including 

positive performance reviews and promotions (Bulgurcu et al., 2018). As a relatively new 

domain of inquiry, the study of knowledge sharing and collaboration via ESM relies on the 

existing theories and findings of online communities outside of enterprise settings. Meanwhile, 

extending the current research to model knowledge sharing interactions in organizations can 

yield novel insights about system dynamics and the impact of design decisions regarding 

problem-solving and expertise sharing that may not be observed outside enterprises. 
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Chapter 6 

CONCLUSION 

A successful online Q&A community enables its members to find and share their 

knowledge and expertise and is an indispensable source of information on the World Wide Web. 

Its sustainability not only relies on the members’ contributions but also on community designers’ 

and moderators’ careful management and interventions. In this study, I provided a socio-

technological perspective to investigate the design of Q&A communities as a social system, 

particularly focusing on user expertise. This investigation thus emphasizes interpersonal 

interactions in the knowledge sharing process, i.e., finding people with the right expertise. One 

of the strengths of this study is that it integrates the key components in the system, including 

individuals and information, into a dynamic process. By doing so, it allows researchers and 

practitioners to take a closer look at how system-level outcomes are influenced by different 

design decisions over time. Meanwhile, such integration makes it easier and more 

straightforward for designers and moderators to actively make decisions to promote the health of 

a community based on a systematic view of members’ characteristics, motivations, and 

interactions. 

Being an emergent social system that involves multiple types of actors interacting with 

each other by means of technology infrastructures and functions, online Q&A communities pose 

a challenge for researchers who are interested in understanding the underlying dynamics and 

processes due to their inherent complexity. The current study incorporates various theoretical 

perspectives, and combines empirical data with computational simulations, to develop a dynamic 

model that is relatively parsimonious yet able to present fundamental understandings of how a 

Q&A community sustains its development. Moreover, the flexibility of the model allows for 
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further integration of additional insights and features so that the model can be expanded and 

augmented according to researchers’ and designers’ specific goals and needs. Building upon this 

study, more experiments and tests can be conducted to deepen the theoretical understanding of 

online Q&A communities and inform better system design. 
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APPENDIX A 

Goodness-of-fit Plots for Fits of Attraction Rates and Contribution Likelihood

 

Figure 13 Goodness-of-fit Plots for Calibrating Attraction Rate by Fitting a Normal 

Distribution. 
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Figure 14 Goodness-of-fit Plots for Calibrating the Contribution Likelihood of Low 

Expertise Members by Fitting a Log-normal Distribution. 
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Figure 15 Goodness-of-fit Plots for Calibrating the Contribution Likelihood of 

Medium Expertise Members by Fitting a Log-normal Distribution. 
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Figure 16 Goodness-of-fit Plots for Calibrating the Contribution Likelihood of High 

Expertise Members by Fitting a Log-normal Distribution. 
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APPENDIX B 

Model Parameters and Values 

 

Table 7  

Model Parameters, Explanation, and Values 

Parameters Explanation Values 

Attration Rate (A) 
The number of new members joining the community 

in each time period. 

Randomly draw from a normal distribution with μ 

= 24.38 and σ = 10.35. 

Expertise (E) 

The indicator of an individual’s knowledge and 

experience of the subject matter, which ranges from 

0 to 1 and has three levels (low/mid/high). 

Low: 90% of the chance fall between (0, 0.33); 

Mid: 8% of the chance fall between (0.33, 0.66); 

Hi: 2% of the chance fall between (0.66, 1). 

Contribution 

Likelihood (CL) 

The likelihood of an individual submitting a message 

to the community platform, which ranges from 0 to 

1. 

Low: log-normal with μ = -4.59 and σ = 1.1; Mid: 

log-normal with μ = -4.17 and σ = 1.17; Hi: log-

normal with μ = -1.98 and σ = 1.12. 

Contribution 

Predilection (CP) 

The probability of an individual’s decision to submit 

a question to the community platform, which ranges 

from 0 to 1. 

Low: 90% of the chance to post a question; Mid: 

7% of the chance to post a question; Hi: 3% of the 

chance to post a question. 

Participation Cost 

(C) 

The time and effort needed to compose a message 

and submit it to the community platform.  

0.3 to post a question; 0.075 to post an answer 

Participation 

Benefit (B) 

The value derived from a solved question an 

individual is involved via asking the question or 

offering an answer. 

C + CL – CL2 
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APPENDIX C 

Computer Programs for Building the Agent-based Model 

As mentioned in Chapter 3, the agent-based model is implemented via Mesa (Masad & 

Kazil, 2015), which is an agent-based modeling framework in Python 3+.  In this section, a brief 

description of how the model is developed will be provided. The source code is available upon 

request.  

The simulation process contains two core classes: one for the overall model and the other 

for the agents. The model class holds the model-level attributes, manages the agents, and handles 

the outputs of the simulations. Each instantiation of the model class will be a specific simulation 

run. Each model will contain multiple agents, all of which are instantiations of the agent class. 

Specifically, there are two types of agents within the agent class: a community agent and 

community member agents. Each simulation run will have only one community agent, 

representing a Q&A community platform. The community agent can store a list of questions and 

the answers posted by the member agents, and it can also record the membership status of each 

member. Additionally, the community agent is initialized by specifying the design decisions 

being implemented (question routing and expertise indication) and execute corresponding 

functions.  

On the other hand, there are multiple member agents in each simulation run, representing 

the members participating in the community. Basically, each member agent is initiated by 

determining its expertise based on the calibrated probability distributions and it can record a list 

of questions it submitted to the community and a separate list for the replies it posted. 

Furthermore, a member agent can execute several functions to represent different activities in the 

community, including reading a question, posting a question or an answer, change the status of a 



77 

 

question to solved, and calculate participation costs and benefits. The list of a question a member 

agent will read depends on whether question routing is implemented; the way a member agent 

determines if a question is solved is based on whether expertise indication is employed. Each 

member agent will execute the functions in the following order: (1) change the status of the 

posted questions; (2) calculate benefits and costs; (3) read posts; and (4) write posts. 

Within the model class, each simulation run (i.e., running the model for multiple 

iterations) is initiated by creating a community agent, specifying the number of seed member 

agents, and create member agents according to the number. Moreover, at the beginning of each 

iteration, new member agents will be created, the number of which is drawn from the calibrated 

normal distribution. Then, member agents will perform a series of activities, which will further 

generate results for analysis.    

  



78 

 

APPENDIX D 

A Model with Variable Member Expertise 

 In this model, each member’s expertise is assumed to be variable based on their question 

answering behaviors. A member’s expertise will increase when the question they answered gets 

solved, and the amount of increase is based on the cumulative distribution function of a beta 

distribution (Beta(1.2, 1)). As shown in Figure 17, the x-axis represents the original expertise and 

the y-axis indicates the new expertise, and the amount of increase is the highest for members 

with a medium level of expertise (around 0.5).  

 

The simulation results of this model are very similar to the one with fixed members’ 

expertise, except the changes in member composition over time (shown in Figure 18, Figure 19, 

and Figure 20). As members’ expertise is variable, the proportion of high expertise members 

increases over time, especially when both design decisions, question routing and expertise 

 

Figure 17 Expertise Growth Curve 
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indication, are implemented. In general, the proportion of low expertise members decreases over 

time, except for the case when neither decision is implemented. In terms of the members with a 

medium level of expertise, when question routing is implemented, the proportion increases over 

time; on the other hand, the proportion decreases in the scenario where neither decision is 

implemented. The proportion remains stable when only expertise indication is implemented. 

 

 

Figure 18 Proportion of Low Expertise Members over the Simulation Period  

with Variable Expertise 

 



80 

 

 

 

 

Figure 19 Proportion of Medium Expertise Members over the Simulation Period  

with Variable Expertise 

 

 

Figure 20 Proportion of High Expertise Members over the Simulation Period  

with Variable Expertise 
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 Therefore, the results suggest that question routing particularly benefits low expertise 

members to become more experienced as these members are more likely to see questions that 

match their expertise level, making it easier for them to participate. In terms of expertise 

indication, it mainly helps questioners to identify the best answers, thus increasing the success 

rate. Although more questions being solved are also important for answerers to gain experience, 

the effect is relatively moderate compared to question routing.  
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